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Abstract 
 
 
This thesis examines the correlations and linkages between the stock and commodity in order 

to quantify the risk present for investors in financial market (stock and commodity) using the 

Value at Risk measure. The risk assessed in this thesis is losses on investments in stock 

(S&P500) and commodity (gold prices). The structure of this thesis is based on three empirical 

chapters. We emphasise the focus by acknowledging the risk factor which is the non-stop fluc-

tuation in the prices of  commodity and stock prices. The thesis starts by measuring volatility, 

then dependence which is the correlation and lastly measure the expected shortfalls and Value 

at risk (VaR).  The research focuses on mitigating the risk using VaR measures and assessing 

the use of the volatility measures such as ARCH and GARCH and basic VaR calculations, we 

also measured the correlation using the Copula method. Since, the measures of volatility meth-

ods have limitations that they can measure single security at a time, the second empirical chap-

ter measures the interdependence of stock and commodity (S&P500 and Gold Price Index) by 

investigating the risk transmission involved in investing in any of them and whether the ups 

and downs in the prices of one effect the prices of the other using the Time Varying copula 

method. Lastly, the third empirical chapter which is the last chapter, investigates the expected 

shortfalls and Value at Risk (VaR) between the S&P500 and Gold prices Index using the ES-

VaR method proposed by Patton, Ziegel and Chen (2018). Volatility is considered to be the 

most popular and traditional measure of risk. For which we have used ARCH and GARCH 

model in our first empirical chapter. However, the problem with volatility is that it does not 

take into account the direction of an investments’ movement: volatility of stocks is that they 

suddenly jump higher and investors are not distressed with gains. When we talk about investors 

for them the risk is about the odds of losing money, after my research and findings VaR is 

based on the common-sense fact. Hence, investors care about the odds of big losses, VaR an-

swers the question, what is my worst-case scenario? Or simply how much I could lose in a 
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really bad month? The results of the thesis demonstrated that measuring volatility (ARCH 

GARCH)  alone was not sufficient in measuring the risk involved in an investment therefore  

methodologies such as correlation and VAR demonstrates better results. In terms of measuring 

the interdependence, the Time Varying Copula is used since the dynamic structure of the de-

pendence between the data can be  modelled by allowing either the copula function or the 

dependence parameter to be time varying. Lastly, hybrid model further demonstrates the aver-

age return on a risky asset for which Expected Shortfall (ES) along with some quantile depend-

ence and VaR (Value at risk) is utilised. Basel III Accord which is applied in coming years till 

2019 focuses more on ES unlike VaR, hence there is little existing work on modelling ES. The 

thesis focused on the results from the model of Patton, Ziegel and Chen (2018) which is based 

on the statistical decision theory. Patton, Ziegel and Chen (2018), overcame the problem of 

elicitability for ES by using ES and VaR jointly and propose the new dynamic model of risk 

measure. This research adds to the contribution of knowledge that measuring risk by using 

volatility is not enough for measuring risk, interdependence helps in measuring the dependency 

of one variable over the other and estimations and inference methods proposed by Patton, 

Ziegel and Chen (2018) using simulations proposed in ES-VaR model further concludes that 

ARCH and GARCH or other rolling window models are not enough for determining the risk 

forecasts. The results suggest, in first empirical chapter we see volatility between Gold prices 

and S&P500. The second empirical chapter results suggest conditional dependence of the two 

indexes is strongly time varying. The correlation between the stock is high before 2008. The 

results further displayed slight stronger bivariate upper tail, which signifies that the conditional 

dependence of the indexes is influence by positive shocks. The last empirical chapter findings 

proposed that measuring forecasts using ES-Var model proposed by Patton, Ziegel and Chen 

(2018) does outer perform forecasts based on univariate GARCH model. Investors want to 
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protect themselves from high losses and ES-VaR model discussed in last chapter would cer-

tainly help them to manage their funds properly.    
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Chapter 1 

Introduction 

1.1  Inspiration 
 
The thesis aims at examining the risk measurement and interdependence between the S&P500 

and Gold Price index, over the period 1st of January 1992 to 1st of January 2020. The main 

models of volatility, risk measurement and interdependence named ARCH, GARCH, VaR cal-

culations, Copula Quantile Approach (CQA) and ES-VaR has been utilised. Two segments have 

been contributed to regarding the progression of the academic exploration regarding risk meas-

urement and interdependence of S&P500 and Gold Price Index. The initial segment has high-

lighted the risk measurement methods along with reliance on indices of expected volatility. 

This has permitted us to measure the expected volatility including current and historical vola-

tility such as the GARCH-based methods and realised volatilities of observed cases. Such pro-

cesses are of high significance to the market operative who have gained greater interest in 

cross-market implications involving fear proxies including the indices of volatility (Bouri et 

al., 2017, 2018; Badshah, 2018; Ji et al., 2018).  The second segment has evaluated the CQA 

along with Copula approach which has assisted in assessing the non-linearity in the diversified 

quantiles-based relationships as well as the extreme and moderate tail dependence scenario. 

Variations have been observed in differential quantiles of the heterogeneous relationship of 

S&P500 and Gold Price Index concerning tail dependencies in the respective markets. The 

segment also takes into account the measurement of risk using the ES-VaR model. The model 

measures the expected shortfalls and Value-at-risk. Value-at-Risk (VaR) represents the maxi-

mum loss in normal market condition during the certain time period at a confidence level (Ben-

ninga and Wiener, 1998).  In other words, VaR is tolerated the loss while expected shortfall 

(ES) may take account of a maximum loss. Expected shortfall refers to conditional VaR (cVaR) 

that is a statistic to be used to measure tail risk (NorthstarRisk, 2022). VaR model has some 

problems when there is extreme movement in price however, in order to solve the problem 

inherent, Artzner et al (1997, 1999) suggest the expected shortfall (Yamai, Y and Yoshiba, 

2002). ES can be used to measure coherent risk and its value is greater than VaR (Rohmawati 

and Syuhada, 2015). According to Rockafellar and Uryasev (2000). They predict the smallest 

of ES can result in the best solution of the VaR due to no excess of ES. The examinations 

performed in this study have added to previous studies which had the following characteristics: 
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1: Have relied on the data of returns/prices on silver and gold without taking into account the 

volatility and risk measurement together (Hammoudeh et al., 2010 Hammoudeh and Yuan, 

2008; Sari et al., 2009; Sensoy, 2013; Reboredo and Ugolini, 2015; Pierdzioch et al., 2015; 

Zhu et al., 2016; Zhu et al., 2016, 2016; Bhatia et al., 2018; Schweikert, 2018).  

2: Have employed standardised models including error correction model (ECM), linear quan-

tile regression, vector autoregression (VAR) and GARCH models (Hammoudeh et al., 2010; 

Sari et al., 2009; Sensoy, 2013; Lau et al., 2017; Bhatia et al., 2018). These do not account for 

the upper, middle and lower quantiles, tail dependency and ES-VaR model. This study will 

apply ARCH, GARCH, copula and ES-VaR model to measure the volatility, risk and interde-

pendence.  

 

The implications of this examination are efficacious for the risk managers and investors re-

garding implications of policies. This is particularly significant concerning the expanding de-

mand for stock and commodities of indices of volatility which are utilised as portfolio diversi-

fication instruments and as tools for hedging against the catastrophic or tail events. Computa-

tional finance-based practitioners could exploit the empirical analyses of ours through devel-

opment of strategic trading policies which could be quantile and tail dependent.  

  

The effects of such strategies could be the successful avoidance of loss potentialities of 

S&P500 and Gold Price Index as well as the accounting of the heterogeneity of such markets. 

Such loss probabilities emerge from the inaccurate perception that S&P500 and Gold Price 

Index imply homogeneity. The analyses performed by us have been demonstrative of the ex-

istence of extreme asymmetric tail dependence in various upper and lower quantiles. The vol-

atility of S&P500 on that of Gold Price Index regarding particular quantiles and systems of 

cross volatility have been effectively documented in terms of predictability and this has been 

unprecedented. This has been an effective extension to the previous studies. 

 

VaR-based risk management systems contribute to increase financial stability, the empirical 

models of VaR gives the investors the opportunity to measure the risk and mitigate the loss in 

times of turmoil. The main message to be extracted from this thesis is that risk managers and 

regulators must be aware of the exogenous risk1 and endogenous risk and the dynamics 

 
1 The exogenous risk these are the shocks which come outside of the financial system) – examples can be if an 
asteroid hit the earth- and endogenous risk (which is the interaction of market participants, each with their own 
biases, prejudices, abilities and resources) systematic risk is an example of endogenous risk.  
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potentially induced by the investments in financial markets and by VaR models, how these 

risks can be mitigated and act to address them. We have taken VaR incorporation with Volatility, 

Copula and ES-VaR method to measure the volatility, asymmetric dependence and estimated 

the expected shortfalls using the data of S&P500 and Gold prices index. This research has been 

carried out using the ARCH AGRCH, copula method and ES-VaR on the data of S&P500 and 

Gold price index for the analysis. Risk management systems should be combined with other 

types of measures, such as basic VaR and Copula VaR estimations.  In any case, the adequacy 

of financial enhancement methodologies in investment is to date ineffectively examined (see 

Larsen et al., 2015). To address this, we particularly require investment dependent countries 

(e.g., US), this considers points to explore the utility of financial expansion in stock admin-

istration of investing, a critical portfolio management for investment (Murray and Brennan, 

2009).  

 

At present, numerous entities conduct these tests which are used in these thesis, ARCH 

GARCH is also used but they only focus on the individual institution and analyse if the entity, 

considered in isolation, would be able to withstand a shock; ARCH GARCH do not contem-

plate the fact that entities react to the shock and this has a ripple effect on other institutions the 

fragility of some stocks can be transmitted to others – and those institutions that could not stand 

the initial shock can end up failing. The beneficiaries of this study are the investors or the 

stakeholders of S&P500 and Commodity Index. This thesis is very informative and interesting 

for the risk management experts. However, this research will not only be beneficial for just the 

mentioned investors or researchers but will also give the opportunity for other research body 

institutions to take this research further. The essence that the data (S&P500 and Gold prices) 

used in this research has been used in few prior researches carried out in the field of value at 

risk (risk-management) dated till now.  

 

1.2 Rationale behind choosing Gold prices and S&P500 
 
The stock markets are in a constant change. It becomes as a determination for businesses, how 

they act, in terms of price setting, investing and competition. By always assessing, new com-

petitive advantages, investments, new commodities, or values of stocks and commodities will 

help the investors and financial regulators to adjust in the constantly changing complex global 

markets.  
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1.2.1 Gold prices as a commodity 
 
Gold plays an instrumental role in the global economy both as a high-value consumer good 

and an investment asset. In examining the centrality of gold in the global economy, World Gold 

Council (2021) found that gold remains the most effective commodity in an investment port-

folio because of six unique characteristics. These attributes include high liquidity, a proven 

store of value, lower volatility, ability to outperform other commodities during periods of in-

flation, its higher capability for diversifying investment than other commodities, and its ability 

to deliver higher absolute and risk-adjusted returns over multiple time horizons than other com-

modities. As a liquid asset, gold can easily be exchanged for cash in physical commodity mar-

kets and gold-backed markets such as exchange-traded funds (ETFs). In periods of economic 

fortune, consumer expenditure on gold-based jewellery tends to increase. Secondly, gold incurs 

fewer storage costs, making gold futures less expensive than futures contracts on other com-

modities like oil that carry extremely high storage costs. McKay and Peters (2017) attribute the 

lower storage costs to its resistance to corrosion and oxidation. 

 

Generally, less volatile than a most commodity and stock indices, gold makes an investment 

portfolio more stable and generates higher returns. Gold registers positive returns under both 

moderate and high inflation periods, while other commodities and stock prices register negative 

returns. Balcilar et al. (2019) and Hung (2022) share these sentiments while examining the 

linkages among financial assets. The findings revealed that the S&P 500 (an index showing the 

stock prices performance of the top 500 companies) index and crude oil are net transmitters of 

return spillovers, while gold is a net receiver. In contrast, gold is a net transmitter of volatility 

during crises, making it a safe haven asset.  

 

Gold has always been a very demanding commodity all over the world. When the demand for 

gold increases, the price of gold as a commodity also increases. Prices of a huge number of 

commodities are dependent upon the price of gold (Alareeni and Hamdan, 2020). In addition 

to this, the steady characteristics of gold make itself a commodity that can be compared to 

currency. This is the reason; gold can be used as a source to hedge inflation and it always holds 

a significant value.  Gold is something that is diversified all over the world than other com-

modities. It has the capability to influence the price rates of other commodities. 
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Lastly, the superior performance of gold over other commodity and stock indices makes it a 

suitable diversification asset to mitigate against systemic risk. For instance, gold has a positive 

correlation to stocks in periods of economic growth but a negative correlation to stocks in 

periods of economic downturns when investors dispose of risky stock assets. Other studies that 

have examined the investment role of gold have drawn the same conclusions. Šoja (2019), for 

instance, examined the effectiveness of a gold investment portfolio and found that gold does 

not carry counterparty or credit risk, nor does it lose value during financial crises – attributes 

that drive its inclusion in investment portfolios. In calculating the proportion of gold needed to 

reduce a portfolio’s risk, the study recommended a 93.3% bond, 5.7% shares, and 1% gold 

portfolio for a risk-averse investor. on the contrary, a risk-taker will include a bigger share of 

gold in the portfolio. 

 

Similarly, Shakil et al. (2018) sought to determine whether gold is a hedge (asset classes with 

negative correlation to another asset on average) or a haven (asset or portfolio with negative 

correlation in times of market crisis) using the autoregressive distributed lag model ARDL ap-

proach. After conducting relevant monthly time series analyses, the study found that gold is a 

hedge asset for mitigating against portfolio and inflation risks since it is not affected by the 

consumer prices index (CPI). Overall, the findings from these studies reiterate the prominence 

of gold in the stabilization of the global economy and currency markets. As a commodity the 

product is up for trade, commerce and is not considered as a service. Being interchangeable 

can be traded for money or other commodities or services. In this way it can be argued that it 

can be seen as a currency. Have in mind it can be used in production for services or products. 

Many banks, governments or financial organizations keep gold stocked in the means of future 

trade, wealth or as an investment (Jewellery Quarter Bullion Ltd, 2022).  

 

As said, gold is for trading and wealth, but it is also kept as a safety. Due to the limitation of 

supply, and slow degree of change in value, it is a safety in inflation of other factors. The 

ownership will in an inflation where the value of a currency diminishes be a confidence to stay 

valuable in a weak economic environment as the demand increases. (Gallagher, 2020) 

1.2.2 S&P 500 
 
This is a stock market index in the United States, where a committee select businesses from 

specified criteria’s to be included in the index. With reviewing the market capitalization of the 

corporations, the total value of all shares of stock a company publicized is then calculated and 
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the market cap is found. The importance is that the index is a way to get an insight in the 

economy of United States, and for investors be see if investing would have a positive means-

end (Amadeo, 2022). It is the one that regulates if the stock market goes up or down (Daks, 

2021).   

 

1.2.3 Importance of Gold Prices and S&P 500 
 
 
In terms of the S&P 500, the relation between the gold price and Standard and Poor’s 500 is 

negatively related to each other (Ritala et al., 2018). It has been found with the increase when 

the price of gold goes up, stocks go down and vice versa. However, this relationship between 

the gold price and S&P 500 has been debated for a long time now.  

Gold as a commodity, according to new research, may be advantageous to build a portfolio 

with the stock market since it may be used as a hedge and diversifier in a range of scenarios. 

According to the World Gold Council, gold is the most popular precious metal among investors 

since it is the most accessible precious metal market information.  

 

In 2010, after years of debate, the first comprehensive definition of hedging, which was based 

on asset correlation, was finally released. For the first and only time in history, the phrases 

"hedge" and "safe haven" were used to refer to financial assets, marking a watershed moment 

in history (uncorrelated). Another indication of this tendency is the low price of secure real 

estate, which has reached an all-time low and is on the verge of being extinct. It is vital in the 

explanations of how and why "extreme occurrences" occur at the extremities of distributions 

that linear correlation be used in these theories' explanations of how and why "extreme occur-

rences" (Gürgün and Ünalmış, 2014).   

 

 As can be seen in the accompanying image, they used a bivariate VAR-GARCH model to 

analyse their data to arrive at their conclusions. As a consequence of these considerations, they 

came to the conclusion that gold's low volatility and high rate of return may be beneficial in 

the revival of China's stock market (Wang, 2021).  

 

In 2013, a group of researchers observed that there was a link between the Shanghai Composite 

Index and stock indexes for gold mining businesses, and they published their results in the 

Economic Journal in 2013. Shen et al., 2020 observed that bivariate copula GARCH models 



 20 

were statistically significant when compared to other models. In many cases, the price of gold 

is inversely proportionate to the return on an investment in the stock market.  

 

Using data from the gold market and the Indian industrial sector, Kumar (2014) performed an 

analysis that was published in 2014. The findings of this study suggest that gold is an advanta-

geous investment since it boosts risk-adjusted returns while also offering security against vol-

atile markets and rising prices at the same time, so increasing overall returns.  

 

If precious metals are compared to stock markets, in certain nations they are more stable, whilst 

in others, the contrary is true. It is possible, according to the authors, to use any metal to reduce 

the risk associated with investing in the stock market. According to the authors, any metal may 

be used to reduce the risk associated with investing in the stock market (Bauer and McDermott, 

2010). The authors of Baur and McDermott (2010) state that any metal may be utilised as a 

hedge against the risks associated with investing in the stock market (2010).  

 

A study carried out by Klein (2017) from January to December 2016 examines how metals are 

priced and how new markets are developing in the United States. Unlike other assets, gold and 

silver are considered permanent assets using the DCC-GARCH model, which means that they 

cannot be swapped as other assets may be. Because of its extreme volatility, platinum has tra-

ditionally been seen as a short-term safe-haven asset; however, this has altered in recent years.  

Using research carried out by He et al. (2018) it was revealed that gold is seen as a safe haven 

asset, regardless of whether one is in the United Kingdom or the United States of America (He, 

O'Connor and Thijssen, 2018). Contrary to popular belief, however, gold is not the only haven 

for stock markets in either the United Kingdom or the United States, despite the fact that it is 

often used in that capacity (Capital asset pricing model). With the support of other experts, 

Dutta et al. (2021) did study on the risk-hedging capacities of commodities such as gold and 

oil, among other topics. Because gold is utilised as a hedging tool in the stock market, it has a 

major advantage over oil in terms of value.  

 

Stock exchanges around the world have proven that commodities, particularly precious metals, 

are effective risk-hedging and diversification techniques, with different stock exchanges 

around the world demonstrating the greatest success. The stock market in the United States has 

proven to be the most successful, with the stock market in the United Kingdom being the sec-

ond most successful. Gold and other precious metals, according to data, are ideal safe-haven 
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investments for investors in both developed and emerging stock markets (Alqaralleh and 

Canepa, 2022). 

 

1.2.4 Gold is an important commodity 
 
Gold is a very special and valuable commodity from Egyptian times, and it has been considered 

the symbolic value for humanity. In ancient times gold was used as a medium for exchange. 

Gold is a valuable and demanding commodity, and its market value always fluctuates (Yil-

mazkuday, 2021). It is a luxury commodity. The way it is mined, its metallic qualities, and its 

lustrous quality made it valuable and costly. It is an important commodity, especially for India 

because the price of other products of India are based on the price of gold. Gold is considered 

a commodity with several unique qualities which can be used for different purposes (Ma et al., 

2019). This is the reason behind the necessity of investors to hold gold in their portfolios. Gold 

holds a good position in the monetary economy. 

1.2.5 Importance of the S&P 500 
 
S&P 500 is important and a good source for investors because when it is bought in a single 

security, diversified benefits can be achieved immediately. This helps in spreading out the risk 

of investment over different sizes and different types of industries (Alareeni and Hamdan, 

2020). This benefit helps investors to play safely in the marketplace.  

1.2.6 Measuring risk in commodity and stock markets 
 
Risks in the commodity and stock markets can be measured with the help of five distinct 

measures that are Sharpe ratio, beta, alpha, standard deviation, and R-squared. Each of these 

measures can either be used individually or also together. The process of risk assessment in the 

stock market becomes a lot easier with the help of these measures (Wu et al., 2017). At the time 

of comparing two or more investments, these measures can be used to analyse the potential 

risks of each of the investments. The risks that are related to the market or risks related to the 

index of a particular benchmark can be calculated with the help of alpha. Systematic risks can 

be assessed through beta. R-squared can be used to calculate risks related to expect and actual 

movements of investment (Ritala et al., 2018). Standard deviation and Sharpe ratio are the two 

measures that can be used to assess risks in terms of the mean value of the set of data and 

calculation ROI (Return on Investment) of risk-free investments. 
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1.2.7 Measurement of risk  
 
Measuring risk is a key factor for a business and its performance. The price volatility in the 

markets can be measured with risk management, given a holistic overview by analysing the 

business across the ecosystem and segments of consumers. This can be done by calculation of 

commodity exposure, how the prices would affect the business aligned with financials within 

and securing it with options as due to action performed. (Oliver Wyman, 2021)  

According to Carlozo (2018), the value investors are willing to trade the S&P500 because born 

as an index the risks are minimised as it consists of the top 500 companies in the US. Periodi-

cally, the index is updated to insert the companies that have performed very well and eliminate 

those that have not carried out a good performance, so even if a company is making big losses, 

the investors can still be in profit because the other companies may be hiking, so there is good 

diversification of risks. Boyle (2021), explain how the gold price can change daily, and an 

important point is made based on the demand for jewellery, the production of gold, both are 

analysed as demand and supply, then the reserve that a central bank has in order to be a credible 

country, also the value of the currencies and last but not least the volatility of the markets. 

Different studies show that the price of gold is negatively correlated with the US equity market 

during the recessions period, that is because investors feel more comfortable buying commod-

ities that are more tangible and the value will depreciate with less probability (Junttila et al,. 

2018). However, the gold market is all across the world and companies that produce gold will 

only deliver a small fraction of annual worldwide demand, so the potential effect of the move-

ment in the gold price and the market value of the company, and vice versa, may be non-linear 

and may, moreover, differ widely across gold companies, since they have different market 

shares and so implement different risk management strategies to protect revenues against gold 

price changes (Reboredo and Ugolini, 2017). Empirical evidence of risks between the gold 

price and S&P500 appear that investors can use gold as a substitute for stocks to hedge them-

selves against inflation as in the short-run the volatility of gold price has no impact over the 

S&P500, so for the short-run investors are not impacted, but for the long-run, this volatility 

can strike investors as the 14% of the S&P500 is made of materials and energy (Gokmenoglu 

and Fazlollahi, 2015). 

Commodity risk is also aligned with the risk measurement of stock market in addition to stock 

prices and interest- and exchange rate. The volatility of prices and changes in markets which 

has exposure the risk assessment comes from identifying them and representing them as a 
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model in portfolios. They provide information processed from financial elements. Data such 

as previous prices and rates (CFA Institute, 2022). In addition, changes from different market 

factors also play a role in, but monitoring inflation, happenings and rates will give businesses 

and investors information to assess the risks. A method to use is the VaR method, value- at-

risk, which measures by a statistical method. Calculations of loss that will happen from a stock 

or portfolio and the probability. It uses price units or a percentage in the calculations. (Finance 

Management, 2022).  

Gold has a special place of actual and symbolic importance for humans since ancient civiliza-

tions, from the Egyptians to the Inca. In addition, gold has been utilised as a medium of com-

merce, a store of wealth, expensive jewellery and other artefacts. For thousands of years, gold 

has been used to create decorative artefacts and excellent jewellery. Mineral wealth is often 

more extensively scattered over the globe than many industrial metals, and come in a broad 

range of shapes and sizes, ranging from huge and complex quartz-pebble conglomerate depos-

its to secondary alluvial deposits near the surface. While the former can only be mined by large 

corporations with a lot of money, the latter may be mined with little money and infrastructure, 

making it available to lesser players (Verbrugge and Geenen, 2019). 

Financial markets have grown significantly in recent decades as a result of the creation of new 

novel financial instruments. The riskiness of underlying assets has increased as a result of the 

massive growth in financial markets, forcing investors to seek out a safe haven investment. 

Gold, the most widely held precious metal, has long served as a primary store of wealth against 

inflation and volatile investments. Traditional thinking is that gold has always been a secure 

investment option for people throughout history, and this concept still holds true now (Balcilar 

et al., 2021). The gold price can be influenced by different factors one of them is S&P 500. 

The Standard and Poor 500 index (S&P 500) is widely regarded as a key benchmark index for 

the stock market. The index, which is made up of 500 large-cap businesses from a variety of 

industries, captures the pulse of the American corporate economy (Bennett, B. et el 2020).  S&P 

500 is a market capitalization-weighted index of the 500 largest publicly traded firms in the 

United States. The index is largely recognised as the most accurate indicator of large-cap U.S. 

stocks (Kieu et al., 2021). In both normal times and during stock market crises, gold and the 

S&P500 do not move in lockstep. As a result, gold is a poor hedge and a poor safe haven. Gold 

returns in the lower quantiles are inversely associated to positive S&P500 returns, while the 

upper quantiles are inversely related. The relationship between gold returns and moderately 
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negative S&P500 returns, on the other hand, is positive at lower quantiles and negative at 

higher quantiles. This shows that changes in the price of gold are amplified by contemporane-

ous stock returns under severe conditions, as seen by the lower and upper conditional quantiles. 

Surprisingly, a negative shock in equities prices has little effect on gold return quantiles (Kuck, 

2021).  

Value-at-risk (VaR) is a statistical method for estimating the possible losses that an asset, port-

folio, or company could suffer over time. Mean-variance analysis is used in the parametric 

approach to VaR to predict future events based on prior experience. It is being used to identify 

spillover patterns, cycles, and bursts in returns or return volatilities (or, for that matter, any 

return characteristic of interest) across individual assets, asset portfolios, asset markets, and so 

on, both within and beyond countries (Khalfaoui et al., 2022) 

The economy is now so complex and integrated cross over, the knowledge on what and how to 

work a business with a positive outcome is key. By assessing risks and analysing, businesses 

will be more survivable. Commodities, such as gold, has become important to become secure 

in the constant change of market. The risk will always be there but knowing how to assess it 

and base the decision of it, is a necessity nowadays. Gold prices can be a good commodity 

during recession period compared to stocks, but however, considering the diversification of the 

S&P500, it can be argued that over the long run this index can be very profitable and less risky 

than commodities, which are more volatile because of the supply and demand adjustments and 

also gold mining company can be also in losses despite the gold price movements, moreover 

the reserve of central banks and the currencies play an important role on the gold price, while 

S&P500 have less volatility. 

1.3 Relevance of Time Period 1992 to 2020  
 
The relevance of this time period 1992 to 2020 is quite vital for this research. As, we have tried 

to analyse the volatility, interdependence and expected shortfall along with Value at risk during 

all times. The reason for choosing the extensive time period is to have a solid data analysis 

with good findings. In order to stress upon the fact of the relevance of the time period we have 

discussed the time intervals below:  

1.3.1 Early 1990s Recession 
 
The Early 1990s Recession lasted from July 1990 to March 1991. Despite being relatively 

short-lived and mild, its impacts were quite vital. Following the collapse of the savings-and-
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loan industry in the mid-1980s and the United States Federal Reserve raising interest rates in 

the late 1980s, this recession was caused by Iraq's invasion of Kuwait in the summer of 1990. 

This event increased the global price of oil, lowered consumer confidence, and exacerbated an 

already existing downturn (The Recession of the Early 1990s, 2015).  

1.3.2 Dot-com Bubble 

The Dot-com Bubble arose from a surge in investments in anything related to the Internet, as 

well as other technological stocks, in the 1990s. Several new firms arose during this time, the 

great majority of which failed to make a profit. Over an 18-month period, the Nasdaq index 

tripled in value, peaking in March 2000. That same index, however, had lost more than half of 

its value by the end of the second millennium's last year when the bubble eventually burst and 

would not survive until 2015 (Williams, 2022). 

Enormous amount of venture cash was invested into computer and Internet firms, and investors 

continued to buy shares in these businesses on the premise that they would succeed. When 

these firms ran out of cash and new funding sources stopped up, the euphoria turned to panic. 

Between March and October 2002, the ensuing crash wiped approximately $5 trillion in value 

in the technology sector (Williams, 2022). 

1.3.3 U. S. Bear Market of 2007–2009 
 

The bear market lasted from 2007 to 2009, with a 1.5-month bull market near the conclu-

sion. The S&P 500 index dropped by 51.9%. While this isn't a true stock market crash 

because of the length of the slide, the magnitude of the losses makes it worth highlighting 

(Quiggin, 2011). 

1.3.4 Financial Crisis of 2007–08 

The Financial Crisis of 2007–08, also known as the Subprime Mortgage Crisis, resulted from 

the collapse of the US housing market, and contributed to the Great Recession. Prior to the 

crisis, the Fed slowly raised the federal funds rate from 1.25% to 5.25%, leading to an increase 

in the number of subprime borrowers defaulting. When the resulting housing bubble burst, it 

set off a chain reaction that prompted even huge financial institutions to sell hedge funds in-

vesting in mortgage-backed securities, apply for government loans, merge with healthier cor-

porations, or claim bankruptcy (Brian, 2019). 
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By 2008, the US Treasury Department had no choice but to nationalize Fannie Mae and Freddie 

Mac, the country's two largest mortgage lenders, in order to prevent their collapse. Later that 

year, Lehman Brothers, an investment firm, declared the largest bankruptcy in US history. The 

US government authorized a rescue plan in October 2008 in order to protect the financial sys-

tem and foster economic growth in the United States. The economy had finally started to revive 

by mid-2009 (Brian, 2019). 

1.3.5 2010 Flash crash 
 
During the 36 minutes, the price of the S&P 500, the Nasdaq 100, and the Russell 2000 rapidly 

dropped and rose on 6 May 2010. According to the Dow Jones Industrial Average, roughly $1 

trillion of market cap disappeared. Even though 70% of the share price could recoup by end of 

the trading day. In September 2010, the SEC and CFTC found that the numerous E-MINI S&P 

500 future trading, illegal trading, and when the stock started to plunge, the electronic liquidity 

provider offer the price. This could lead to the Flash Crash (Brian, 2019). 

1.3.6 August 2011 Stock Markets Fall 
 
the U.S economy weakened and Investors who are unwilling and not confident increased by 

expending debt crisis in Europe. It Resulted in fall U.S and global stock markets. In the event 

of impasse, Standard & Poor’s of the three most significant rating agencies gave the U.S a 

credit downgrade for the first time in history. Although the political matter solved however, the 

nation’s finance of requirement has not reached the agreement of the S&P agency (Wearden 

and Batty, 2011). 

1.3.7 2015-16 stock market selloff 
 
The 2015-16 stock market selloff means that one year starting June 2015 shows the global 

selloff. According to the DJIA, it decreased 530.94 (3.1%) in August 2015. In the beginning, 

the market fluctuated in China. However, China could not be only blame for the crisis. China 

has been in turmoil and there is also crisis over the world such as a fall in petrol price, the 

Brexit vote, and end of quantitative easing in the U.S. in these tough situations, investors have 

been selling shares broadly (Williams, 2022). The U.S stock market is worth to watch because 

these have an impact on U.S stock market and the other countries such as China (Corbet, 

Dowling and Cummins, 2015). 



 27 

1.3.8 2020 Coronavirus Stock Market Crash 

There was a current the U.S stock market crash that happened due to the COVID-19 pandemic. 

On 16 March, the trading stopped many times in a day because it was all of a sudden and 

volatile. In the U.S. the DJAS fell the share price approximately 37% and NYSE trading halted 

multiple times. There were more serious impacts on transportation due to travel restrictions to 

prevent the spread of COVID -19 like cruise company, airlines (Mazur et al., 2021). 

While the pandemic continues, there are some positive changes in stock market. As result of 

rapid implement with Fed, the Treasury Department and Congress. When the crisis begins, they 

implement a new scheme such as cutting interest rates, new lending programs, stimulus checks, 

and approving supplemental unemployment benefits simultaneously. It resulted in the stock 

market started to increase and the S&P 500 hit highest record again on 18 August. The DJAS 

hit over 30,000 for the first time on 24 November (Mazur et al., 2021). 

Though the time period did not take into account the full year of 2020 but the purpose of 

providing the relevance of the time period selected is that we have also touched upon the start 

of the pandemic from 2019. However, the thesis is specifically not emphasising on the pan-

demic. The thesis takes into account the data from 1992 to 2020 to measure volatility, interde-

pendence and ES-VaR so as to provide investors, regulators, financial analyst and policy mak-

ers with information that would help them in financial decision making.   

1.4 Aims and Objectives of the Thesis 
 
1.4.1 Research Objectives  

The overall objective of the thesis is to assess the volatility, interdependence and risk factor 

using risk measurement that is Value at Risk (VaR), volatility measure ARCH and GARCH and 

Interdependence using time series copula of S&P500 and Gold price indexes in order to know 

the determinants that are necessary for many investment companies and fund managers invest-

ment in securities whose values are associated with the index value, these securities are known 

as index fund. An “index fund” is a type of mutual fund or exchange-traded fund that seeks to 

track the returns of a market index. The major component is the to access different methods of 

computing volatility, interdependence and VaR associated with index fund that is linked with 

the S&P500 and Gold Price index. The thesis aims to evaluate the Goodness-of-Fit (GoF) for 

two risk measures: value-at-risk and Expected Shortfall on gold prices and S&P500. This will 
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be achieved by first applying a two-step estimation method using ARCH GARCH, Constant 

copula, Time Varying Copula and then use empirical distributions of simulated returns to esti-

mate the VaR and ES measure. We will also check the accuracy of the proposed methods using 

different approaches such as bootstrap, simulations and GoF. Whereas, S&P00 index and Gold 

Price Index has been chosen as the main financial institution for the research. 

1.4.2 Aims  
 

1. Aim of Chapter 2 is: To measure volatility of S&P500 and Gold Price Index in order to 

examine the significance of volatility?  

2. Aim of Chapter 3 is: To identify the interdependence between S&P500 and Gold Price 

Index.  

3. Aim of Chapter 4 is: to measure risk and expected shortfall between S&P500 and Gold 

Price Index.  

1.5  Research Questions  

This research basically measures the volatility, correlation, value at risk and expected shortfalls 

of a commodity and stock to determine the relevance of risk measurement and correlation for 

financial investors. In order to determine the relevance of risk we prepared the thesis using the 

VaR model approach, comprising of 3 empirical chapters. We commenced by using some basic 

volatility and risk calculating methods such as the ARCH GARCH, and basic VaR calculations, 

this basically helps in determining the factors that are important for mitigating the risk in cer-

tain time frame when some variables are kept constant. We have also accessed that although 

volatility is widely used for measuring risk but it is not effective alone in measuring risk be-

cause of which we used value at risk. We further used advance measurement of Time Varying 

Copula along with Goodness of fit and bootstrap methods. This helped us in determining the 

correlation of the indexes.  Lastly, we use the ES-VaR model for determining the Value at Risk 

and Expected Shortfalls in both S&P500 and Gold Price Index. This thesis focuses on long 

time period data which covers the crisis time as well. Keeping the general objectives in mind, 

we aim on answering vital research questions mentioned below for a systematic descriptive 

approach to assess the correlations and the linkages between Commodity and Stocks using 

VaR.  
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A. Our research question for chapter 2 is: What are the different kinds of volatility measures? 

How volatility is effective in measuring risk? What is the volatility of S&P500 and Gold 

Price Index? Why volatility alone is not a good indicator of risk?   

i. The questions will be explained by using univariate volatility and some risk 

measures ARCH GARCH, VaR calculation, Historic VaR and Expected Shortfall 

models.  

Overall, this chapter estimates volatility and risk using  measures methods (ARCH GARCH, 

VaR, Historic VaR and Expected Shortfall) for Gold price Index and S&P500.   

B. In chapter 3, we will be determining the existence of time varying behaviour  in the time 

series of S&P500 and Gold Price index of the estimated parameter. Bearing this in mind 

we will aim at answering the following questions for chapter 3 through the measurement 

of examination: Does the prices of S&P500 depends on the changes in the prices of Gold 

price? What is the correlation between the two indexes? Will sudden rises during different 

time intervals will affect either of the indexes? How independent are both indexes? Which 

market is safer choice for investing in for a profitable gain using the Time Varying copula?  

i. The relationship between S&P500 and Gold price index will be assessed from the 

use of the descriptive data measured in the beginning. The kurtosis will determine 

the sharpness of the peaks and will answer the thin tail or fat tails of the stocks and 

indexes used. The shocks in prices of either of the indexes and their interdependence 

will be assessed through Time Varying Copula method proposed by Sklar (1959). 

Risk importance will be determined through the theoretical aspect of the Copula 

model.  

ii. The chapter aims to provide all clear aspects in a systematic manner by using the 

goodness of fit, which will further determine the efficiency of the model as well. 

The Time Varying copula will determine the interdependence of both indexes.  

Hence, an econometric Copula model proposed by Patton (2013) will be adopted and is applied 

to measure the asymmetric conditional dependence for Gold Price Index and S&P500. 

C. After assessing the factors of VaR using Time Varying Copula, we investigated that the 

model will be more useful when used with advanced ES-VaR model proposed by Patton, 

Ziegel and Chen (2018). This raises further questions like: How does ES-VaR relate to 
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investors’ risk management? What is the effectiveness of value-at-risk (VaR) and Expected 

Shortfall (ES) in measuring the uncertainty involved in Gold prices and S&P500?  

i. After the use of the Time Varying Copula and the model proposed by Patton (2013) 

we have assessed the relationship between the indexes. The Goodness of fit further 

explained the clarity of the results and the model. After determining this we will use 

the ES-VaR model proposed by Patton, Ziegel and Chen (2018) which will answer 

the effectiveness of VaR and ES in order to measure the uncertainty involved in the 

indexes.  

Therefore, we will use ES-VaR Model proposed by Patton, Ziegel and Chen (2018) and 

apply that model for VaR and Expected Shortfall estimation.  

1.6  Synopsis of the Thesis 
The market risk refers to the chance of financial loss due to the joint movement of systematic 

financial variables such as interest and exchange rates. Market risk refers to a risk of losses that 

is shows the adverse price movement of liquid financial instruments. Companies are more 

likely to become exposed to market risk. Market risk includes interest rate risk, foreign ex-

change risk and commodity risk because of the volatility of interest rate, corporates expended 

to the other countries that may cause foreign exchange risks and commodity risks (Alexander, 

2009). The methods of measurement of market risk can be divided into two categories. First 

method is to approach stochastically based on portfolio’s profit and loss (P&S). Value-at-Risk 

(VaR)is the most popular method that this is interpreted 1 or 5 percentage Quantile of the P&L 

distribution.  And second method is called Maximum Loss (ML) or expected shortfall which 

can quantify using the value of worst-case scenario. However, it does not consider correlations 

(Studer, 1997).Quantifying market risk is significant to regulators in assessing solvency and to 

risk managers in allocating scarce capital. Furthermore, market risk is often the central risk 

faced by financial institutions. In order to quantify the market risk, we can use a measure known 

as Value-at-risk (VaR). VaR is a measure which determines the risk of loss taken in any in-

vestments of stock or commodity. During the 1990’s, Value-at-Risk (VaR) was widely adopted 

for measuring market risk in trading portfolios. Its origins can be traced back as far as 1922 to 

capital requirements; the New York Stock Exchange imposed on member firms. VaR also has 

roots in portfolio theory and a crude VaR measure published in 1945 (Holton, 2002). Value at 

Risk has been universally accepted as a measure of market risk in the financial institutions.  
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 VaR is a valuable risk measure broadly used by financial institutions all over the world. VaR 

is admired among researchers, practitioners, regulators and risk managers of financial institu-

tions. VaR has been widely used to measure systematic risk exposure in developed markets 

like of the US, Europe and Asia. A lot of research has been done in the field of Value at Risk 

leading to the development of differing approaches to estimate. However, each method such as 

historical VaR (this measure relies on historic data for the forecasts), whereas EWMA (Expo-

nential Weighted Moving Averages) emphasise more on recent data. Therefore, each model 

has its own set of assumptions and there is very little consensus on the preferred method to 

estimate Value at Risk. Since, financial investors resume that it is very important to have 

knowledge about the standard variations of the annualized returns over a period of time. There-

fore, for this thesis we have addressed the importance of S&P500 and Gold Index and will 

further discuss the relevance of measuring volatility, interdependence, expected shortfall and 

Value at Risk to mitigate losses and determine good investment strategy to plan during the 

recession times and turmoil periods using the asymmetric models and risk measuring models 

which is achievable to some extent by measuring correlation and risk measures simultaneously. 

This will not only give investors and financial analyst an insight on the performances of indexes 

but also allow them to prepare mitigating strategies for minimising any shocks that can arise at 

times of turmoil or vice versa. All existing methods involve same trade-off and simplifications, 

determining the best methodology for estimating Value at Risk becomes an empirical question 

for implementing the most suitable model. In this thesis, we have analysed the accuracy of VaR 

measure for America’s developed stock market using daily data from the S&P500 and Gold 

Price index during the period January 1992 to December 2020. 

  

This thesis proposes the use of models, which are ARCH GARCH, Constant Copula, basic 

VaR calculations, Time Varying Copula, Goodness of Fit, Conditional VaR, VaR Copula, Ex-

pected Shortfalls and GAS, for estimating volatility, correlation and VaR in S&P500 and Gold 

Price index market. It comprises of 3 empirical chapters using the models mentioned previ-

ously. The overall empirical results demonstrated that the univariate methodologies (ARCH 

GARCH) have estimated volatility and provided a good foundation for accessing the presence 

of risk. In terms of the Time Varying Copula methods and constant copula methods they have 

certainly estimated the correlation and interdependence of both indices and Hybrid Model ES-

VaR analysed the worst case scenario and forecasts for investors and policymakers in pricing 

and hedging commodity prices and stock prices. In terms of conservativeness, the conditional 

VaR the ARCH and GARCH model, basic VaR model and some Expected Shortfall methods 
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were used. The thesis commences with volatility models and risk models, for correlation the 

Copula VaR method was utilised accompanied with Time Varying Copula method, and last 

chapter consists of VaR Expected Shortfall (ES-VaR model) proposed by Patton, Ziegel and 

Chen (2018) for determining volatility, risk and correlation between the two indexes. For a 

detailed further insight on each empirical chapter we have provided short description of what 

each chapter holds below:   

Chapter 2, explains the uneven prices of Gold Index and S&P500 stock index based on the 

volatility of both the stocks over the period of 1992-2020. For the study we have used the 

model of ARCH and GARCH along with basic VaR calculations. The models of measuring 

the volatility have been utilised for the progression of the academic exploration regarding in-

terdependence of Gold and S&P500. The initial segments of GARCH and VaR has highlighted 

the reliance on indices of expected volatility implied by data gathered from Bloomberg. The 

utilisation of these models has permitted us to measure the volatility of the commodity and 

stock. Methods such as the ARCH and GARCH effectively measures the realised volatilities 

of both the indices. Hence, these processes are of high significance to the market investors who 

have gained greater interest in cross-market implications involving risk of substitutes that in-

cludes other alternative indices that consists of expected volatility implied stocks  (Bouri et al., 

2017; Badshah, 2017; Ji et al., 2018).  The basic calculation of VaR has evaluated the multi-

variant factor which has assisted in assessing the non-linearity in the diversified risk measure-

ment based on the relationship of the extreme and moderate dependence scenario. The results 

demonstrate the existence of volatility between the time series data. The VaR results suggest 

the losses in worst case scenarios.  The data analysis will further clarify the results discussed 

in the chapter.  

Chapter 3, aims at the parametric examination of the interdependence between the Gold Index 

and S&P500 and how efficient is Copula in measuring the interdependence in normal time and 

financial collapse time that occurred in the late 2000s. Since the time period covers both the 

period the turmoil period has been considered as well by using the Copula approach on stock 

and commodity market. Methods has been proposed by us primarily for optimal model selec-

tion in the meantime of creating provisional margins. Constant copula evaluated the results 

quite well since the use of Clayton, Gumbel along with other dependence structure performed 

very well. However, Constant Copula model assists the financial regulators to measure the 

multivariate distribution functions and measure the interdependence. The Time Varying copula 
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model measured the shared provisional distribution, where Creal et al. (2012) generalised au-

toregressive score (GAS) model is utilized to demonstrate the copula parameters evalua-

tion. Bivariate tail’s upper and lower parts are assessed individually to get the results of uneven 

trend. The conditional dependency of both markets is Time Varying.  

 

Since, the data also covers  the crisis period prior to 2008 and post to the crisis time intervals 

the analysis shows that the connection increased significantly after the crisis, the presence of 

the risk elements involved and the relation between the two indexes which further portrays the 

clear presence of contamination between the two markets while the correlation decreased be-

fore the crisis which took place throughout the world. The second concern is the use of a quan-

titative approach to copula which helps not only to create nonlinearity between different quan-

tities, but also copulate the interdependence and extreme copulas dependence. Also, it is sug-

gested by upper tail of a slightly stronger bivariate tail that provisional reliance of stock returns 

is more drastically influenced by positive shocks in S&P500 index market which the findings 

of this chapter demonstrate. It is clearly visible that the difference among upper and lower of 

tail is significant when a test was carried to check that finding and as a result it got approved. 

 

Chapter 4, seeks to examine the relation between discretionary volatility of Gold Price Index 

and S&P500 by means of ES-VaR approach. The chapter adds in the academic discussion of 

the Gold price index and S&P500 stocks by the use of the risk models measuring VaR estima-

tions. The first concern is dependency on the choice of implied Gold Price Index and S&P500 

Index volatility indicators, which enable us not only to account for historical and current vola-

tility, for instance in the cases of GARCH and GAS centric volatility or processes, but the 

chapter focuses on Expected Shortfall and Value at Risk measurement. Expected Shortfall (ES) 

is more sensitive to the shape of the tail of the loss distribution Patton, Ziegel and Chen (2018). 

The Basel III Accord, which will be executed in the years paving the way to 2019, puts new 

consideration on ES, yet dissimilar to VaR, there is small existing work on displaying ES. We 

utilize ongoing outcomes from factual choice hypothesis to beat the issue of "elicitability for 

ES by demonstrating ES and VaR together, and propose the use of the new unique models for 

these risk measures. We give assessment and derivation techniques to the proposed models, 

and affirm by means of re-enactment that the strategies have great limited example properties. 

We apply these models to day by day returns on two financial records, and discover the pro-

posed new ES-VaR models estimates dependent on GARCH.   
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Subsequently, the heterogeneous relationship between Gold price Index and S&P500 Index  

may differ with regards to the tail dependence of the respective Gold Price Index and S&P500 

Index in various quantities. In that sense, our research adds previous studies that typically de-

pend on Gold Price Index and S&P500 Index  prices and return data to the detriment of ex-

pected future volatility data such as option induced volatility  (Aloui et al., 2013; Hammoudeh 

et al., 2010; Sari, et al., 2010; Sensoy, 2013; Reboredo and Ugolini, 2015; Pierdzioch et al., 

2015; Zhu et al., 2016; Bhatia et al., 2018; Schweikert, 2018) and utilizing standard models 

such as Vector Autoregression (VAR), error correction model (ECM), linear quantile regres-

sion (QR), and GARCH processes which does not account for lower, middle, and upper quan-

tiles (i.e. different volatility regimes) tail dependency and heterogeneity (Demir et al., 2018).  
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CHAPTER 2 

 

Estimation of Volatility using ARCH and GARCH Models for S&P500 and 
Gold Price Index  

2.1  Introduction 
 
During the last decades, financial organisations, as well as regulators, use Value-at-Risk (VaR) 

in terms of determining the market risk (Nieto and Ruiz, 2016). It is important for organisations 

to estimate the market risk to determine the overall success including the sustainability of their 

company.  Value-at-Risk (VaR) models highlight the fact that how can the value of a portfolio 

be decreased over a period of time.  An important volatility model which is termed as GARCH 

model assist the financial regulators to estimate the fluctuations of prices in the stocks and 

commodities. We will be using basic VaR model, Historical VaR, ARCH, GARCH model and 

Expected shortfall measurement in this chapter. Through analysing the daily day returns, these 

models assist Financial investors to understand the financial trend in the stock and commodity 

market which is important for operating proper transaction and financial functions in terms of 

investments.  

 

Some of the literature reviews have been utilised for this paper. Reboredo and Ugolini (2015) 

indicates that a class of heterogeneous assets is represented through precious metals and this 

suggests the necessity of separate consideration of the strategic commodity and stock (Gold 

index and S&P500) based markets.  By using ARCH and GARCH models’ financial regulators 

are able to determine the volatility in portfolio with not only single assets, they are also able to 

determine the fluctuation trends associated with many assets in one portfolio (Andersen et al., 

2011; Deo et al., 2006; Tauchen, 2001).  However, we will be utilising univariate model of 

ARCH and GARCH for measuring volatility. In terms of measuring risk VaR and Historic VaR 

with some calculations of Expected shortfall has been utilised. Some of the literature that’ in-

volves the risk are by Zhu et al, (2016) involving strong and weak risk management (Lucey 

and Tully, 2006), (Pierdzioch et al., 2015), and GARCH (Schweikert, 2018) factors within such 

volatility and risk measurement. Financial organisation can use these models in term of ana-

lysing the financial database which will assist the financial regulators to understand how things 

can go bad in the financial assets of the organisation. The researches available also shows that 
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through using proper risk management process, organisation would be able to attend proper 

framework in term of analysing the financial condition of the organisation. 

 

Standardised models of ARCH, GARCH, ES and VAR have been utilised by various studies 

to evaluate the linkages involving volatility of returns generated by S&P500 and Gold markets. 

Capturing dependence has not been properly performed by the risk measuring models therefore 

the interdependence is measured in chapter 3 of this thesis.  

 

Our aim is to measure volatility and risk between S&P500 and Gold index using the models 

VaR, Historical VaR, ARCH, GARCH and Expected Shortfall. The reason of using the vola-

tility measuring models along with risk measurement model is because this will enable us to 

identify the presence of fluctuations in prices of the indexes and the risk calculations will help 

in mitigating losses, and also help investors in improving their forecast of stock and commodity 

prices evolution.  

 

Moreover, the process of combining these models, ARCH,GARCH,VaR, Expected shortfall 

and Historical VaR, it is also possible to have more clearer results in measuring fluctuations of 

returns and the worst losses for investors in different time intervals. It can be stated that today's 

financial  investors use these processes in terms of understanding how financial risks can im-

pact the organisation. The concept of VaR has been adopted by regulators. VaR has been a 

component of both the Basel I and Basel II recommendations on keeping money laws and 

regulations issued by the Basel Committee on Banking Supervision.  

 

Objectives will be achieved through using the ARCH and GARCH model, financial organisa-

tion will be able to analyse the volatility of the assets. Generalized autoregressive conditional 

heteroscedasticity (GARCH) is associated with estimating the financial return in an organisa-

tion. In this aspect, the financial organisation needs to understand how the GARCH model will 

be applied in the financial framework of the organisation in term of dealing with the volatility. 

Using the ARCH and GARCH model the financial investors can easily understand the possible 

fluctuation factors which is the volatility that are associated with the financial framework.  

 

The paper will contribute to knowledge because the use of ARCH and GARCH model along 

with risk measures it is possible for the financial organisation to deal with the economic slow-

down in the market by accessing volatility followed with risk measurement models. The 
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chapter covers two methodologies used together which very few researchers have used.  The 

time period of data used for this research is also quite extensive and there are few evident 

researches which have utilised these indexes together for the time period considered for this 

thesis.  

 

The chapter focuses on the use of ARCH and GARCH and risk measuring model VaR between 

Gold Price Index and S&P500. This will be helpful for financial regulators to use these models 

to measure the volatility and risk. Moreover, these models also assist the Financial investors to 

determine proper strategies in term of dealing with risk. Several risk management models like, 

VaR, Historical VaR and Expected Shortfall are used by organisations and financial institution 

in terms of dealing with the financial crisis, in which the organisation use these models to 

analyse the annual financial database. The results suggest that AR-GARCH and GJR-GARCH 

model with t distribution is superior to AR-GARCH and GJR-GARCH with normal distribu-

tion. . The ES results indicates the worst cases within the confidence level accessed.  

 

The results implication suggests that volatility measures have analysed each aspect of the au-

toregressive models and the basic calculations of risk have measured VaR for determining the 

least amount of risk using certain confidence levels. The result implies that the volatility of 

both assets provides the clear assessment of the portfolio risks2 which again is helpful in meas-

uring some aspect of the risk. The risk models analyse the market risk of both the indexes.  

   

This chapter highlights the literature review and then the methodology that is associated with 

ARCH/GARCH, and VaR model framework. In addition to that, the paper also represents the 

clear understanding of the use of these models in terms of using effective volatility and risk 

management tools.  It uses relevant resources in analysing the Gold Index and S&P500 data, 

which assist learner to understand the tools and process that are associated with risk manage-

ment process.  Finally, it represents the implication of findings of the practical field. 

2.2  Literature Review 
 
There is now a huge and increasing literature on value-at-risk, ARCH and GARCH models. 

Some related papers are reviewed in this study. Since, there are miscellaneous ranges of 

 
2 Portfolio risk is a chance that the combination of assets or units, within the investments that you own, fail to 
meet financial objectives. Each investment within a portfolio carries its own risk, with higher potential return 
typically meaning higher risk. 



 38 

research papers consisting of different securities researched for different time frames having 

one common trait of financial volatility which makes GARCH model quite appealing due to 

its nature of measuring the correlations of securities. In order to address all these aspects, there 

are a couple of existing studies utilizing the GARCH model as well as other approaches in the 

literature. Getting started firstly we will examine some former studies utilizing developed and 

emerging economies that investigated in the stock’s volatility. Hence, this would help us to 

understand the volatility of S&P500 and Gold index to analyse the risk involved which is our 

aim in this chapter. 

Throughout the 1990's, Value-at-Risk (VaR) was broadly embraced for measuring market risk 

in exchanging portfolios. Its birthplaces could be followed once again the extent that 1922 to 

capital prerequisites the New York Stock Exchange. VaR likewise has established in portfolio 

hypothesis and an unrefined VaR measure distributed in 1945 (Holton, 2002). Darbha (2001) 

investigated the value-at-risk for altered pay portfolios, and looked at alternative models incor-

porating variance-covariance method, historical simulation method and extreme value method. 

He uncovered that extreme value method gives the most accurate VaR estimator as far as right 

disappointment ratio. Cheung (2006) looked at the force law VaR evaluation with quantile and 

non-direct time-changing volatility approaches. A straightforward Pareto distribution is pro-

posed to record the heavy-tailed property in the experimental distribution of returns. The out-

comes prove that the anticipated VaR under the Pareto distribution showed comparative out-

comes about with the symmetric heavy-tailed long-memory ARCH model. Notwithstanding, it 

is discovered that just the Pareto distribution has the capacity to give a helpful for asymmetric 

properties in both the lower and upper tails. Kim and Koo (2010) indicate that VaR is liable to 

a huge positive predisposition. He demonstrates that VaR has an extensive positive inclination 

when utilized for a portfolio with fat-tail distribution. Loriano (2010) analysed four distinctive 

VaR methodologies through Monte Carlo examinations. Their effects indicate that the method 

dependent upon quantile relapse with ARCH impact dominates different methods that require 

distributional presumption. Specifically, they demonstrate that the non-vigorous methodolo-

gies have higher likelihood of foreseeing VaR's with an excess of violations.  

Comparative proof for symmetric, asymmetric, and long memory GARCH models is likewise 

furnished. In the investigation of every day data for eight rising stock exchanges in the Asia –

pacific area, notwithstanding the US and the UK benchmarks, Rachel (1999) discovered both 

asymmetric and long memory features to be imperative considerations in furnishing enhanced 
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VaR estimates. He analysed the downside risk in Asian value markets. He watches that through-

out times of fiscal turmoil, deviations from the mean-variance system come to be more ex-

treme, bringing about periods with extra downside risk to moguls and financial investors. Cur-

rent risk administration procedures neglecting to consider this extra downside risk might un-

derestimate the correct value-at-risk. Lan et al. (2007) utilized diverse combinations of 

resampling methods, which incorporate the bootstrap and jack-knife. Dissimilar to past studies 

that just consider the questionable matter of VaR emerging from the estimation of restrictive 

volatility, they additionally represent the lack of determination of VaR came about because of 

the estimation of the contingent quantile of the sifted return arrangement. The jack-knife ap-

pears to be extremely handy in enhancing conjecture accuracy. 

Giannopoulos and Tunaru (2005) proposed Historical simulation, which is a standout amongst 

the most paramount models the extent that this study is acknowledged. Giannopoulos and 

Tunaru (2005) finding were striking. He discovered that parametric models contain the risk 

measurements of J. P. Morgan (Weller), the delta- normal (or variance-covariance) and Delta-

Gamma methods that depend on ordinary distributions of returns, (Loudon et al., 2000) did 

research on some other parametric methodologies that utilization non-typical distributions, ex-

ample, the GARCH models dependent upon Bollerslev (1985)’s study and the extreme value 

approach proposed by Embrechts and Schmidli (1994). Specifically, the GARCH approach 

first fits the GARCH-sort models for budgetary return arrangement and afterward models the 

GARCH-sifted residuals dependent upon parametric presumptions of the restrictive distribu-

tion of the residuals as given by Mancini and Trojani (2010). 

An assortment of GARCH models is utilized and evaluated, and in addition distinctive distri-

butional presumptions of the GARCH residuals. In the exploration paper of measuring risk 

measurements exhibited Angelidis et al. (2004) inspected a battery of such GARCH-sort mod-

els.  

Hendricks (1996) did an exploration on a standout amongst nonparametric methodologies for 

historical simulation which processes the experimental quantiles of historical portfolio returns. 

Some refinement to historical simulation incorporates the bootstrapping simulation approach, 

the weighted historical simulation, the hybrid model by Richardson et al. (1998) furthermore 

the utilisation of nonparametric thickness estimation, for example, the kernal estimation pro-

posed by Chen (2005). An alternate unmistakable strand of exploration by Aussenegg et al. 

(2011) around there was the neural system approaches.  
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Prior VaR demonstrates principally have a place with the first two categories, yet the semi-

parametric models have turned into the standard of VaR research as of late. Semi-parametric 

methodologies are dependent upon a mixture of parametric and non-parametric techniques. 

Filtered Historical Simulation (FHS) is one of the prominent demonstrates in this category. 

This approach is done in two steps. In the first stage, parametric GARCH-sort models are fitted 

for returns utilising semi greatest probability, regularly under the suspicion of contingent ordi-

nariness. The second stage typically utilises nonparametric bootstrap to resample institutional-

ised GARCH residuals. The VaR estimate is then inferred from simulated profits based for 

bootstrapped residuals and volatility gauges, which reflect all conceivable outcomes of current 

economic situations. An alternate semi-parametric methodology, GARCH-EVT, which has the 

same first stage as FHS, however is dependent upon the extreme value theory (EVT). This 

approach models the tails of the conveyance of residuals which were predominantly introduced 

by Morgan et al. (2011). 

VaR (Value at Risk) as a measure of risk has been utilised more than the ES, which limits the 

range of Back-testing when compared to VaR. There is another reason for that limitation be-

cause Back-testing is more difficult as compared to VaR. Where the distribution of the sto-

chastic loss variable (the shortfall value) is needed to test where the ES estimations are derived 

from the same distribution. In Acerbi and Tasche (2002) proposed a test method to test ES 

directly. Findings of this test were that the significance threshold or critical values of test with 

different assumes the distribution of the stochastic loss variable are generally the same.  

 

Strategies which are used to quantify worst case damage include parametric and non-paramet-

ric. EWMA (exponential weighted moving average) is the more specific method of parametric 

which is used in many researches. The genuine historical revenues are categorised from worst 

to best as it is one of the methods that considers the historical data. This rearranging is also 

known as Historical simulation (HS) which is the used non-parametric technique. From the 

risk viewpoint it is expected the past will repeat itself. Another model the Monte Carlo simu-

lation, a model must be created where numerous theoretical scenarios can be tested in relation 

with future stock and price returns. The fundamental procedure cannot be identified if the 

Monte Carlo simulation is used on its own as the simulation only produces randomly generated 

scenarios via the different processes. Between EWMA and HS, EWMA results were consid-

ered to be much better but HS was not far off. The maximum loss expected also known as 
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worst-case scenario on investments can be calculated using the Value at Risk (VaR) over a 

certain time-scale and specified level of certainty (Xu et al., 2015). 

 

Financial institutions, stakeholder and supervisory bodies take keen interest in evaluating the 

known market risk of portfolio investments. Numerous strategies are utilized and practised for 

risk exposure. Experts tend to prefer value-at-risk as it presents a monetary value to explain 

the systematic risk. It is known to be popular with experts due to its simplicity. Beta risk is 

another type of risk measure that is similar. Beta risk gives asset return and business return 

covariance, which is not easier to understand that.  

 

The accuracy of VaR models in calculating the accuracy of risk exposure to securities in up-

coming markets has only been compared in some studies. It is vital for such an input as the 

well-established markets are not like the emerging markets in regards to economic, financial 

and politic (Kumar et al., 2019). 

 

The methods commonly used to measure VaR are the variance/covariance, historical and the 

Monte Carlo simulations. Despite heuristic risk model gaining a lot of popularity within the 

forecasting stock prices, it has not yet been related to the VaR estimation. Surprisingly, the 

Neural Network simulation was found not to be affected by a time series correlation.   

 

The VaR methodologies were evaluated where he assessed two areas: accuracy and computa-

tional time. The simulation taken to assess these were the Monte Carlo stimulation and the 

delta and delta gamma method. As expected, the Monte Carlo simulation was not particularly 

fast, but the results from the delta gamma greatly supported the approaches being measured, 

hence increasing their accuracy (Pritsker, 2006).   

 

For firms and individuals, assessing and managing financial risk has always been critical. 

Proper risk management for businesses will, among other things, increase the company's value 

by reducing the risk of bankruptcy, minimizing tax payments by making sales sources more 

constant and reducing the cost of capital by making debt servicing safer (Andersen et al., 2011). 

The variance or volatility of the asset is a popular method of explaining financial risk. How-

ever, this is a non-intuitive indicator since it only gives an arbitrary number and does not dis-

tinguish between positive and negative stock price movements. The risk associated with a de-

cline in the stock price is more important knowledge for investors. There are two preferred 
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metrics for this reason-Value at Risk and Predicted Deficiency named as Expected shortfall, 

both of which will be evaluated in this thesis. 

 

Because of its understandability, Value at Risk, henceforth referred to as VaR, has been and 

continues to be one of the most common financial risk indicators Hull (2006) and its charac-

teristic of highlighting the risk of loss and not the chance of benefit, but has its drawbacks when 

it comes to its use as a method for risk management. For this reason, when calculating market 

risk, the Basel Committee has agreed to phase out the VaR indicator in favour of the Antici-

pated Shortfall, now referred to as ES that is the expected shortfall (Basel Committee on Bank-

ing Supervision, 2013). In situations where the loss is far from the average, the calculation 

offers information about the tail danger, meaning the danger. In extreme cases, ES gives us the 

value of the predicted loss, while VaR only gives details about the threshold value. However, 

historical simulation (now referred to as HS), the most common way of estimating these sig-

nificant steps, often yields results that are largely outperformed by more sophisticated methods 

(Mentel, 2013; Andersen et al., 2011). Parametric estimates using forecast volatility or through 

Monte Carlo simulation, better methods for the estimation of VaR and ES could be provided. 

 

In the past it has been observed that multivariate normal distribution is inadequate when trying 

to provide a good in-sample fit of the joint distribution of four exchange rate returns that are 

under consideration. Adding onto this there are also several exceptions that are raised in back 

testing of VaR estimate that were significantly above average as well as this an unconditional 

coverage test (binomial test/ Kupiec test) and conditional coverage test (Christofferson test) 

have shown that the VaR estimate may be inaccurate. However, six other models produce an 

acceptable VaR estimate (Tsitsiklis and Roy, 2001). 

 

Although, whilst the concept of VaR is simple and easy to understand the implementation of it 

is often more complicated. There is a range of different models and different model implemen-

tations that lead to considerably different risk estimates for the exact same portfolio. In the past 

there have been studies where the focus is how the differences between models cause variation 

in the VaR. However, Evaluating Value at Risk Methodologies: Accuracy versus Computa-

tional Time, 1996 considers that the differences in the implementations of the same model 

produce variation in VaR (Pritsker, 1996). 
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A number of researchers extensively studied VaR which resulted in the appliance of these 

newly discovered statistical techniques in order to measure the threat presented in these port-

folios Danielsson et al. (1998). One particular paper that dives into this concept is the ‘value 

of value at risk’. The economic considerations stated in these papers hugely affected the way 

financial institutions were run, as they gave more importance to implementing the new found 

techniques which will allow them to quantify the risk.   

 

Three researchers from Denmark, did empirical research on VaR which was published in 2009 

under the title of Evaluating Value-at-Risk Models with Desk-Level Data. They’ve used some 

of the methods similar to the previous research such as the Monte Carlo and other methodology 

which includes Hazard Rates and Test for Clustering in Violation and Effective Size of the 

Test (Christoffersen et al., 2009). This result has shown that the CaViaR test has performed 

excellently overall. Also, despite of performing best on overall test, the duration-based test also 

has shown sign of performing well in many cases. Finally, the research was able to finalise 

some of the aspects of using VaR in banking are many and varied. All the VaR application 

shares each other, nevertheless the need for repeated evaluation for checking the accuracy of 

the VaR risk measures reported by Engle and White (2021). This statement is true regardless 

of whether the VaR is used in a passive or active way, and whether it is in use for internal 

operations or externally for regulatory purpose (Berkowitzet al., 2007). 

 

Now days, it is seen that most of the researcher are using experimental research design in order 

to analyse and forecast financial volatility of emerging stock markets. For instance, the research 

carried by Aydin (2002), Akgül and Sayyan (2008) and Gokbulut and Pekkaya (2014) in Tur-

key, Rashid and Shabbir (2021) in Pakistan, Goudarei and Ramanaryanan (2011) in India were 

found applying ARCH and GARCH models in their methodological parts. The study shows 

that their core findings were development of volatility cluster, non-normality, imbalance of 

markets in emerging economics. Furthermore, GARCH research carried by Gokbulut and Pek-

kaya (2014) can also be taken as the major tool for data collection. Some of the researcher like 

Alabed and Al-Khouri (2008) and Musa et al. (2020) in Nigeria, Su et al. (2010) in China, 

Rahim and Masih (2016) in Malaysia, Soumen (2012) in Saudi Arabia have already applied 

this model more than one time in their countries while comparing the result of these models 

GARCH, EGARCH and GJR GARCH; it was found that EGARCH and GJR GARCH are the 

wonderful models for measuring volatility, detecting, clustering effects, leptokurtosis effect.   
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Most of the researchers all over the world are found using ARCH and GARCH models in their 

study for analysing capital market of their country but it is also found some of the studies are 

having issues while using ARCH and GARCH model like in Jordan. The study carried by 

Dhaimesh and Kamel (2019) between the years 1992-2004 proves that ARCH and GARCH 

models are best design which provides good approximation and also captures the characteris-

tics of Amman stock exchange. Moreover, the study applied multiple asymmetric models to 

follow purchase strength effect and the result indicate that the exchange rate is symmetric, 

hence it is proved that the good and bad news has the same magnitude. Al-Raimony and El-

Nader (2012) also carried their study applying ARCH and GRACH model to measure time 

volatility and the effect of macro-economics, there study found that the ARCH was signifi-

cantly statistic whereas GRACH was statistically insignificant from 1991 to 2010.  

 

By applying GARCH models both symmetric and asymmetric Andersen et al. (2012) evaluated 

from the beginning of January 2006 to the end of November 2010 the volatility of Sudanese 

and Egyptian markets. Regarding those countries’ presumptive volatility of returns of explo-

sive and fairly tenacious nature have been stated. For the observation of the volatility of stock 

indexes from five European emerging markets which are Turkey, Bulgaria, Czech Republic, 

Poland and Hungary, the following models have been used: GARCH, GJR-GARCH and 

EGARCH by Andersen et al. (2007). In conclusion the significant impact of old information 

on volatility at those markets and the insistent volatility shocks found by them Andersen et al. 

(2011).  While, we concentrate on asymmetric models these analyses apply for both symmetric 

and asymmetric models. For the period of 2011-2014 GARCH, EGARCH and TGARCH mod-

els have been applied by Gokbulut and Pekkaya (2014) in order to demonstrate volatility of 

four Borsa Istanbul sub-indexes. Although asymmetry has been displayed by the rest of sub-

indices, an insignificant asymmetric impact of shocks on the volatility of banking shares were 

found. In the period of January 1, 1999-March 31, 1999 returns of the Nasdaq operated for the 

determination of intraday returns volatility (Wasiuzzama and Angabini, 2011). The most ex-

cellent model to convey the volatility of the inspected intraday returns is GARCH (1,1), as well 

as todays volatility can be elucidated with the past volatility which follows up over time. On 

trading-day basis the volatility a behaviour of NASDAQ index after IPO during the period of 

January 1973 until July 2001 was considered by William, (2002) and the analysis referred as 

giving a suitable measure for risk involved while investing in the indexes. Amid others, 

GARCH (1,1) model applied in order to appraise the volatility. In four US stock market indices 

plus Nasdaq were utilized random level shift model (incorporated into GARCH) to predict and 
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simulate the volatility (Deo et al., 2006). Level shift model captures conditional heteroscedas-

ticity and long-memory prosperously and surpass GARCH (1,1) model in forecasting, as their 

findings reveals. 

 

According to Koirala et al. (2015), the available information and findings by researchers on the 

strategies and methodologies which consists of correlation coefficient and spearman’s rank 

correlation coefficient are determined to be the two methods that are widely used in finance to 

find the degree of association between two variables. Those are common methods of calculat-

ing dependence for elliptical distributions but having several difficulties. According to Berko-

witz et al. (2007) spikes and thick tails are major components and those incapables of meeting 

elliptical distribution and its modelling needs. The classical correlation analysis is not a prac-

tical theory to explain the dependence of a common nonlinear and asymmetric distribution. 

Variance covariance matric are the corner stone for the selection of high valuable financial 

assets portfolios. In a study by Hansen and Lunde (2005) they introduced GARCH multivariate 

to a return analysis and conduct univariate volatility analysis in the paper titled as “A forecast 

comparison of volatility models: does anything beat a GARCH (1,1)?”. The DCC model (Dy-

namic Condition Correlation) widely used in 2002 reduced the use of GARCH alone (Mishra, 

2019).  

 

In another way, the joint modelling distribution access the dependence of financial assets. Cop-

ula is proposed by Sklar (1959) and after it gained reputation within the 1990s. Jondeau and 

Rockinger (2006) utilize the copula-GARCH show to analyse the relationship between finan-

cial files and measures the t-copula in the research paper titled as The Copula-GARCH model 

of conditional dependencies: An international stock market application. Roch and Alegre 

(2006) consider the relationship in Spanish stock utilizing an ARMA-GARCH demonstrate for 

negligible conveyance and the copula work for reliance structure. Koirala et al. (2015) archive 

that the reliance structure between rural product prospects costs and vitality prospects costs 

shows positive and quite significant. Besides, the relationship between non-financial resources 

has self-evident Time Varying characteristics (Koirala et al., 2015). Reboredo and Ugolini 

(2015) utilize the conditional value-at-risk (CoVaR) with copulas to re-examine the systemic 

correlation suggested findings. De Oliveira et al. (2018) apply the MGARCH-BEKK, DCC 

and t-Copula models to analyse the spill over impacts and channels of instability in Brazilian 

stock. In the process to improve, a Time Varying copula examination is exceptionally valuable 

to investigate active correlation relationship between factors (De Oliveira et al., 2018). For 
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occurrence, Patton (2006) creates a Time Varying copula constraint with conditional reliance 

parameter. Bartram et al. (2007) develop a dynamic copula analysis and apply it to the Euro-

pean stock (Bartram et al., 2007). Yao and Sun (2018) utilize Markov Time Varying copula 

capacities to think about the energetic structures between the EPU file and a few other financial 

markets. Comparative works can be seen (Aepli et al., 2017; Silva Filho et al., 2012; Grossmass 

and Poon, 2015; Hussain and Li, 2018; Goodness and Patton, 2018) and (Salvatierra and Pat-

ton, 2015), among numerous others.  

 

Some of the literature suggests that no matter how profitable a single security the relationship 

it has with other assets in a portfolio must be evaluated in order to earn successful portfolio 

returns, meaning that when financial assets relating to financialisaton increase in number (in 

commodities, currencies etc), it leads to researchers trying to find volatility between different 

assets. Investments in alterative assets are gaining attention from investors and market maker 

because of clear risk and return features (Zhang et al., 2018; Lahmiri and Bekiros, 2018). Tra-

ditional investments such as shares and bonds are being overlooked and investors are now 

looking for more modern ways of investment because of the turmoil current markets are facing 

(Cumming et al., 2012). Assets with superior hedging characteristics such as gold index and 

S&P500 are starting to get popular for empirical contribution on diversification of risk and 

return trade-off (Rahim and Masih, 2016; Kenourgios et al., 2016; Evans, 2015). S&P stock 

markets, and the new emerging markets have gained quite recognition because there was a 

need for alternative investment assets due to the financial turbulence created in markets over 

the past two decades (Al-Yahyaee et al., 2018). Gold Market is used as a digital investment 

medium of exchange and is widely accepted as it has made an innovation since early ages in 

the payment system from 700 BC’s (Tschorsch and Scheuermann, 2016; Nakamoto, 2008; Ali 

et al., 2014). Since the birth of commodity market in 1933, over 100s of commodities including 

gold exchange markets have been introduced and offer new ways of growth (Al-Yahyaee, et 

al., 2018). Research has showed that the market turnover and capitalisation of Gold securities 

is increasing aggressively (ElBahrawy et al., 2017), so, Gold and securities like S&P500 has 

been classed as an asset for investors (Kawa, 2015) while also gaining the legal status of capi-

talisation in many countries (Kovalova and Misiura, 2019). 

 

When Gencay and Selcuk (2004) compared the performance of extreme value theory, variance-

covariance method and historical simulation method in the extreme market conditions through 

the data of nine emerging stock markets they understood that the extreme value theory is the 
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best one. But there has also been some research on method improvement to make the historical 

simulation method work better for the financial market. When, Pritsker (2006) compared the 

historical simulation with the filtered historical simulation it was clear that the filtered simula-

tion was the better one. But it needs some extra consideration with the Time Varying of finan-

cial time series When it comes to the value at risk model measure, Barone-Adesi et al. (2008) 

introduced a filtered historical simulation method to help measure the expected loss and the 

consequences of this. But Giannopoulos and Tunaru (2005) then pointed out that when using 

the traditional historical simulation method with the smoothing coefficient is more efficient as 

it also overestimates the market at its stationary period. The effects of historical simulation, 

weighted historical simulation and the Bootstrap method was compared by Abad and Benito 

(2013) to measure the interest rate risk at commercial banks. The smoothing method of histor-

ical simulation was then improved by Wong et al. (2009) to solve the issue with underestimat-

ing extreme events. When it comes to measuring the VaR method it leads to problems that 

people learn to adapt to in today’s dynamic market. This is all because of the VaR method more 

than often being calculated from a static perspective. The next step in the improvement of the 

VaR method is to be better at reading and estimating the parameters. This is where the GARCH 

model comes in. Giglio et al. (2016) presented some pros and cons in their literature review 

about the various calculation methods and development of quantile regression in their paper 

titled as “Systemic risk and the macroeconomy: An empirical evaluation”. Barone-Adesi et al. 

(2008) research clearly shows that by using the GARCH model parameters you will have the 

most effective calculation of VaR.  However, when it comes to the tail loss the GARCH model 

is not the most effective. Since the GARCH model follows a normal distribution and the finan-

cial time series is usually non-normal. And the tails feature of a non-normal distribution are 

often different from the normal distribution, which makes the GARCH model quite undesirable 

in this situation when it comes to tail loss. 

 

Jayanth (1999) applied the VaR systems in Bombay Stock Exchange and released a research 

paper named Value at Risk Models in the Indian Stock Market utilizing GARCH and EWMA 

methods. His analysis involved data of the regular values of the NSE-50 (Nifty) index of the 

National Stock Exchange. By using the rates on the Bombay Stock Exchange, the NSE re-

calculated this index for the period prior to the establishment of the NSE. The end outcome of 

his analysis was that Bombay stock exchange investment was relatively safe. Therefore, it is 

essential to obey and execute those calculations in a relevant and accurate manner (Verma, 

2005). Research was conducted on the analysis of VaR, while applying the bootstrapped 
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historical simulation method. The outcome of their analysis was 51,2312 for historical boot-

strapped VaR, which was marginally higher than historical VaR, i.e., 49,935. The fitting ap-

proach suggested that the distribution in their sample was reasonable for non-normal candidate. 

Hence it was not useful for ordinary parametric value at risk measure, in which the correspond-

ing expectation returns are ordinarily spread. Afterward, they implemented the Historical Sim-

ulation method, this does not have any distributional implication making it a suitable for Value. 

All in all, it was indicated that the primary purpose of using bootstrapped historical VaR was 

that it considers the need for broad data for model evaluation independently of the scale of the 

sample (Dutta and Bhattacharya, 2002). De Lira Salvatierra and Patton (2015) conducted a 

report on Estimation of Portfolio Value at Risk using Copula. The techniques he applied were 

the Monte Carlo method, and he used the historic and the Monte Carlo simulation under the 

VaR measure. In his study, he used quotidian data on four exchange rates (INR-EURO, INR-

USD, INR-CHF and INRGBP) series, downloaded from the official source (www.rbi.org.in; 

www.federalreserve.gov). The survey period was from January 2000 to November 2010. VaR 

outcome in the way that the historical simulation was an appropriate method, instead the other 

model such as the monte Carlo were sluggish and could not achieve the optimal results in the 

most efficient way. The outcome was VaR results, for every one of the seven models of de-

pendency structure, one-day portfolio VaRs were calculated for the 200 days for the theoretical 

portfolio based upon those four risk factors using the Monte Carlo Simulations technique 

(Krupskii and Genton, 2017). 

 

The earliest studies to specify instability clustering. Leptokurtosis, and use impact of stock 

return in budgetary advertise was given by the taking after three studies (Mandelbrot, 1963; 

Fama, 1965; Jondeau and Rockinger, 2006). Measuring and evaluating the stock costs insta-

bility is a vital concept in finance in common, and in venture choices, due to its different be-

haviour. That driven analysts to propose numerous numerical and factual models to capture 

instability of stock return in money related markets around the world. The spearheading studies 

in this field are alluded to Engle (1982), and Bollerslev (1986) who proposed the utilization of 

both ARCH and GARCH models separately. This area will provide summary for the most 

experimental discoveries given by analysts from both created and rising markets.  

 

Numerous analysts found that ordinary time arrangement models that works beneath the most 

presumption of steady fluctuation that was not exact in evaluating stock return developments. 

Hence, Engle (1982) study proposed the utilization of ARCH models that permits the 
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conditional fluctuation to alter over time as a work of past mistakes clearing out the unrestricted 

steady change.  

 

The ARCH model is widely utilised in characterizing time-varying financial market volatility 

but it does not provide a good fit in empirical applications to overcome them Bollerslev (1986) 

proposed an adjusted frame through Generalized ARCH (GARCH) to permit a longer memory 

and a more adaptable slack structure. Not as GARCH offers with the ARCH model within the 

primary presumption with respect to conditional fluctuation is indicated as a straight work of 

past test fluctuation, but also it permits slacked conditional fluctuations to enter within the 

demonstration as well.  

 

More amplified forms of the ARCH demonstrate were given by numerous analysts such as 

Engle and Manganelli (2004) in which they presented the GARCH –M, that permits the con-

ditional fluctuation to be determinant of the mean. In expansion of their observational discov-

eries underpins that risk premium are not time invariant; or maybe they change methodically.  

Moreover, to break the rigidness of the GARCH determinations, Nelson (1991) contributed an 

unused model through Exponential GARCH (EGARCH) which backed that change of return 

was influenced in an unexpected way by positive and negative abundance returns. Also, the 

observational discoveries bolster the negative relationship between both overabundance returns 

and stock market change.  

 

Since at this point progressive study came with new proposed individuals to the GARCH 

model’s family to overcome downsides of each show, for example by; Ding et al. (1993) pro-

posed Hilter kilter Control GARCH (APGARCH), at that point Zokoian (1994) connected edge 

GARCH (TGARCH), and McAleer (2006) their models were Energetic Deviated 

(DAGARCH), Conditional Auto Backward Extend, and Quadratic GARCH (QGARCH) show, 

and also with more models to be connected and tried by distinctive analysts around the world.  

 

Concerning the adequacy of the ARCH and GARCH, numerous experimental discoveries such 

as (Taylor, 1998; Baele et al., 2010; Aggarwal et al., 1999; Butler and Okada, 2009); found 

comparative conclusion that’s; the most excellent models to portray the information and meas-

ure the instability is the GARCH (1,1). They all affirm the capacity of asymmetric GARCH 

models in capturing stock return instability.  
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Some of the researches using GARCH and Copula models carried for other commodities such 

as cryptocurrency etc are discussed because of the same model usage. Masarotto and Varin 

(2012) carried the research in which they applied innovative copula method to model corporate 

bond yield spreads, which has been freshly presented in the literature. Particularly, this study 

utilizes the Gaussian copula marginal regression (GCMR) combined with Weibull marginal 

distributions for variables see Masarotto and Varin (2012) for some references. Moreover, for 

testing the asymmetric tail dependencies among yield spreads and other explanatory variables, 

we also used more copula functions. Their finding consists of both corporate bonds callable 

and non-callable.  

 

Between a Gaussian normal distribution (Gaussian) and a student’s t distribution, there appears 

to be conflicting evidence in some researches. Financial assets returns are expected to be more 

effective with the student t distribution instead of the Gaussian distribution, according to 

Bollerslev (1986). However, no evidence was found that the student’s t distribution created 

more productivity than the Gaussian distribution. According to the previous hypothesis that the 

financial data have different characteristics, to understand which of the two works better, was 

tested. Some researches proposed to offer a few bits of knowledge on the unpredictability de-

termining point, by addressing two sorts of targets. The primary sort was to upgrade the insta-

bility displaying issue by proposing elective (bivariate and multivariate) models to conjecture 

the unpredictability of individual stocks or of various stock resources. As such it broadened a 

strategy proposed by Hansen et al. (2010b).  It was necessary to create boundaries, due to the 

breadth of the field and to keep the methods reasonably easy to understand for both individuals 

and companies (Bollerslev, 1986). First of all, market risk is what needs to be focus on in many 

thesis researches, although there are many important risks to consider in financial markets. This 

is because it is due to the applicability and relevance of market risk for index investments, in 

addition it is the subject of the thesis. Secondly, the models test on equity indices, although 

there are different ways of investing for both individuals and companies. The accuracy of the 

model is relevant to a smaller number of individuals, and this is because to many people com-

pared to single stocks. Thirdly, all the methods presented are widely used and extensively stud-

ied, so as GARCH models, however we will consider a limited number of models, as well as 

the Copula, although there are many alternatives. 

 

Though the existing literature the Akaike Information Criterion (AIC) has a smaller value for 

the GCMR model than the traditional regression model, their examination is an improvement 
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over the traditional linear regression analysis. In the traditional regression model, also discover 

that the coefficient on the coupon rate is considered positive as against to unimportance of the 

coefficient on the variable (Masarotto and Varin, 2013).  As per, Elton et al. (2001) and Longsta 

et al. (2005), investigated that the positive coefficient on the Credit Default Swap Market. Since 

interest payments on corporate bonds are subject to state taxes as opposed to treasury bonds 

state tax exemption, investors with corporate bonds face tax disadvantages relative to those 

with treasury bonds’ and they need higher rates of return, thus leading to higher yield spreads, 

these disadvantages are superior for greater coupon bonds. For the pairs of yield spreads and 

other explanatory variables, they estimate the tail dependence coefficients by using various 

copula functions. For instance, the sample of non- callable bonds indicates greater upper tail 

dependence than lower when the connection between yield spreads and equity volatility, this 

signifies the positive effect. When Acharya and Carpenter (2002) discover yield spreads are 

used to quote corporate bond prices in practice, the corporate bond investors can take benefit 

of this finding. To illustrate, experts should notice that equity volatility has a stronger impact 

on yield spreads during an economic crisis, causing inflation in yield spreads and equity vola-

tility.  

 

Later, they took the attention to the callable bond sample. The AIC still has a smaller value for 

the GCMR analysis combined with the traditional linear regression model as in the non-callable 

bond sample and gets the same result that their model is more appropriate than the opposing 

model. Contrary, the coefficient on maturity is significantly negative in their analysis of non-

callable bonds. This is introduced due to the fact that the longer maturity of a bond, the more 

call deferral period. Furthermore, the connection between the equity volatility and yield spreads 

gives different findings when the tail dependence investigation occurs on the sample. For this 

relation, they observed in the sample of non-callable bonds that greater upper tail dependence 

than lower is no longer shows in this sample. Another research related to this finding to the 

argument which is that the exercise of the call option can be destroyed by default risk (Acharya 

and Carpenter, 2002).  This donates, more appropriate and meaningful statistical models to the 

finance literature by suggested engaging. Some of the literatures review carried by other re-

searches about other commodities is also discussed in the chapter in order to see the relevancy 

of the model with other stocks and commodities. Application of GARCH model was explored 

particularly for exploring the relation present between prices changes taking place and volatil-

ity in the market for the period 1992 and 2019. Research consisted of data gathered for the 

particular period which did not provide any strong insight into asymmetric relation present 
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between volatility and yields in the bitcoin market. Increase conditional volatility as witnessed 

in positive shocks as compared to negative shocks. Research was carried out by Chu et al. 

(2017) to investigate the suitability of GARCH model in the case of several cryptocurrency 

such as Dash, Dogecoin, Madisafecoin, Ripple, Monero and Litecoin. Findings of the research 

indicate that IGARCH and GJRGARCH model provide optimal specification for modelling 

the volatility of most common cryptocurrencies during time of boom. Research by Beneki et 

al. (2019) carried out research on Ethereum and Bitcoin using the BEKK-GARCH model 

mainly for identifying the differences in volatility and explore its hedging capabilities. Number 

of significant swaps were identified in the Time Varying correlation as well as certain diversi-

fication skills in the early years of the study.  

 

Different multivariate GARCH methodologies were applied by Guesmi et al. (2019) for the 

time period between January 2012 and January 2018 which mainly focused on comparing the 

cross-impacts present of volatility spillover present between Bitcoin and other financial indi-

cators that provide insight into the economy. Most suitable framework to be applied in the 

current scenario is VARMA (1,1) - Vector Autoregressive Moving Average estimation tech-

nique. Applying hedging strategies that involve oil, gold, bitcoin and other emerging equity 

markets greatly helped to lower the risk present as compared to condition where bitcoin was 

not included. Similar sample and period were used for analysis by Charles and Darné (2019) 

and Balcombe and Fraser (2017) when further studies were conducted in the future. Addition 

made in these searches was extending the time period to march 2018 along with use of quasi 

maximum likelihood QML estimators for checking the data along with taking into account the 

jumps in bitcoin returns. Findings of the research showed that none of the six CARCH models 

used with short-memory and asymmetric impacts in the short-run and long-run were able to 

suitably mode the returns obtained from Bitcoin. Some researches using macroeconomic fluc-

tuations displays a few kinds of procyclicality (Zhu et al., 2013; Bel and Joseph, 2015; Jiao et 

al., 2018). Nonetheless, the relationship between monetary market vulnerability and the carbon 

market is as yet muddled. Given the urgent function of budgetary business sectors in reflecting 

monetary execution, expecting that a steady relationship exists between the commodity market 

and monetary business sectors is sensible. Additionally, as recorded by the vulnerability mov-

ing mechanism proposed by Bloom (2009), money related market vulnerability is profoundly 

coordinated with the genuine economy however is obviously unmistakable from different vul-

nerabilities. Accordingly, our investigation plans to give a superior comprehension of the mov-

ing instrument between monetary market vulnerability and the stock and commodity market.  
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Further, applicable investigations have principally centred around the unpredictability of the 

commodity market as indicated by the summed up general autoregressive restrictive hetero-

scedasticity (GARCH) model (Balcılar et al., 2016; Reboredo, 2014; Zhang and Sun, 2016; 

Zhuet al., 2013). In particular, Zhu et al. (2013) give proof that contingent Expected Shortfall 

(CoES) is a better measure than model danger overflow in Chinese carbon showcases by uti-

lizing ordinary plant copula. However, these examinations have just cantered around the un-

predictability overflow between the carbon and energy markets (Reboredo, 2014; Zhang and 

Sun, 2016) or have zeroed in on the danger overflow between the carbon and energy markets 

without thinking about lop-sidedness (Balcılar et al., 2016). To supplement the expanding 

measure of writing on hazard overflow among carbon and other monetary business sectors, our 

examination gives bits of knowledge into deviated hazard overflow with regards to carbon and 

money related market vulnerability. 

 

Recently, in many areas like finance, biostatistics, medical research, actuarial science, and 

econometric, copula has been measured to be a flexible way of constructing the dependence of 

multivariate data. As per, Kojadinovic and Yan (2010), copula does not require independent 

and identical normal distribution assumptions, are the main reasons the method is in demand 

as well as it has no constraints on the probability distributions.  Sklar's theorem states that for 

any continuous random variables, a copula can couple univariate marginal into dimensional 

distribution (Sklar, 1959). Especially, when the response variable is not commonly distributed, 

the copula regression is more appropriate than a traditional linear model. The financial econo-

mists drew more attention to corporate bond yield spreads because the global financial system 

was in extreme crisis throughout 2007 – 2009. De et al. (2013) and Guidolin and Tam (2013) 

discover the effect of the financial crisis on yield spreads and document that bond risk premia 

rise during this crisis. Choudhry (2016) investigates how the global financial crisis impacts 

yield spreads in European markets by using the GARCH-in-mean model. De Oliveira et al. 

(2018) discover that correlations of a set of yield spreads are much more significant than other 

times by examining a set of eleven U.S. fixed-income yield spreads. They feature their findings 

to a dramatic increase in experiences of fixed income securities to common risk factors, which 

was generated by the monetary emergency. 

 

Regarding the considers of (Balcombe and Fraser, 2017; Lu et al., 2011; Alameer et al., 2019), 

and (Li and Wei, 2018); their strategies depended on comparing between different asymmetric 



 54 

models proposed already such as TGARCH, PGARCH, EGARCH, and GARCH-M; their pri-

mary discoveries backed that deviated GARCH models plays a vital part in volatility forecast 

for day by day stock return totally in different nations, also they found that EGARCH models 

show more accuracy in estimation of instability. Hence, in comparison to the literature review 

discuses we can clearly see the research gap that many researches have considered using the 

volatility but quite few have used ARIMA, ARCH, GARCH, GJR-GARCH and VaR, measures 

together therefore further in-depth analysis will be discussed as theoretical demonstration re-

lating to the chapter in the section below.  

2.3 Theoretical Framework  
 
2.3.1 Financial Asset Returns  
  
Financial asset returns have numerous specific features that will be utilised for the expectations 

and choices concerning the models and specification which will be used in this paper.  

 

2.3.2 The Leverage Effect  
 
It was suggested that a monitored outcome in financial time series is that volatility inclines to 

be higher when prior periods returns have been bad. In addition, when it comes to the asym-

metric effect which is usually known as leverage effect, the debts stay the same while the com-

pany’s equity drops due to the falling of the share price of the company. It was also implied 

that this effect can be explained in equities. Furthermore, there is an indication that this will 

raise the debt-to-equity ratio therefore raising a central risk metric of the company and making 

it riskier. According to Brooks (2014) “A negative return should thus increase volatility in the 

equity or assets price more than a positive return should”. An alternative view to the leverage 

effect by Bollerslev (2006) recommended that an expected rise in volatility increases the an-

ticipated risk of the company. With the anticipated risk of the company, it was hinted that the 

risk-return ratio should therefore increase, and the share price needs to fall to accommodate for 

this. Therefore, meaning that the returns are reliant on volatility and not the other way 

around, as debated. To sum up, with the continuous monitoring of the leverage effect, there is 

no overriding explanation and does not really seem important as this type of a of analysis of 

measuring the asymmetry in the volatility of financial assets cannot be encountered by the 

volatility forecasts models.   

 



 55 

 

 

2.3.3 Methodology 
 

It is essential to take into consideration the possible risks that come with investing into assets. 

While this most concerns investors, it should always be considered by any participant in finan-

cial markets. It is also important for investors to do things such as predicting and modelling 

financial assets volatility in order to balance their portfolios. 

 

Marketing dynamic models are quite important for trying to predict a financial asset future 

move. This is because predicting future moves of financial assets require deep analysis of his-

torical data. Due to fluctuations in asset prices changing quickly over time predicting asset 

prices is quite difficult for investors and other market parties. 

 

Volatility is the measure of the variance of returns on a time series of asset prices over a given 

period. This helps quantify the risk of an asset. Extended periods of high market volatility 

followed by a period of low market volatility is commonly characterised by Volatility cluster-

ing. Also, Thicker tails than expected under normality are often displayed when observing. 

Some studies have proposed that these thicker tails might be so thick as to come from distribu-

tions with infinite moments. Looking at this under linear assumptions, this may introduce errors 

into the analysis of financial asset prices. This being said, recent studies in the literature have 

still come to show that financial time series exhibit nonlinear dynamics most of the time. 

 
2.3.4 Choice of Models  
 

For the capability to capture the observable volatility clustering effect described in chapter in 

the section of literature review carried with theory, the non-linear GARCH family models were 

included. The asymmetric models GJR and EGARCH were included in methodology section 

for their ability to capture the observed leverage effect. Finally, for the sake of discussion, both 

the Gaussian and Student's distribution were included as the distribution of the students could 

catch the observed fat tails in financial asset returns, as mentioned in this chapter. 
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2.3.5 Financial Risk Measures  
 
2.3.5.1 Value at Risk  
 
As stated by Jorion (1996), VaR is a financial metric used to estimate the loss of an investment 

within a certain time period. Calculating VaR depends on two numerical factors which are 

considered to be the main parameters; the time period of which the financial item is detained 

by the investor and the confidence interval. This concept was then applied to assess the risks 

of certain investment portfolios and contrast them with other markets by Duffie and Pan (1997). 

This fits in well with definition which states that VaR is the value depicting the overall risk of 

a portfolio in comparison to different markets (Dowd, 1998).  

2.3.5.1.1 Value at Risk Estimation  
 

The VaR measure is used for estimating financial risk. There are other methods of measures 

however it is suggested that this method is largely used as a process for estimating financial 

risk. Hull (2006, p. 471) stated that “the measures is defined as the maximum loss that will 

occur with a probability level of 1 – p”. Additionally, the repeatedly used “measure owes much 

of its popularity to its simplicity as it can be explained to anyone without previous knowledge 

in financial economics”. Furthermore, Hull (2006, p. 471) added that “Mathematically, the one 

period VaR, 𝑉𝑎𝑅!"#
$ , also called the q% -VaR, is defined as the solution to Equation 1” and 

also “ where 𝑝 is probability to lose more than 𝑉𝑎𝑅!"#
$ , the coming time period. The VaR for 

period t + 1 is calculated by using the information accessible in period 𝑡. The image of the 𝑝% 

VaR in a Gaussian distribution can be seen in Figure 1.  

						
	 𝑃 𝑟*𝑟!"# < 𝑉𝑎𝑅!"#

$ , = 𝑝	 (2.1)	

	
The confidence level used for this thesis is 90%, 95%, 99% and 99.9% and the total count for 

the time period is 7296. Hence the formula then become as shown in equation 2.2.  

 

	 𝑉𝑎𝑅 = (1 − 𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒	𝑙𝑒𝑣𝑒𝑙) ∗ 𝑇𝑜𝑡𝑎𝑙	𝑐𝑜𝑢𝑛𝑡 

	
(2.2)	

Which numerically for 95% will be: 
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	 𝑉𝑎𝑅 = (1 − 95%) ∗ 7296 

	
(2.3)	

Therefore, the equation that we will be using for calculation VaR will be as follows: 

 

	 𝑉𝑎𝑅 = (1 − 𝑝) ∗ 𝑡 

	
(2.4)	

Where 𝑝= Confidence level 

           𝑡= Total count 

 
Figure 2. 1 5%-VaR in a Gaussian distribution. 

 

 
2.3.5.2 Expected Shortfall   
  

Another indicator of financial risk is the anticipated deficit or the expected shortfall, ES. Ex-

pected shortfall is also same as conditional tail expectation and even referred to the TVaR in 

Europe. It demonstrates the worst loss during the time period measured with the percentage 

used to calculate it for the period. For our thesis we took the bottom 10% and 5% of the worst 

period for the stock exchange and commodity index. Hence, we will define ES as,  

 
“Estimated Shortfall is the anticipated value of the loss of the stock and commodity in the 

bottom 5% and 10% worst cases in 7296 days”.  

 

2.3.5.2.1 Expected Shortfall Estimations 
 
The calculation builds on the VaR principle and discusses what can happen in situations when 

the loss reaches the VaR for the day. It may also be argued that ES incorporates more 
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information than VaR, taking into account the predicated loss, and not just VaR’s threshold 

loss (Acerbi and Tasche, 2002). Its clear description can be represented as the predicted loss, 

provided that the loss calculated by VaR is surpassed Andersen et al. (2011) as established 

by VaR in Equation 2.1 Hull and White (1998). The ES for the coming time t+1 is determined 

using the details provided for in the current period t. The ES in the Gaussian distribution can 

be seen in figure 2.2.   

 

	 𝐸𝑆!"#
$ =	−𝐸	*𝑟!"#I𝑟!"# < −	𝑉𝑎𝑅!"#

$ , 

	

(2.5)	

             

 
Figure 2. 2  5%-ES in a Gaussian distribution 

 

Since, Expected Shortfall will determine the bottom worst cases, we calculated the bottom 10% 

and 5% worst cases in our thesis. In order to know the bottom worst cases, we will first arrange 

the data in ascending order to know the worst cases. After doing so we will run the equation 

for ES for both the indexes.  Hence, equation 6 was used for calculation. 

 

	 𝐸𝑆 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒	(𝐵𝑜𝑡𝑡𝑜𝑚	𝑤𝑜𝑟𝑠𝑡	𝑐𝑎𝑠𝑒𝑠) (2.6)	
 

For instance, in case of 5% we will have the equation as follows: 

	 𝐸𝑆 = 𝐴𝑉𝐺(𝑏𝑜𝑡𝑡𝑜𝑚	5%) (2.7)	
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2.3.5.3 Historical VaR (Historical Simulation)  
 

Historical VaR is just the rearrangement of the actual historical returns, organizing them in 

order from worst to best. The idea behind this is that we will get an assumption that the history 

will repeat itself from the perspective of risk. In one of the researches, it was examined the 

Value at Risk by using historical simulation, variance covariance and Monte Carlo approach 

(Benninga and Wiener, 1999). The use of historical simulation allowed them to save up the 

amount of data as it wouldn’t be spacious, on top of that it didn’t contain enough information 

regarding the profit and loss distribution. Other than that, the utilisation of historical simulation 

was a time-consuming process but contained its own advantages. One of the advantages was 

that it recorded all the recent market crashes that took place in the financial world. The use of 

variance covariance method is the fastest. Unfortunately, it was hugely dependent on some of 

the information which were assumptions about the market data and linear approximation of the 

portfolio which question their reliability. By far, this can be considered to be the fastest method 

for a quick VaR estimation.  

 

The other method that they’ve used was the Monte Carlo simulation. Despite being the strong-

est method, it is a slow pacing one. This method is considered strongest because they had the 

private information with historical monitoring that made them reliable to use. All the three 

methods used for their research produced a similar outcome by illustrating a basic information 

of approaching risk measurements techniques using Mathematica (Benninga and Wiener, 

1999). Through using these models, financial organisational can be able to regulate the daily 

day and intraday financial database which assist the Financial investors to understand the fi-

nancial strength and drawback of their organisation. Through analysing the practical risk 

measures for any organisation these models assist the organisation to analyse how they are safe 

in the financial condition in terms of dealing with the international financial market. Moreover, 

through using these models we will be able to recognise the loss and asset returns of a financial 

organisation. 

 

Since, historical simulation is used in many other advance unconventional risk measuring 

methods. For instance, HS procedure used in the copula simulations are a multivariate strategy 

to the calculation of VaR and ES. The approach is generally used by financial market profes-

sionals for its usability (Perignon and Smith, 2010; Bollerslev, 2006). In addition to its flexi-

bility, it also has a distinct benefit over more complex versions in that it contains the fat 
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customised features of financial asset returns. The system used by Acerbi and Tasche (2002) 

for estimating the VaR and ES using HS with copula simulation can be represented by sorting 

n-day returns and selecting the return equivalent to the q: the percentile of the lowest return to 

display the VaR. The ES is then calculated to be the average return below the VaR. There are 

varying views as to the number of days used in the simulation. As per, the (Basel Committee 

on Banking Supervision, 2010) the minimum requirement for the use of HS in risk management 

is 250 days. Consequently, according to Mehta et al. (2011), one year or around 250 market 

days is the most common time span to remember, followed by two and four years. There’s a 

trade-off with how many days the roller window is selected. The benefit for short windows is 

that they respond rapidly to changes in fluctuations.    

 

A drawback for shorter windows is that less observations are presumed to be least representa-

tive of the actual return distribution in comparison to larger windows. Therefore, in this thesis 

we will utilise two forms of the simulation with Historical VaR calculation along with copula 

framework – a 27 years’ time period. As the focus is on the VaR, using the confidence level of 

95%, 99% and 99.9% the chosen market days are 7296 so an accurate percentile can be made 

for the value of a loss.  

  

Despite being advantageous the simulations such as HS in copula framework method has sev-

eral disadvantages. Barone-Adesi et al. (2008) highlights how it assumes that the distribution 

of returns remains the same over time, however, the volatility clustering in many cases makes 

this debatable. Furthermore, the timeframe chosen to focus on for the simulation can produce 

differing outcomes, raising the question of how long the time period chosen should be.  

 

2.3.5.3.1 Historical VaR Estimations  

 

To calculate the estimated VaR through HS, equation 2.8 can be utilised; this is where rτ is the 

𝑞!% percentile lowest return within the assembled list of return over the previous n days.   

	 𝑉𝑎𝑅!"#
$ = 𝑟&S  (2.8)	

Likewise, equation five calculates the estimated ES through HS where, ri is the individual re-

turn at placement i from lowest to highest and τ is the number of days the loss sur-

passed the VaR.  
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𝐸𝑆!"#

'S =	
1
𝜏V𝑟(

)

(*#

 
(2.9)	

Hence, we have taken the 10% and 5% percentiles for the estimation of Historical simulations 

and the simpler version of the formula used can be seen in the equation below: 

	 𝑡 = 𝑇𝑜𝑡𝑎𝑙	𝐶𝑜𝑢𝑛𝑡 (2.10)	
 

	 𝑤 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 ∗ 𝑡 

	
(2.11)	

	 𝑥 = 𝑏𝑜𝑡𝑡𝑜𝑚	1+!	𝑉𝑎𝑙𝑢𝑒	 (2.12)	
 

	 𝑧 = 𝑏𝑜𝑡𝑡𝑜𝑚	2,- 	𝑉𝑎𝑙𝑢𝑒 (2.13)	

The bottom values can be easily calculated using the small function in the excel for both the 

percentiles.  

	 𝐻𝑆 = 𝑧 − 𝑥	 

	
(2.14)	

Hence using the equations, the historical VaR is calculated and determining whether history 

will repeat itself or not which can later be seen in the data analysis.  

 

 

2.3.5.4 ARCH and GARCH 
   
Proposed by Engle (1982), says that the restrictive instability of a time arrangement can be 

assessed utilizing the recorded unpredictability of the arrangement just as the squared past re-

turns. The model, for which he was later granted the Nobel prize in financial matters (Nobel 

Media, 2003), isn't often utilized practically speaking anymore. This is halfway because of its 

constraints with respect to the number of slacks are incorporated of previous returns, which 

means the number of past returns is relied upon to influence the present volatility (Brooks, 

2014). A model that tackles this issue is the GARCH model, proposed by Bollerslev (1986). 

The model adds the past periods conditional volatility times a coefficient to the Curve model, 

in this manner catching each past periods returns in diving significance as the previous restric-

tive unpredictability relies upon the day before the previous contingent instability and returns, 

etc.  
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The ARCH and GARCH model, used in this thesis is designed in a way to use different effects 

of negative and positive shocks on conditional variability or other types of asymmetries. This 

type of model aims to develop a measure of variability that can be used in the financial deci-

sion-making process. 

 

There are asymmetric dynamics in the financial ranks. Asymmetry is when the instability is 

higher, when the return is negative. They stem from transaction costs, market frictions, re-

strictions on short sales, changes in market sentiment and more. Stock prices can fall sharply, 

which takes a longer period to rise under the same conditions. That is, when stock prices fall, 

instability usually increases, and this asymmetry of volatility is called the "leverage effect" 

(Campbell et al., 1998). Besides stock market, asymmetry is observed in commodities Acerbi 

and Tasche (2002), precious metals. There are two ways to capture metric and nonlinear dy-

namics: autoregressive conditional models of heteroskedasticity, or with threshold models. 

 

Financial markets often show volatile volatility, autoregression and moving average models 

cannot capture nonlinear dynamics. 

Autoregressive conditional heteroskedasticity (ARCH) and its derivative models are widely 

used in modelling and forecasting asset dynamics. This is the generalized autoregressive con-

ditional heteroscedasticity, GARCH. 

 

2.3.5.4.1 ARCH and GARCH Estimations 
 
The parametric VaR-estimation method assumes a distribution of probability for potential re-

turns, and then finds the value of the VaR given the probability q defined. Nonlinearities in 

time series may come from conditional mean or conditional variance, or sometimes both. These 

nonlinear time series of conditional mean are modelled through either Threshold Autoregres-

sive Models (TAR) or Markov switching models. However, if the nonlinearity is a result of 

conditional variance a series such as the autoregressive conditional heteroscedasticity (ARCH) 

models developed by (Engle, 1982). These models describe the variance of current error term 

as a function of the previous periods error terms. This model was later developed by Bollerslev 

(1986) into the generalized autoregressive conditional heteroscedasticity (GARCH) which al-

lowed for changes in the time dependent volatility such as decreasing or increasing volatility 

in the same series. 
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The methodology of this research focuses on ARCH and GARCH model. Since conditional 

variance model has advantages that describe time series data properties, therefore in the meth-

odology we will be using an approach that best describe each property of time series data. Its 

certain that the returns of asset have a positive excess kurtosis which basically determines that 

their probability density function peak is sharp when compared to a normal probability density 

function peak. The tails of returns PDF (probability density function) most of the time embod-

ies higher PD (probability density) than the PDF shoulders hence the PDF has quite well-

known fat-tails. Volatility or the Instability tends to cluster into periods with higher and lower 

instability. This impact implies that instability at a few times must be subordinate on its au-

thentic values say with a few degrees of reliance. Returns fluctuations and Vacillations have 

topsy-turvy asymmetric effect on instability and volatility. Instability changes more after de-

scending return move than after upward return move. Consider the common shape of condi-

tional change variance model. 

 

	 𝛼! = 𝜇! + 𝑒! , 𝑒! = 𝜎!𝜀! (2.15)	
 
Here, 𝛼! is a dependent variable consisting of mean 𝜇! and ℓ! as innovation. However,	𝜇! is 

the conditional mean of 𝛼! making the equation as where arbitrary 

historical information is  which affects the value of . Every  is modelled by the most 

appropriate linear regression model by the use of the AR process.  is kept fixed.   basi-

cally, consists of the volatility which is the root of													𝜎!					where 

 and the variable from -distribution  

or simply .  

 

Hence, the whole equation 2.16 in the econometrics literature of the model of conditional var-

iance can be written as:  

 

	 																									𝛼! = 𝜇! + 𝜎!𝜀! = 𝜇!".%!/!*0(2!"#)".%(2!"#)/! (2.16)	

Where  is non correlated but dependent  term. Where  = non-linear function making the 

mean non-linear in the model vice versa considering  to be non-linear in terms of the variance 

which mean  keeps on changing the non-linearly with   through the function of . Making 

autoregressive conditional heteroskedasticity definition clear.  
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2.3.5.4.2 ARCH 
 
The ARCH(m) model for  when taking into account the equation 2.17 and specifying the 

conditions based on the historical information  the equation then becomes: 

	
																									𝛼! = 𝜇! + 𝑒! , 𝑒! = 𝜎!𝜀!	𝜎!5 = 𝛼6 +V𝛼(𝑒!7#5

8

(*#bccdcce
9:,-(!(:,

 
	
(2.17)	

Where  using the random variable and -distribution having the mean as zero and the unit 

variance. Dropping the  which gives the equation as: 

 

  
	 𝛼! = 𝑒! , 𝑒!𝜎!𝜀!	𝜎!5 =	𝛼6 +	∑ 𝛼(𝑒!7#58

(*# 	

	

(2.18)	

keeping the exogenous variables with regression mean makes the equation 2.19 
 

	
																								𝛼! = 𝛾6 +V𝛾(𝑥!,( + 𝑒! ,

<

(*#

	𝑒! = 𝜎!𝜀! , 			𝜎!5 =	𝛼6	 +V𝛼(

8

(*#

𝑒!7#5  
(2.19)	

 
The immense fluctuations in the historical time period makes the affect quite significant on the 

current volatility or the variance.  In regards to the positivity and stationary variance  hence 

satisfying the coefficient of the constraints in equation 2.20 as follow: 

	
𝛼6 > 0, 𝛼# ≥ 0,… . , 𝛼8 ≥ 0,V𝛼( < 1

8

(*#

 
(2.20)	
	

The Hypothesis for ARCH Test for this chapter is  

𝐻6: The squared residuals are not autocorrelated – no ARCH effect. 
𝐻#: : The squared residuals are autocorrelated – given time-series exhibits ARCH effect. 
 
2.3.5.4.3 GARCH 
 
Introduced in 1986 Robert Engle’s PhD student Tim Bollerslev (1986). Both the models of 

ARCH and GARCH allows leptokurtic distribution of the innovations  and the conditional 

heteroskedasticity (volatility clustering) but both of them don’t adjust the leverage effect in 

time series data. However, the ARCH model uses high order  hence parameters need to esti-

mated which brings the need of higher computing power. The higher value order of  brings 

in the probability of the breaking the constraints mentioned before in equation 2.20 used for 

the computation further in data analysis. With this in mind and in light of the fact that the 
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GARCH model is more generally utilized practically speaking than the Curve model (Brooks, 

2014, p. 428), just the GARCH model and not the Curve model, will be evaluated in this pos-

tulation. The numerical definition for the GARCH model can be seen in below equations. 

 

With the estimate ()-function on individually defined arch ()-, garch ()- and gjr()-objects, the 

coefficient estimation for the models in the GARCH-family was produced. Matlab will be used 

to calculate the coefficients using maximum probability estimation, or MLE, using the logged 

returns. The method works by estimating the most likely coefficients to fit the data and is used 

as it works on non-linear models, like the GARCH family of models Brooks (2014, p. 

431). New coefficient estimates for the ARCH, GARCH and GJR models with MLE (maxi-

mum likelihood estimation) were made each business day, using return data for the 7296 pre-

ceding market days. This specific number of days was chosen because it is equivalent to ap-

proximately 27 years, a satisfactory amount of time to generate statistically significant esti-

mates of the coefficient and to include various periods of financial uncertainty in the esti-

mates. Then the variables with their coefficient estimates were used to predict the volatility 

σt+1 of the following day. No coefficient estimation was performed for the simulation models 

in copula model and σt+1 was calculated using the fixed value λ = 0.94 instead. The Degrees 

of Freedom ν were also calculated using MLE for the models using the student’s t-distribution.  

  

As GARCH is upgraded than ARCH as it basically permits the current volatility to be depend-

ent on the values lagged directly. The GARCH (m,n) is basically defined as follows in equation 

2.21:  

	
																								𝛼! = 𝜇! + 𝑒! , 𝑒! = 𝜎!𝜀! , 𝜎!5 =	𝛼6 +	V𝛼(𝑒!7#5

8

(*#

+V𝛽(𝜎!7=5
,

=*#

 
(2.21)	

This makes  random variables using  - distribution and mean as zero and the unit variance. 

Making the parameter constraints quite similar to ARCH model: 

 

	
𝛼6 > 0, 𝛼( ≥ 0, 𝛽= ≥ 0,V𝛼(

8

(*#

+V𝛽= < 1
,

=*#

 
(2.22)	

Keeping GARCH (1, 1) with 3 parameters which describes complex volatility structures and 

its process for the sufficiency of applications. The volatility of the future can be forecasted   

of the GARCH (1, 1) model taking  
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	 𝜎!")5 = 𝜎5 + (𝛼# + 𝛽#)> = (𝜎!5 +	𝜎5) 

	

(2.23)	

Where 

	 𝜎5 =
𝛼6

1 − 𝛼# − 𝛼5
 

	

(2.24)	

 is the unconditional variance of innovations. Observing  as  which makes 

the equation . The volatility of the predication of time asymptotically to the uncon-

ditional variance.  

 

The equation 2.24 presumes to be squared provisional volatility times an identical and inde-

pendently distributed alterable following a dissemination with 0 mean and an average devia-

tion of 1. The true distributions of index price time series are unknown however both Gaussian 

and students t-distributions are to be examined. 

  

The provision volatility for the foreseeable future, number of days is exemplified as shown in 

the equation 2.23 above, the current is t+1 which is shown as , moreover  is the return 

for the current period. Coefficients is used within the model to allocate weights to the variables 

within the equation, based on presumed significance in the upcoming periods volatility. The 

coefficients are β and 𝛼 assisted with a constant λ. A restraint on the coefficients is that α ≥ 0 

and β ≥ 0 in order to avoid an adverse conditional volatility (Brooks, 2014). In equation 2.22 

the summation signs enable the inclusion of many past periods returns and conditional volatil-

ities instead of only few, 𝑡 and 𝑡 therefore show the number of days included. Alternatively, 

Hansen and Lunde (2005) state setting 𝑡 and 𝑡	to anything instead of 1, will not have a signifi-

cant outcome in the forecast result, therefore in order to satisfy the aim of keeping the 

method rationally logical it must be set to the number of returns in the data. The arithmetic 

definition of the GARCH (1,1), the GARCH model simplification, can be seen in Equation 

2.23 The GARCH (1,1) model for the remainder of the thesis will be referred to as the 

GARCH.   

 

2.3.5.5 GJR-GARCH  
 
The inadequacy of the GARCH model is that it does not take in consideration the claimed 

leverage effect presents in the returns of assets, equity indices and commodity indexes. The 
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model which consists the characteristics to combat this is GJR-GARCH model developed 

by Glosten et al. (1993) this adds a leverage factor to the GARCH model.  

2.3.5.5.1 GJR-GARCH 
 
GJR-GARCH was developed by Glosten et al. (1993). GJR-GARCH is also known as T-

GARCH or TARCH if ARCH is used with modification along with GJR. GJR-GARCH (p, q, 

r) is described as follows:  

	 𝛼! = 𝜇! + 𝑒! , 𝑒! = 𝜎!𝜀! (2.25)	
 

	
𝜎!5 = 𝛼6 +V𝛼(𝑒!7(5

$

(*#

+	V𝛽=𝜎!7=5

'

=*#

+	V𝛾𝑘
)

<*#

𝑒!7<5 𝐼!7<, = 𝐼! = {10			𝑖𝑓	𝑒! < 0	

																																																																																																																													otherwise	

	
(2.26)	

Since, this adjusts for the asymmetric responses of the ups and downs that is the volatility to 

innovation fluctuations it is quite efficient.  

 

For our methodology we used the above equation 2.26 in which leverage coefficients is  and 

indicator function is . For  consist of the negative innovations  giving the additional 

value of the volatility  achieving the adjustment for the impact asymmetrically on the vola-

tility as mentioned in the methodology in the beginning. For the  getting GARCH (m = 

p, n = q) model now for  the results are impeccable if the prices are in upward swing 

which can later be seen in the data analysis on the volatility than the downward moves. In our 

computation the GJR-GARCH (p, q) is used where the order of the leverage is  which makes 

it automatically equal to . The parameters constraints are as below in equation 2.27: 

	
𝛼6 > 0, 𝛼( ≥ 0, 𝛽= ≥ 0, 𝛼( + 𝛾< ≥ 0,V𝛼(

$

(*#

+V𝛽= +
'

=*#

1
2	V𝛾< < 1

)

<*#

 
	
(2.27)	

Estimates of μ and σ were required to test these equations. As our own σ2 of the next cycle 

was calculated by various GARCH models, and these values were used as the standard devia-

tion of the return distribution as σ = uncertainty for the next days. We used an exponentially 

weighted moving average of the last 7296 days for the predicted return μ. The same data was 

then used in the μ- and σ-estimations. Equation was then used to measure the expected return 

μ, where wi is the weight given by Equations.  Systematic underestimation of the risk occurs if 

loss eclipse the VAR higher than the percentage of percentile on that specific day.  
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GARCH-models with corresponding distribution assumptions for the σ2-estimations were used 

for estimations of VaR with Gaussian- and t-distributions. Kupiec (1995) proposed a ratio test 

which is used to test null hypothesis. The test measures the reliability of VaR when a confi-

dence interval is provided. Hence, a Kupiec test was used to test the validity of the estimates 

produced, yielding test statistics that were compared to significance levels derived from the χ2 

distribution with 1 degree of freedom, which is 3.84 for the 95 % confidence interval. The 

degree of freedom is noted by the test statistic which belongs to a 𝑉𝑎𝑅	- distribution, 1 is the 

considered as the degree of freedom in this equation 2.28.  

 

Hence, GJR-GARCH becomes,  

 

	 𝜎w!")5 =	𝛼6 +
𝛼6"?#
2 +	𝛽#𝜎!5(𝑟 − 1) 	

(2.28)	
 

We have used the linear GARCH and non-linear GARCH models in the maximum likelihood 

MLE, quasi maximum likelihood QMLE and robust estimation method.  

 

Equation 2.28 shows the mathematical meaning of the GJR-GARCH (1,1) this is defined in 

equation 2.27. The coefficient used is presumed to be in the positive accounts for the leverage 

effect however a negative return would have a greater effect on the conditional volatility rather 

than a correspondingly large positive return. The GJR-GARCH (1,1) model will be signified 

as the GJR for the rest of the thesis.  

 

A critical examination of a study about values the risk methodologies. In order to measure the 

volatility of the portfolios, parametric, non-parametric and non-parametric density methods 

were used. Gómez et al. (2018), states that the performance of the parametric approach depends 

on the distribution of the financial returns and the volatility model that was used to estimate 

the conditional volatility of returns when predicting the VaR. In the study, entitled Value-at-

Risk and Extreme Returns, investigation of the conditional, unconditional methods and histor-

ical simulation. The fundamental findings of this study were that historical simulation was 

stronger and  as such that the implication of tails did not yield appropriate and desired results 

in the finding of  the  risk  investors’  investment.  Optimal hedging, insurance, pricing of far 

out of the money options, and the Value-at-Risk (VaR) implementation are examples of 
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accurate downside risk examination that is necessary for financial application. For VaR esti-

mation, several methods have been proposed. Some rely on the use of condition volatility, such 

as the Risk Metric methods based on GARCH. Whereas, other rely on the historical distribution 

of the returns is unconditional, which includes historical simulation. Yao and Sun (2018) sug-

gested the uses of extreme value methods, estimated tail probabilities as semi parametric meth-

ods.  Conditional parametric methods were shown by GARCH with normal innovation to im-

plement risk metrics, which  was  the  under-predicted  VaR  for  a sample of U.S. (Danielsson 

and De Vries, 2000). One of the major concerns that has been raised and critically analysed 

was  why  VaR  models  collapsed  and  could  be  done.  Essentially, the focus   was   on   two   

primary   approach, conditional   and   unconditional   empirical methodologies, which   have   

led   to   indisputable   evidence   in   all   equity   markets: unconditional models typically 

struggle to fulfil the critical  test  of  conditional  coverage. This is valid regardless of the 

projected distribution of return or even if the portfolio is long or short.  The results of the study 

are based on a comprehensive back-testing study, similar to conditional (GARCH-based) VaR 

methods with their unconditional counterparts in the equity markets (Gokbulut and Pekkaya, 

2014). 

 

Therefore, our study will try to update all the data and information that are gather from previous 

studies regarding the measurement of volatility and testing leverage effect of S&P500 and Gold 

Price Index. In addition, it will also cover the important events that affect the economic condi-

tion regionally and globally. This kind of study will help to generalize and forecast the stock 

market volatility and take different decisions regarding the investment in different firms.    

Further to all the research literature discussion, we will apply appropriate model proofs by 

using the lower AIC values, in contrast to other studies assuming normality and linearity. More-

over, our results have significant effects for practitioners like hedgers and policymakers in the 

commercial gold market and even in stock market.  

2.4 Data Analysis 
 
The purpose of the paper is to investigate the volatility and risk between a commodity and 

stock exchange hence for this purpose Gold Price is taken as commodity and Standard & Poor's 

index S&P500 has been considered. Daily return of S&P500 and Gold Prices from the date of 

01 January, 1992 to 01 January 2020, a time series data of around 27 years was obtained from 

S&P500 website and Historic Gold Prices from Yahoo finance. We have not considered the 

non-trading days as the stock exchange remained closed during weekends. The data consist of 
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7296 total observations for which log return expression was used as 𝑅𝑇 = 𝐿𝑁( @!
@!$#

) because 

the purpose is to evaluate the dependence structure of Gold prices and S&P500.  

In two main strands, we study the empirical results. Firstly, using the conventional methods 

namely, VaR, Expected Shortfalls, Historical VaR, we create the dependency structure of the 

considered stock market and commodity in this thesis. Secondly, the study focuses on using 

volatility measures, ARCH and GARCH for both the indexes tested. 

2.4.1 Programming  
   
The programming used for the estimations in this study is basically for measuring the risk 

involved in the investment of the indexes used. Therefore, MATLAB has been used for the 

estimations because of the rigorous environment. Since, the utilization and applicability of the 

Econometric toolbox and being user friendly all tests were conducted in MATLAB programme 

(MATLAB 2014). The MATLAB code used for this chapter is proposed by (mmquant, 2016).  

 

Table 2.1 presents the statistical measurements of prospects return of S&P500 and Gold Index 

which incorporate the mean, standard deviation, skewness, kurtosis, and relationship as well 

as the Jarque-Bera ordinariness test and the heteroscedasticity test between two prospects re-

turns. It is clear both the two prospects return displayed negative skewness and higher kurtosis 

than the ordinary distribution, inferring leptokurtosis property in S&P500 and Gold Index pro-

spects return conveyance. Other than, the JB typicality tests dismiss the typical dissemination 

theories for the commodities and stock prospects returns dissemination, confirming the need 

to utilize non- Gaussian dispersions. And the heteroscedasticity test comes about to demon-

strate that the remaining arrangement shows GARCH heteroscedastic effects.   

 

In Table 2.1, we can see the descriptive statistics of the two indexes returns. The dataset has 

covered an extensive period of around 27 years which includes turmoil periods for both in-

dexes. Thus, the table provides a comprehensive analysis of the two indexes returns. The mean 

and mode of indexes is zero. Skewness of both is negative but Kurtosis is high positive num-

bers. The non-normality of both data can be monitored and seen by the Table 2.1 figures. 
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 S&P500 Gold-Price 

Minimum -0.0946 -0.0951 

Median 0.000269 0. 000103 

1ST Quartile  -0.00403 -0.00425 

Mean 0.020     0.028     

3rd Quartile  0.00526 0.00471 

Mode 0 0 

Std dev 0.981      1.089 

Skewness -0.110   -0.278 

Kurtosis 11.371    12.512 

Correl (lin/rnk) 

Jarque-Bera (p-value) 

-0.028  

0     

-0.041 

0 

Range  0.2042 0.1975 

Maximum 0.10957 0.1024 
Table 2.1 Summary Statistics of the Index Returns 

Figure 2.3 demonstrates the time series plot of both the indexes. A relationship between 

S&P500 and Gold-Price index can be seen. Though this will be clear from further analysis. But 

there is a strong movement between the two markets. The returns of both indexes increased 

quite significantly between the period of 2013 to 2014 but there was a sudden drop in Gold 

Price Index during 2012-2016 which was the due to the crisis but Gold Prices return continued 

to increase despite the effects of Asian financial crisis.  There was a fluctuation of both indexes 

from 2005 to 2019. 

The consideration of both parametric and non-parametric model is considered. For this part, 

flexible and simple skewed t distribution of Hansen and Lunde (2005) see Jondeau and Rock-

inger (2006) was analysed. When  l = 0 the standardized Student’s t distribution is recovered. 

Therefore, the following values when added to the equation were used results were found to be 

accurate according to Patton (2013). 

 

For Skewed Normal distribution n = ¥ and the combination of n = ¥ and l = 0 resulted in N 

(0; 1) distribution. For empirical distribution function 𝐹A{  of non-parametric estimation, the fol-

lowing function is used: 
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𝐹A	{(𝜀) =

1
𝑇 + 1V1

>

!*#

{𝜀A!| ≤ 𝜀} 
(2.29)	

In the experimental ponder, we select the S&P500 stock index prospects and the Gold Stock 

Index rough commodity prospects as tests, with the inspecting information of closing costs. 

Fig. 2.3 shows the returns of S&P500 and Gold Index, from which we can see that the two 

indices’ prospects return have instability clusters and determination. The instability of huge 

prospects returns tends to be accompanied by emotional instability in this way, and the insta-

bility handle incorporates an inclination of coherence and mean-reverting.   

 
Figure 2. 3 S&P500 and Gold Price index returns 
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Since it can be seen from the returns and the prices figure 2.4 and 2.5 that the most volatility 

can be seen from the period of 2005 to 2020. We further investigated this volatility by using 

ARCH  and GARCH on the time period of 2005 to 2020. This can be seen in the analysis below 

from the results and the figures.  

 

The results in Table 2.2 for overall period of the VaR method were drastic from 1992 to 2020 

the VaR was highest for the 99.9 % percentile and lowest for the 95% for Gold Price index and 

for S&P500 VaR at 95% is highest and lowest at 99.9 % which shows that both indexes might 

have negative correlation.  But while the concept of VaR is straightforward, its implementation 

is not. There are a variety of models and model implementations that produce very different 

estimates of the risk for the same portfolio. While previous studies have focused on how dif-

ferences between models cause variation in VaR, the study “Evaluating Value at Risk Meth-

odologies: Accuracy versus Computational Time” considers how differences in the implemen-

tations of the same model produce variation in VaR (Pritsker, 1996). This can be seen in the 

literature review as well from the other studies.  

VaR Model 

Confidence level  Gold Index  S&P500 

VaR (90) 0.192% -0.278% 

Gold Price Index
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Figure 2. 4 Closing price and returns Gold Price Index Figure 2. 5 Closing price and returns S&P500 
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VaR (95) -0.530% 1.017% 

VaR (99) -0.322% 0.442% 

VaR (99.9) 1.790% -0.603% 

Table 2.2 VaR Model 

For Historical VaR in table 2.3, the results for the estimation were quite admirable and feasible 

as the consensus derived from the historical situation and data is viewed more efficient as far 

as the risk mechanism is considered. Hence the results for historical VaR at 10% for both in-

dexes were quite similar within the range of -1% and even for 5% the difference was not quite 

high.  

 

Historical VaR 

Historical VaR  Gold Index  S&P500 

Historical VaR (10%)  -1.028% -1.118% 

Historical VaR (5%) -1.491% -1.703% 

Table 2.3 Historical VaR 

 

The Expected Shortfall method yielded in results shown in table 2.4 that are favourable in terms 

when the data is arranged in the correct manner. The results for 10% for Gold Price Index was 

little higher than the 5% which means that worst cases at 10% are at the level of -1.781%. 

However, the results for ES at 5% for both indexes is around 5.5% this demonstrates the worst 

case scenarios for both indexes were around the same range during the time interval used. The 

results of all three methods were similar and demonstrate a very basic approach to risk meas-

urement techniques. The studies discussed in literature review also support the outcome of the 

analysis for the conventional methods.  
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Expected Shortfall 

Expected Shortfall Gold Price Index S&P500 

Expected Shortfall (10%) -1.781% -5.293% 

Expected Shortfall (5%) -5.500% -5.584% 

Table 2.4 Expected Shortfall 

Considering the parameter estimations being obtained for each of the model and the data set is 

the first step for evaluating the volatility of the asset indexes. In order to depict the estimations, 

the parameters are re-estimated on daily basis displaying time series over 27 years. The figure 

2.6 and Figure 2.7 shows the volatility clusters clearly. The model used for the computation is 

as follows: 

	
	

 

	

	 						𝑟! 𝑐 + 𝜑#𝑟!7# +	𝜑#𝑟!75bcccccdccccce+ 𝜎!𝜀!�
B!

C!

 (2.30)	

																																																					𝜎!5 =	𝛼6 + 𝛼(𝑒!7#5 + 𝛽(𝜎!7#5    (2.31)	
 

 

Figure 2.4 showing the return prices of S&P500 it can be seen from the closing prices that the 

prices in the early 1990s were quite low and it gradually increased in the early 2000s but having 
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Figure 2. 6 Autocorrelation of returns Gold Price Index and S&P500 
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a downfall in 2003 whereas again it continued to grow gradually but came down in 2009 and 

then increased gradually over the years and went quite high in 2019 but decreased quite a lot 

in late 2019s and again now there is an increase in the prices. However, in case of Gold Price 

Index the data of the returns and the closing prices is quite limited in early 1990s, seen in figure 

2.5 however in early 2000s the closing prices increased quite drastically till late 2000s with 

slight downfalls but increasing impeccably in 2011 with ups and downs. Its peak was during 

the years between 2012 till 2013 with downfalls in 2014 but again the prices became quite 

volatile with increases and decreases till the early 2020s. Overall, both the indexes are quite 

volatile which is demonstrated in the return figures for both S&P500 and Gold Price Index. In 

case of the indexes used S&P500 and  

 

Gold Price Index volatility is seen in clusters in periods having higher and lower volatility. The 

effect of the periods of volatility is considered to be dependent on the historical values to some 

degree of dependence in most cases. The changes in the volatility are often after the downward 

return move than after the upward return move.  

 

Further the results of ARCH model for S&P500 and Gold Price Index are shown in figure 2.6. 

Autocorrelation function (ACF) and Partial Autocorrelation Function (PACF) show the returns 

are autocorrelated for both the indexes which can also reject the Ljung-Box test in which the 

value of p= 0.0023 hence this notifies that there is at least one figure which is non-zero corre-

lation coefficient in p (1), p (2), p (3). The returns are exhibited at lag 2 which is L=2 for both  
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Figure 2. 8 Conditional heteroskedasticity of returns S&P500 and Gold Prices Index 
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the cases.  In addition, under the 95% confidence, the acceptance threshold of LR figure is 

3.84, which is considered suitable only if the LR is less than or equal to 3.84.as when LR is 

more than 3.84, it suggests that you cannot precisely predict market risks with the method used.   

 

It has been examined that the lag properties of the figures 2.7 demonstrates that the outcome is 

quite based on the lag of the variances of both the stocks. The results given are in accordance 

with the analytical threshold. In this segment of analytical research, it is clear that both methods 

can be precisely predicting the potential threats in the selected gap and certainty, and the ex-

amination outcomes confirm that both methods are extremely definitive. 

 
As ARCH and GARCH models are univariate for this chapter they do not adjust for the lever-

age effect they allow for the leptokurtic distribution of volatility clustering (including het-

eroskedasticity) in the time series data. The results of conditionally heteroskedastic portrays 

the variance of the returns are significantly autocorrelated which means that the returns are 

conditionally heteroskedastic. Since lag is 1 in this analysis therefore L=1 in this case.   

	 𝑟! = 0.061224 − 0.00912𝑟!75 + 𝜎!𝜀!�
B!

 (2.32)	

 
	 𝜎!5 = 0.01733 + 0.11078𝑒!"#5 + 0.876208𝜎!7#5  

	
(2.33)	

In equation 2.32 and 2.33, the results for the ARCH-LM test can be located there. The results 

how the ARCH affects residuals and the rejection of any null hypothesis. This indicates the 

returns of S&P500 and Gold Index series are volatile which will be discussed further in the 

analysis. In Figure 2.9 and 2.8, the return series graph shows an assembling pattern on volatil-

ity. To model this conditional heteroscedasticity, we apply GARCH process which has an 

ARCH effect on the residuals. Subsequently, the data has not been dispersed as normal, which 

means they estimate the student’s distribution. Using Iterating Marquardt steps to maximize 

the log-like function, then estimate the GARCH limitations and ARMA mean equation (1,1). 

In table 2.7, the estimation results can be found. The results show α0, the constant term, α1, 

the ARCH term and β1 which is the GARCH term are statistically substantial. The ARCH test 

results reject 𝐻6 with very small p-values to favour 𝐻#which suggests that 𝑒!are autocorrelated- 

this further demonstrates that the returns are conditionally heteroskedastic. 
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	 𝑟!= 𝑢! + 𝑒!  , 𝑒!= s!e! 

 

(2.34)	

 
𝑢D= conditional mean and 𝑒D = 𝑐𝑜𝑛𝑑𝑡𝑖𝑜𝑛𝑎𝑙	𝑖𝑛𝑛𝑜𝑣𝑎𝑡𝑖𝑜𝑛. We describe our 𝑟D	by AR-GARCH 

models by setting up the ARIMA model objects. Which is displayed in equation 2.30 

			𝑟! 𝑐 + 𝜑#𝑟!7# +	𝜑#𝑟!75bcccccdccccce+ 𝜎!𝜀!�
B!

C!

 and 2.31  𝜎!5 =	𝛼6 + 𝛼(𝑒!7#5 + 𝛽(𝜎!7#5  The results are similar 

as with AR-GARCH approach because AR(2) plays insignificant role in AR-GARCH.  

This signifies the conditional variance correlates to the lagged variance and lagged squared 

disturbance. The newscast about instability has expounding power for the next period of insta-

bility. This model output is available in the methodology.  

	 𝑟! = 0.021856 + 0.01164!"5 + 𝜎!𝜀!�
B!

 (2.35)	

 
	 𝜎!5 = 0.009916 + 0.0533𝑒!"#5 + 0.9399𝜎!7#5  

	
(2.36)	

The account responsible demonstrates the α1 measures to a degree into the next period insta-

bility Campbell et al. (1998). Within the sequence, S&P500 and Gold Index, the coefficient is 

0.090591 which demonstrates the encumbering instability over the period of the sequence. The 

estimate of β1coefficient 0.906023 demonstrates long memory in the alteration. This specifies 

the changes in instability will affect future instabilities in the long run or the impact of insta-

bility is durable and long-lasting. To summarise the ARCH and GARCH term, α1 β1 is 

0.996614 indicating instability shocks are tenacious. The Financial repercussions due to these 

coefficients for investors was that the S&P500 index returns instability cluttering. This author-

ises investors to establish future positions due to this characteristic. Subsequently, in 1993, they 

applied Ding et al. (1993), a trial to determine if the sequence required an asymmetric model. 

The trial applied the GARCH (1,1) model residual.  To find the instability is a sign biased, they 

test for the significance of the ϕ1in equation 2.34. The test demonstrates the test results, the 

negative shock (ϕ1) is statistically significant. This demonstrates the positive and negative 

shocks have impacted asymmetrically on the conditional variance. Furthermore, the negative 

shock bias trial demonstrates that asymmetry originates from the negative shocks. To conclude, 

the combined test for both sign and size bias equations 2.31 finds ϕ2 and ϕ3 are significant.  
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ARIMA (2,0,0) Model 

Conditional Probability Distribution: Gaussian 

Parameter Value Standard 
Error 

t 
Statistic 

Constant 0.0612241 0.00922258 6.6385 
AR {2} -0.0091152 0.0119692 -0.761552 

Table 2.5 ARIMA (2,0,0) Model S&P500 

The table 2.5 above basically shows the parameter when using the conditional probability dis-

tribution: Gaussian model for S&P500 and it can be seen that the value of AR {2} is close to 

zero and the standard error for both cases whether the parameter is taken as constant or as a 

variable is quite volatile. This clearly depicts the risk involved in the S&P500 index.  

 
ARIMA (2,0,0) Model 

Conditional Probability Distribution: Gaussian 

Parameter Value Standard 
Error 

t 
Statistic 

Constant 0.0218567 0.0146284 1.49413 

AR {2} 0.011647 0.0160243 0.726831 

Table 2.6 ARIMA (2,0,0) Model Gold Price Index 

However, in case of Gold price index (Table 2.6) the value of AR {2} is in positive and not 

that close to zero as compared to table 2.6 (S&P500) there can be many factors involved in this 

as the volatility of a commodity is being compared to a stock index. Since volatility is driven 

from social, economic events (shocks), political events as the occurrence of these event lead to 

the significant return and fluctuation of the prices having potential of the spill over effects 

throughout the markets and the sectors. These effects of volatility spill over throughout the 

sectors and market are quite vital for examining the mounting complexity of the price index 

shocks to know the implications which can be local, regional or even global (Shrydeh et al., 

2019). Since, the standard errors in both scenarios seems minimum whether it is S&P500 or 

Gold price index. The results are quite well-defined in both the table of ARIMA.  
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GARCH (1,1) Conditional Variance Model 

Conditional Probability Distribution: Gaussian 

Parameter Value Standard Error t Statistic 

Constant 0.0173387 0.00137922 12.5714 

GARCH {1} 0.876208 0.00567979 154.268 

ARCH {1} 0.110784 0.00530219 20.8941 

Table 2.7 GARCH (1,1) Conditional Variance Model S&P500 

Further, the evaluation of the GARCH model using the conditional probability distribution: 

Gaussian is considered to investigate the variances of S&P500 index. For instance, during the 

first analysis after its presentation S&P500 used the ARCH, however, it switched almost totally 

to the system afterwards. Descriptive statistics of all stocks scanned in the paper are shown in 

Table 2.1. Standard deviations and all conditional variance are reported positive. In addition, 

fat-tails and non-normally distributed are in all set, consistent with most financial assets. The 

outcome further suggests that time series are stationary. The ARCH-LM and Box-Q analysis 

confirm again that the null hypothesis of no ARCH effects is refused it can be seen that ridic-

ulously small p-values rejects null hypothesis in favour of H#. The parameters are positively 

asymmetric for both indexes. Since, the measure of risk is basically defined by the term of 

volatility of any underlying market index, commodity or security ARCH GARCH models il-

lustrate the volatility quite efficiently. When taking ARCH GARCH with constant which are 

basically non-seasonable coefficient elements it can be seen that GARCH is nearby 0.8762 and 

ARCH is 0.1107 showing the ups and downs in the index. Though, the standard error is man-

ageable in this respect of S&P500 index.  

 
GARCH (1,1) Conditional Variance Model 

Conditional Probability Distribution: Gaussian 

    Parameter Value Standard Error    t Statistic  

Constant 0.0099165 0.00170018 5.83262 

GARCH {1} 0.939919 0.00338827 277.404 
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ARCH {1} 0.0533338 0.00271372 19.6534 

Table 2.8 GARCH (1,1) Conditional Variance Model Gold Price Index 

The table 2.8 basically demonstrate the GARCH results for Gold Price index, the volatility of 

the index is seen from the values of GARCH and ARCH which shifts in the standard error and 

the t statistics. This demonstrates that from historical data the volatility is persistent. The prices 

of Gold index have significant number of fluctuations from time to time due to the volatility 

driven factors mentioned before.  

 
ARIMA (2,0,0) Model 

Conditional Probability Distribution: t 

Parameter Value Standard Error t Statistic 

Constant 0.0729843 0.00845852 8.6285 

AR {2} -0.0267781 0.0119096 -2.24845 

DoF 5.98367 0.429155 13.9429 

Table 2.9 ARIMA (2,0,0) Model S&P500 

The equation used for the computation is  

	 𝑟! = 0.07298 − 0.0268!"5 + 𝜎!𝜀!�
B!

 (2.37)	

 
	 𝜎!5 = 0.01031 + 0.10368𝑒!"#5 + 0.8935𝜎!7#5  

	
(2.38)	

In order to further measure the risk involved in the investment in the indexes ARIMA model 

was further used considering the conditional distribution: t factor was used and the results for 

S&P500 index for AR {2} (-0.0267) and DoF (5.98367) depict the variability of the index in 

table 2.9.  

ARIMA (2,0,0) Model 
Conditional Probability Distribution: t 
    Parameter Value Standard Error    t Statistic  

Constant 0.0387352 0.0136677 2.83408 
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AR{2} 0.0109693 0.0152509 0.719256 
DoF 5.27605 0.470555 11.2124 

Table 2.1 ARIMA (2,0,0) Model Gold Price Index 

In case of Gold Price Index, the results in table 2.10 are different for AR {2} (0.01096) which 

is positive as compared to that of S&P500 index. This reflects the value of Gold Index ARIMA 

is close to zero and same for S&P500 index as well. The volatility in both the results is complex 

but quite clear at the same time.  

 
	 𝑟! = 0.03874 + 0.010969!"5 + 𝜎!𝜀!�

B!

 (2.39)	

 
 
	 𝜎!5 = 0.006733 + 0.04522𝑒!"#5 + 0.95118𝜎!7#5 	

	
	

(2.40)	

 
GARCH (1,1) Conditional Variance Model 
Conditional Probability Distribution: t 
    Parameter Value Standard Error    t 

Statistic  

Constant 0.0103138 0.00192608 5.35485 
GARCH {1} 0.893591 0.00754302 118.466 
ARCH {1} 0.103682 0.00808418 12.8252 
DoF 5.98367 0.429155 13.9429 

Table 2.2 GARCH (1,1) Conditional Variance Model S&P500 

Same process is used in term of GARCH evaluation but conditional probability distribution: t 

is considered and the results of ARCH (0.103) and GARCH (0.893) indicate the variances 

which involves the risk of investment and the price fluctuations are quite volatile for the index 

of S&P500. Please refer to table 2.11. We have achieved acceptably standardized marginal 

distributions using the AR (1)-GARCH (1,1), as the base marginal design prior to modelling 

the dependency structure for the two indexes.  

 
GARCH (1,1) Conditional Variance Model 
Conditional Probability Distribution: t 
    Parameter Value Standard Error    t 

Statistic  
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Constant 0.0067332 0.00232351 2.89786 
GARCH {1} 0.951181 0.00627261 151.64 
ARCH {1} 0.0452276 0.00603319 7.49646 
DoF 5.27605 0.470555 11.2124 

Table 2.3 GARCH (1,1) Conditional Variance Model Gold Price Index 

In table 2.12, Gold price index GARCH results show similar variations and results of the 

GARCH are quite similar only with a difference of 0.0572 between the GARCH of S&P500 

and Gold Price Index. However, the ARCH results are a bit different because in case of 

S&P500 is not that near to zero whereas the ARCH of Gold Price Index is quite near to zero 

making the index of the commodity more volatile.  

 
ARIMA (2,0,0) Model 

Conditional Probability Distribution: t 

    Parameter Value Standard Error    t 
Statistic  

Constant 0.0485084 0.00848764 5.71518 

AR {2} -0.0151879 0.0118593 -1.28067 

DoF 6.70913 0.502728 13.3454 

Table 2.4 ARIMA (2,0,0) Model S&P500 

Now considering AR-GJR-GARCH by adjusting for asymmetric volatility in order to compare 

to AR-GARCH with t-distributed for measuring the performance of each model in evaluating 

the volatility of the index, AIC and BIC value will be used for calculating the t-distribution. 

The table 2.13 show the AR value to be negatively close to zero and the value of DoF is positive 

as well. 

ARIMA (2,0,0) Model 

Conditional Probability Distribution: t 

    Parameter Value Standard Error    t 
Statistic  

Constant 0.0441875 0.0136938 3.22682 

AR {2} 0.00882935 0.0151521 0.582713 

DoF 5.27461 0.464873 11.3463 

Table 2.5 ARIMA (2,0,0) Model Gold Price Index 
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Similarly, the table 2.14 of Gold Price index shows the same variations only the AR value is 

in positive number and approximately zero. The volatility is clear in both the scenarios of the 

indexes. It is quite clear and visible that the distribution measures the right factor of volatility 

which supports the variances fluctuations.  

 

 
Marginal distribution and joint distribution the ARMA process is utilized for the conditional 

mean condition of the commodity (Gold Price) prospects returns, and the ideal arrange concur-

ring to the AIC Akaike information criterion (AIC) and BIC (Bayesian approach) is ultilised 

to determine the performance of univariate GARCH models.. Ljung-box test on whether there's 

a slack relationship in stock and commodity market prospects return arrangement. It finds that 

there's no evidence of remaining autocorrelation from ideal models for the mean. And the 

Ljung-Box test comes about of S&P500 returns, are shown in Fig. 2.8, which affirms the pres-

ence of autocorrelation. At that point, the GJR-GARCH model that can depict the asymmetry 

and heteroscedasticity of the instability prepare, utilized to demonstrate the conditional fluctu-

ation handle, moreover with the BIC model choosing the ideal slack to arrange. To capture the 

leptokurtosis and fat tail property, the Skew t minimal conveyance utilized for the stock’s pro-

spects return conveyance. Moreover, the GJR-GARCH-Skew t (GGSt) model embraces negli-

gible conveyance modelling of the prospects returns.  As seen from the comes about of Table 

2.13 and 2.14, the conditional cruel of gold and S&P500 index futures returns are separately in 

AR (2) and AR (2) shapes.  
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Figure 2. 8 The p values of ARMA process LB tests for S&P500 and Gold Price Index futures series. 
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After fitting the mean condition, the Lag range multiplier test utilizes to look at whether both 

residuals have heteroscedasticity, and it suggests that the GARCH sort models are utilized to 

capture the heteroscedasticity of residuals. From the fluctuation condition of the S&P500 index 

returns, the returns diminish, the impact of εt-1 on h1 is α1 + δ, that is quite vital however the 

t-statistics is another important factor and the standard error is 0.007355 which is quite less, 

whereas when the returns increments, the impact ought to only be α1, that's another factor to 

be monitored, the leverage value came out to be 0.181, which is a few less and not times bigger 

than that with use impacts. At the same time, the use impact is measurably noteworthy in both 

gold and S&P500 index prospects return. It suggests that terrible news would cause bigger 

instability in stock exchange prospects markets than the impact of great news stun. Gathered 

from the esteem of λ, it concludes that both gold and S&P500 index prospects returns show a 

left-skewed phenomenon. Other than, it is clearly concluded from the esteem of ν that, the 

S&P500 index prospects returns display fatter tails than the Gold Price prospects returns. When 

surveying the exactness of Skew t dissemination, the KS test and the CvM test are utilized to 

analyse the fitting exhibitions of hypothetical models with actual conveyances. And the test 

comes about to appear that the set up marginal dispersion model is sensible, both the KS tests 

of the gold and S&P500 index prospects don't reject the Skew t conveyance. For comparison, 

we moreover compute the probability capacities with minimal distributions of GED and Un-

derstudy distribution, specifically the GJR-GARCH-GED demonstrate, and the GJR-GARCH-

Student t demonstrate. From the comes about of tests, it can be confirmed that the Skew t 

minimal dissemination generally superior fit the commodity index prospects return infor-

mation. 

 
GJR (1,1) Conditional Variance Model 
Conditional Probability Distribution: t 
    Parameter Value Standard Error    t 

Statistic  

Constant 0.0146377 0.00171429 8.53866 
GARCH {1} 0.895183 0.00735547 121.703 
Leverage {1} 0.181834 0.0135938 13.3762 
DoF 6.70913 0.502728 13.3454 

Table 2.6 GJR (1,1) Conditional Variance Model S&P500 

The original AR-GARCH in this scenario has outperformed from AR-GJR but the performance 

is slightly better. From the results it can be seen that the figures of leverage coefficient is 
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insignificant statistically. Again, the values of the GARCH are not so close to zero which 

demonstrate the fluctuation of prices in the indexes. In Table 2.15 and 2.16, we report the 

parameter estimations and standard blunders of the GJR-GARCH-Skew t minimal dispersion. 

 
GJR (1,1) Conditional Variance Model 
Conditional Probability Distribution: t 
    Parameter Value Standard Error    t 

Statistic  

Constant 0.00632768     0.00219543         2.88221 
GARCH {1} 0.952661 0.0061062 156.015 
ARCH {1} 0.0603011 0.00913382 6.60195 
Leverage {1} -0.0304046 0.0102384   -2.96966 
DoF 5.27461       0.464873 11.3463 

 
Table 2.7 GJR (1,1) Conditional Variance Model Gold Price Index 

It can be seen from table 2.16 above that again the values of leverage are statistically insignif-

icant for the results of Gold Price Index. ARCH is near zero (0.0603) whereas GARCH is 0.95 

which near to the value of 1 demonstrating the poor performance of the model. The reason for 

ARCH to be nearly zero is due to the leverage affect which have taken away ARCH affect. 

However, both the indexes Gold Price index and S&P500 are very volatile.  
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From the key study it is for shown that the conditional variance has a negative shock decrease, 

this basically demonstrates that the purpose of finding the connection of the two stocks in the 

research has been successfully achieved. The analysis further suggests that the t- distribution 

values have also suggested quite significant changes and connections between the stocks and 

have therefore presented quite good values which adds quite a lot to the meaning of the analy-

sis.  Therefore, the null hypothesis which signifies of no relation between the stocks rejected 

because the negative shocks are not the same as the positive shocks due to difference in mag-

nitude.  
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An advantage of the EGARCH model in comparison with basic GARCH model is that the 

conditional variance, σ2 has a positive power which indicates that whether the variance is pos-

itive or negative the conditional variance will always be positive ((Fischer, 2006). The leverage 

coefficient is negative (0.0304046) signifies that the ratio results that the company has a nega-

tive net worth. Volatility is the liability to change rapidly and unpredictably, especially for the 

worse and that’s why investors are more responsive to the negative news in comparison to 

positive news which implies that the volatility spill over mechanism is asymmetric and of the 

same magnitude. The asymmetry coefficient is positive therefore the past variance and current 

variance have a relationship of a positive modules. At the bottom of the QQ-plot in Fig. 2.9 the 

EGARCH modules has a fluctuation from normality which once again shows a higher impact 

of negative shocks of volatility. 

From GJR-GARCH module the asymmetry term y is positive and that means the negative 

shocks increase volatility and the impact of shocks is asymmetric. There can be seen on the 

lower roles of table 2.16 that there is no ARCH effect remaining in the quantity after other 

things have been subtracted or allowed for in the results of the diagnostic tests 
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The figures 2.9 basically portrays the results of the t-distribution and normal t-distribution of 

both the indexes S&P500 and Gold Price Index and it shows the volatility of both the indexes. 

The figure shows both the closing prices and the distributions. The 2007 downfall can be due 

to Global Financial Crisis. Since the crisis is many times reported to be the most merciless after 

the Great Depression of the 1929. Since, the origination of the excess of volatility in the US 

market is broadly characterised by the 2007 Global Financial crisis which led to negative spill-

over and uncertainty effects across the world’s significant financial markets making the inves-

tors and the portfolio managers to be more concerned of the interrelationship of cross-market 

and take strict mitigating asset risk exposure actions. So, the question is which model to choose 

now? Model with t-distributed innovations seems to be promising. Therefor the optimal lag 

(p,q) is taken from the t-distribution innovation. We will examine quantitatively by AIC, BIC. 

In order to do so, we need to infer log-likelihood objective functions for each of the model. 

Another way to do is to extract final conditional variances – volatilities. 

 
MODELS  AIC BIC 

AR-GARCH  3722.134 3762.87 

3455.11 3498.22 

AR-GJR-GARCH 3413.33  3501.76 

3413.88 3512.13 

Table 2.8 AIC and BIC 

 
The results of AIC and BIC suggest that AR-GARCH with t-distribution innovations should 

be chosen. However, The AR-GJR-GARCH did not perform quite well therefore AR-GARCH 

did outperform because of the leverage coefficient in AR-GJR GARCH is statistically insig-

nificant. 

The VaR findings for the overall time period including the crisis and non-crisis time demon-

strate better outcomes for the copula model followed by both GARCH criteria using both rank-

ing measurements. Asymmetrical GARCH models yielded good performance, although a few 

estimates were not important. The risk measures provided the best results for the post-crisis 
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VaR outcomes, while the GARCH models and ARCH fared worse. This may be due to the 

memory problem of the historical VaR, which is a double-edged sword. Long memory raises 

the importance of the coefficients in GARCH models and the simulation in risk measures, yet 

at the same time exposing them to the risk of placing too much weight on the past. Markets 

may adapt and alter characteristics on a regular basis, thereby undermining a model or system 

that relies too much on the history of an index.  

It is useful to determine the approximate GARCH models used in this study as having two 

kinds of memory. The lagged σ2 component is the first, and reciprocal, kind of memory, and 

the other is the coefficient calculation. The lagging σ2 can vary in its effect on the calculations 

and should not cause its precedent to intervene too much in a correctly posed model. However, 

the coefficient calculation, which was carried out using the maximum probability approach in 

this thesis, quite obviously faces past issues which is the historical simulations or Historic VaR. 

Using coefficient projections from a prior timeframe that varies considerably from the present 

day will skew the projections variance, allowing the probability to be over- or underestimated 

for a long time before stabilising.  Both the pre and post crisis period studied were preceded by 

periods with different characteristics much of this is covered in chapter 3(Section 3.1). A much 

calmer period of stable development followed the recession, and the real crisis followed the 

post-crisis phase. A probable reason for which the GARCH family models consistently per-

formed lower than the historical VaR with fixed coefficients is likely to be their historic prob-

lems which is based on the historic VaR evaluation.  

The question asked at the start of the thesis was whether investors, both companies and people 

acting alone should use different risk measuring models to know the maximum loss along with 

correlation as will this be useful. The next question asked, knowing the fact that the historical 

simulation has effective outcomes, volatility forecasting models needed to be used – the asym-

metric GARCH models. The relevance of making things easier is of course the part that is 

significant and is the one we leave to the reader to determine for themselves.  

In the thesis we have demonstrated the adaptable nature of the volatility model and problems 

involved with coefficient estimation in other models. Adding this with the fact that the ARCH 

is an easier way to use in practice, we agreed that investors should not waste time and effort on 

using difficult approach and should instead be use Volatility models when assessing VaR on 

the stock indices for further analysis the ES (Expected shortfall is further discussed in this 

chapter and chapter 4 (Section 4.5). For distribution expectations, the Gaussian distribution is 
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recommended to be used as it is evident to be better for the Copula model on average. However, 

as the risk measure and even GARCH produced conclusive outcome in the period pre and post 

crisis, for people that prefer easier ways, the GARCH can be considered as the allowable way 

in stable periods. Though, due to the imperfection of the GARCH in turbulent times, the VaR 

measure and the parametric assessment should always be used for more unstable times. Since 

we needed clarity in the thesis, Monte Carlo- simulation was not tested, and neither were other 

precise and attribute of the GARCH family models. Conclusion of these techniques and their 

assessment precision is left to be covered in latter chapters in the thesis.  

2.5  Conclusion 
 

The experiential findings of this study have a lot of involvement towards investors, active 

portfolio managers and numerous market participants and this chapter suggest that the index 

return volatility is asymmetric, even though investors and portfolio managers may observe 

the constituent stock price movements of hi-tech stock index. That situation would provide 

additional information for portfolio managers to adapt their positions. In conclusion of that, 

several different methods have been proposed. The most important ones are: HS, parametric 

estimation and Monte Carlo-simulation (Portmann, Siebert and Döll, 2010). Due to several 

reports of the HS method not being as effective as some of the other methods, should inves-

tors stick with the HS or take the time to learn the more complex estimations. 

Autocorrelation and volatility were utilised for financial time series which were incompatible 

with the belief in traditional econometric models. When studying volatility in S&P500 and 

Gold Index during the period of January 01 1992 to January 01, 2020, this paper uses VaR, 

Historical VaR, Expected Shortfall, ARCH, GARCH and GJR-GARCH. According to sources 

there have been no further evidence in literature that accurately investigates the asymmetric 

dynamics of S&P500 Daily index return volatility, and Gold Index specifically during the pe-

riod of 2005, 2008 financial crisis and the consequences along it.  

 

S&P500 index and Gold index returns have results that show and differ from the business as 

usual and reveal volatility with diverse form in the residuals. To conclude the findings, show 

nonlinear structure in the conditional variance of the returns and this dynamic may be restora-

tive with the GARCH (1, 1) model. The result of ARCH and GARCH show that the variance 

of the series has long memory and shocks on volatility are tenacious but also non-unity, this is 
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also assisting the mean reverting process. GARCH and GJR-GARCH models represent that 

the series have leverage affect and the result of the shocks is asymmetric. This then leads to 

the result of the negative shocks of volatility are higher than positive shocks of the same size, 

as a result the literature is consistent with the findings. 

 

Further developments should delve into how volatile major stock index returns compare against 

commodity index returns in order to see whether commodity index returns are better used in 

the context of risk management, rather than, for the S&P500.  

2.6  Contribution to Knowledge 
 
The contribution to knowledge of this paper to the literature is in two methods. The first is the 

explanation of the fluctuations of the returns using the volatility model displaying the utiliza-

tion of the extensive data period used. The paper applies both ARCH and GARCH models to 

catch every balance and unevenness in volatility modelling. To the best of our knowledge, 

while there are researches at the unpredictability of progress using volatility of stock and com-

modity indexes inside the writing, understudies have as of now not however displayed substi-

tute charge unpredictability bunching in S&P500 and Gold Index utilizing most recent consist-

ently data. The second is that the chapter further contributes to knowledge because it makes 

the investors and financial analyst aware that when using the Volatility measures along with 

VaR method, investors should select the confidence level based on particular set of circum-

stances. For example; the investors own risk level, the conditions and consequences of the 

S&P500 is currently operating in, including its development ideas and the volatility of the fi-

nancial markets at the relevant time etc. A higher level of confidence should be chosen if both 

the indexes adopt a more conservative strategy and secondly the length and quality if the sam-

ples should be given consideration when the ARCH and GARCH method is selected. On the 

other hand, with a limited sample size any study would not be able to find an effective analysis, 

but as the sample size is good therefore, the changes in the chosen sample are consistent with 

the expected changes in the market in the future or else it will result in instances where the 

predicted VaR is overly cautious or not as expected. The number of simulations should not be 

limited when choosing the simulation method. Factors such as policy changes, large market 

changes and severe losses will have an impact on the market and will lead to the inaccuracies 

in the VaR prediction, so it is very important to keep a close eye on these factors after the VaR 

value is calculated. 
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“Value-at-risk in S&P500 and Gold Index” analysis consider the discernment on measuring 

the inconstancy of S&P500 and Gold Price index portfolios. Value at risk or more commonly 

VaR represent primary controversy in estimating the market risk of a financial firm exposed to 

risk in specific situations. “Value at risk” can be easily labelled VaR, although it answers to 

the name of “new science of risk management”. VaR is a common procedure to consider risk 

of investing on financial instruments. Volatility is the most conventional and appreciate units 

of risk. The only issue is that volatility does not involve investment variations, as it cannot 

predict increase or decrease in the value of stocks. Anyway, better an exceed then a decline. 

Regardless many different origins of financial risk, it was not considered the market risk, ergo, 

the prediction of inflation and deflation, as credit risk is part of it. 

2.7  Discussion and Recommendations  
 
Using the overall analysis results, a detailed comparison of the reliability of risk prediction is 

made and an explanation of the empirical results is given from the perspective of volitivity. In 

conclusion, the chapter objectives of measuring volatility and risk, VaR measure along with 

ARCH and GARCH has been quite significantly positive to access the worst-case scenario and 

volatility between S&P500 and Gold Price Index. The calculated VaR value was not exceeded 

by the actual loss of assets which were 95% respectively. Test results carried out later showed 

that the LR statistic was entirely within the accepted threshold. Looking at Fig. 2.1 and Fig.2.2 

it can be noted that the volatility of the market shows major variations at different times. One 

example of these significant variations can be seen from the fact that data in the range of 7296 

is quite stable whereas, the market is somewhat volatile in the range of this time period. The 

VaR method may not be capable of predicting the changes in the market during this time which 

from a local perspective could lead to unnoticeable test results. The reason for this can be 

explained by the fact that the market has changed and the analysis of future VaR values is still 

utilising data of the earlier interval. This is known as the “time lag” effect. This situation is not 

looked into now due to insufficient space, however it is important that this situation is consid-

ered impractical applications because it is important to consider market variations at any time 

as stated by specific volatility.  

 

Autoregressive conditional heteroscedasticity or commonly called as ARCH model, was de-

veloped by Engle (1982). This model uses extensive analysis based on time and variance. They 

are commonly used methods for forecasting the changes over a time period and the intimal 

well-known application of this model was to identify the inflation in GB during the early 
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seventies. This process uses mean, median, mode methods to assess the variance from predic-

tions. Generalization of ARCH model took place later with new model called as GARCH, 

where the Exchange rates were used for the first time. Even though this model came up in the 

70’s and 80’s, even today they have gained attention as they have extensive application in the 

commodities systems. These models have been extensively used in field of econometrics to 

analyse the stability of the commodities and stocks, their performances, variance and volatility. 

Some of the major risks were identified in use of some of the commodities such as the expen-

sive metals for example Gold etc, like users underlying are unknown and they can be used by 

dark society for illegal activities. While their positive side like cutting of the brokerages in 

between and good for returns and investments. The process of making a transaction is much 

faster and reliable than the past. Security is major concern in many commodities as this can be 

easily stolen, and concept of private key encryption technologies and wallets can easily be 

hacked. Over millions of commodities like the Gold were stolen and this is only used as a 

medium of exchange. This might ease the process of transaction and has real physical presence 

like Gold. Therefore, Gold on the positive front stop loss options and degree of volatility and 

higher margins provide better scope for investor.   

 

Heteroscedasticity has occurred as some of the key variables and possibilities of the outliers, 

has reflected in the failure in analysis of performance of the commodities. Hence the recom-

mended use of the other types of the GARCH models like threshold or the exponential have 

been suggested to minimize the outliers. Application of GARCH model has proven results 

mainly in study of volatility. There was significant fall even though the maturity had not begun, 

whereas the same method also proved better results in comparison between various commodi-

ties like Gold, stocks and digital commodities. Compared to the use of symmetric analysis, the 

process was best in asymmetric analysis as this helped to determine the best form of invest-

ment. On the risk perspectives some of the commodities were more threat for the investment, 

whereas gold was less risky. But, comparisons with USD or investment in noble metals, the 

process of investment in Gold was found to be more fruitful in terms of returns over a long 

time periods. Despite the constant changes or the volatility of the prices, or the market condi-

tions, the process of selling them for the higher prices by assessment of the risk. The best 

strategy would be to assess the best possible values for selling to maximize the profits based 

on the market forecast.   
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On analysis using the average trend ranges of Gold versus Stock, proves that both Gold and 

Stock has a tendency of yielding higher returns, profits and is more suitable for Bearish strate-

gies when compared to Gold. Volatility of both the commodities and stocks are analysed in 

detailed study of them in the selected markets. Higher the volatility higher would be the options 

to earn using the Gold whereas the volatility levels are comparatively less for S&P500 when 

compared to Gold. But, on the risk prospects investment in S&P500 has a lesser risk as high-

cost Gold would add-on high degree of volatility.   

 

VaR commonly calculates a devaluation of hazardous assets or portfolio in a determinate pe-

riod of time. Although there are multiple reading sources about VaR, the name “Value at risk” 

has been regularly used only after the mid 1990s, also if the name was introduced past in the 

years. The studies regarding VaR were created through hypothesis by Harry Markowitz and 

others scientists concerning values and portfolios of investors.  In classical Markowitz mean-

variance (MV) portfolio enhancement, effective portfolios are upgraded to limit their changes 

and to decrease in general monetary hazard (Markowitz, 1952). Thus, each portfolio along the 

investment for that level of return. In any case, in spite of its ubiquity, the MV strategy has 

limitations. This study was focused on market risk and the variations in the prices of stocks (de 

Gómezgil and de Gomezgil, 1967) 

 

About 27 years of information was supplied by trusted source of Bloomberg calculated using 

the “Value at Risk” procedure. By a graphical representation we can clearly see that some of 

the results were discussed in data analysis. 

 

It is evident that VaR is one of the major key measurements that are  obligatory for risk Engle 

and Manganelli (2004) to be manipulated keeping into account that it’s a lot more easier ap-

proach in contrast to other risk manipulation methods .Therefore there’s something that’s  cru-

cial to be recommended  when using methods that ARCH and GARCH are well applied when 

having historical data whereas past isn’t always an adequate predictor so alternative methods 

of parametric and non-parametric methods are an honest guide when just in case of unavaila-

bility of historical data . Whereas GJR GARCH could be a bit slow in contrast to the rest of 

the other two methods its recommended that other copula method supplies suitable and desired 

result and other VaR methods like delta- normal (or variance-covariance) and therefore covar-

iance methods are good. 
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Within this crucial research reveals for S&P500 and Gold Index, that there were numerous 

amounts of parametric and non-parametric methods, exercised to estimate the risk of funds.  

There are four prime parametric methods, which are ‘exponentially weighted moving average’, 

‘ARCH, ‘t-distribution of return distribution’, ARCH and GARCH model. The two non-para-

metric methods that were identified are the ‘Historical Simulation’ and the ‘VaR Calculation. 

Another thing that is included in VaR calculation is the quantiles of simulated returns. The 

99% confidence level is used to significantly calculate all VaR cases. During 1992 to 2020, 

S&P500 and Gold Index have been recording the accuracy of one day VaR methods by using 

daily data on index returns.  

 

The data is for 27 years, suggests that the 99% confidence level has shown authentic VaR 

estimates on annual basis. The parametric method used for the 99% confidence level was the 

‘Historic VaR’ method. The comprehensive data that was collected is more accurate when 

S&P500 index return and Gold Index is estimated by ARCH GARCH. Nelson (1991) put for-

ward an additional model which accounts for the leverage effect (EGARCH). The model makes 

use of the logarithm of the conditional volatility, therefore making the non-negativity con-

straint placed on the coefficients with inside the GARCH version obsolete as a log-func-

tion can’t be negative.  

 

Sethapramote et al. (2014), after a researching which model best forecast VaR in the Thailand, 

came to a similar conclusion. It was found that EGARCH, which is an asymmetric GARCH 

model, outperformed even more complex models. For different time periods are suitable dif-

ferent models and for different data sets, different models are suitable. Some researches carried 

period of financial crisis (December 2007 – June 2009) and the calmer post crisis period (July 

2009 – December 2015) are two different periods we will therefore provide results in a category 

that investors need to think about hedging the risk. The peak of the depression of the financial 

crisis is defined by the National Bureau of Economic Research (2010) the period from Decem-

ber 2007 to June 2009. To conclude, the S&P500 has showed that if the VaR stock increases, 

the average return also increases. When a high VaR is calculated, you have a higher chance to 

get more money, but you also have a higher chance to lose money. This clearly shows that the 

investment in S&P500 and also in Gold index is not at risk so it could potentially lead up to 

profit.  
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Chapter 3 

Asymmetric Conditional Dependence Modelling between S&P500 Index 
and Gold Price Index 

 

3.1  Introduction 
 
It is imperative for the international investment initiatives to establish proper linkages and cor-

relations in between the returns generated on financial assets so as to ensure proper risk diver-

sification. This significance also extends to the fiscal policy formulators so that the risk of 

financial contagion could be effectively controlled. Asymmetric Dependence in Finance ex-

amines the risks and benefits of asset correlation and provides effective strategies for more 

profitable stock and commodity management.  During recent events like downturns in form of 

the financial crisis, financial regulators have lost their investments even though they had sig-

nificantly diverse investments. Research of empirical nature indicates that assets are linked at 

a much deeper level than assumed earlier. The asymmetric model will assist in measuring the 

interrelation between the non-linear dependence and non-normal distribution and it will be 

possible for the financial organisation to use copula to analyse how much financial return 

would the company get in the annual term (Alcock and Satchell, 2018). Multiplicity of studies 

exists on the modelling of dynamic linking practices regarding the global stock management 

markets. The majority of these studies have concluded the purported existence of the linkages 

between the markets and predominant financial contagions (Kenourgios et al., 2011; Wen et 

al., 2012; Hui and Chan, 2013). The modelling of the tail structure based inter-market depend-

ence has been so far undertaken by only a handful of studies. Such dependence structure could 

be expected to be asymmetric on account of the turmoil in the global financial scenario and 

this is indicative of the inter-market co-movements getting affected by the negative shocks to 

a greater extent in comparison to those of the positive shocks.  

 

Adequate measure of evidence could be availed, in a relative manner, regarding the existence 

of this inter-market asymmetric dependence in between the returns generated by differential 

stock markets. Cappiello et al. (2006) have outlined the evidence pertaining to the asymmetry 

in the conditional volatility regarding returns on equity.  Tamakoshi and Hamori (2013) have 

also agreed upon the fact that negative shocks significantly influence the co-movements of the 

stock returns. The emphasis of these studies had been on the Europe and United States of 
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America based developed markets and only a handful of studies have modelled the overall 

incremental integration of market indexes of commodities and the developed regional con-

tender S&P500 index. 

 

The corresponding study aims to use models encompassing the entire structure of asymmetric 

behaviours and dependence regarding the bivariate tails involving dual stock market and com-

modity indexes of US stock and Commodity markets like Gold Index. The utilisation of copula 

model had been performed in this chapter. The US stock market S&P500 had surpassed the 

commodity Gold Index market in terms of capitalisation to become the second largest stock 

market within the global scenario with a total worth of US$30.5 trillion (as of August 31, 2020) 

by the culmination of the financial year of 2005-19 in terms of capitalisation in A-shares. The 

study has been provided with further impetus to evaluate the dependence of the S&P500 Index 

on various matured financial markets concerning the unique position of it in comparison to the 

international competitors and the role which it played during the global financial turmoil 

throughout the period of 27 years.   

 

The available literature focusing on the dynamism of dependence of the S&P500 Index is pri-

marily technological modern in nature.  The application of a multivariate GARCH model was 

undertaken by Gwanoya (2007) to effectively evaluate the volatile linkages between the stock 

markets of USA, Hong Kong, Shenzhen and Shanghai through the utilisation data of the period 

in between 2001-2005. This multivariate model was also employed by Fan et al. (2008) to 

examine the extension of volatility in between the stock markets of Shanghai and Hong Kong. 

Copulas are utilised to model the linkages. 

 

Hu (2010) have discovered comparatively decreased measure of tail dependence in between 

the stock markets of international domain and that of the United States of America.  Hsu et al. 

(2008) have utilised the mixture copula to model the dependence structure in between the G7 

countries and some dated stocks. The analysis has been formulated on the periods of compar-

ative stability of dated stock markets. 

 

The literature has thus been extended to investigate the inter-stock market conditional depend-

ence of S&P500 extending for a particular extensive period. The rationale has been the obtain-

ment of insights of the different particularities of the individual markets through studying the 

dependence dynamics between the two markets. Both these markets had been affected and 
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managed to survive by the financial crisis of 2007-09 which is also covered in the period taken 

for the analysis. 

 

The international financial recession period which will be also discussed in this chapter had 

caused around 60% decline in the S&P500 index during 2008 after the index had registered the 

historic growth and it took 25 years for the stock market to get back to that position. Gold index 

has greater maturity in terms of internationalised functioning. Free trade of the commodity 

index of Gold prices within the international investors is a standard practice, however, invest-

ment of only marginal amount of stocks listed at S&P500 Index could be invested in tandem 

with other foreign capital. Majority of the S&P500 index listed referred entities outline tech-

nology-based investments. This had formulated particular features of distinctive association 

regarding both the stock and commodity indices during the extensive data taken for this thesis. 

 

The aim of the thesis is to measure the interdependence of the two indexes and objectives are 

using the copula model proposed by Patton (2013) along with utilisation of Generalised Auto 

regressive Score (GAS) has been undertaken by Creal et al. (2012) to evaluate the transforma-

tive structure of dependence through implementation of copula approach for the additional 

purpose of copula parameters evolution identification. Primarily, the corresponding study anal-

yses the structure of dependence in between the S&P500 and Gold Price index involving dif-

ferential parameters. The conditional margins of variations have been defined involving both 

of the stock and commodity indices in a separate manner and the optimal model has been se-

lected through introducing the subsequent methods.  Next, the dependence structure along with 

the bivariate tails’ configuration has been provided as well. The lower and upper tails had been 

modelled separately so that asymmetric property could be effectively highlighted. Ultimately, 

the tests for the identification of asymmetric dependence and structure based on time variation 

have been introduced. 

 

The conditional dependence3 of both the markets has been identified by the test results to be 

Time Varying extensively. The contagion in between both the markets has been identified 

through significant increment of the correlation for the period 1992 to 2020 which covers a 

fragment bit on the time before 2008 while prior to the advent of the financial crisis, it was 

 
3 Conditional dependence is a relationship between two or more events that are dependent when a third event 
occurs. 
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inclining. The definition provided by Forbes and Rigobon (2002) has been found to be constant 

with the outcomes. This definition suggests that contagion could be in existence when co-

movement across the markets could expand at a post financial shock scenario which adds con-

tribution to knowledge. The herding behaviour at the height of the time had been identified 

since, the correlations continued at an extensive level during 27 years. Furthermore, the mar-

ginally strong upper tail bivariate had been found which outlined asymmetric dependence and 

this had not been documented previously.  

 

The outcomes and results implications could furnish accurate information to the policy formu-

lators and investors regarding diversification of risks, managing portfolio and allocation of 

assets. The study has outlined that the dependency level of US markets was high prior to the 

crisis as opposed to greater dependency in the midst of the crisis. This is suggestive of upturns 

at Gold Index which had been stimulated. Since, this chapter has also touched a fragment bit 

on the crisis period as well, the results implications suggest that global financial crisis had 

influenced the bull markets and the findings have also consistently outlined the asymmetric tail 

dependence which previously existed in between Gold Index and S&P500 Index. 

 

To summarise, yield spreads can be widely and practically used to quote stock and commodity 

prices (Acharya and Carpenter, 2002). From the global financial crisis, notable attention has 

been paid to commodity spreads in commodity and stock management. Especially, it has more 

concern from experts, researchers, and policymakers to model and forecast commodity and 

stocks spreads. By demonstrating that the assumptions of normality and linearity are disrupted, 

our findings are important and will benefit them. Additionally, we find that the degree of de-

pendence for the pairs of (1) volatility (univariate volatility results can be seen in empirical 

chapter 1) and interdependence (2) returns volatility and yield spreads is greater in the upper 

tail than in the lower. Practically, the professionals give more attention to the effects of inter-

dependence and volatility on returns of stocks and commodities when they face extreme 

changes in this from these findings. 

 

The remaining sections of the study would be structured with the discussion and literature re-

view of the models regarding joint and marginal distribution of copulas performed at Section 

2. Marginal distributions based optimal models would be selected at Section 3. The entire de-

pendence structure-based models would be formulated in Sections 4 and 5. Bivariate tails-
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based models would be structured at those sections as well with the development of the con-

clusion at the Section 6.  

3.2  Literature Review 
 
In this literature review, we will cover copula theory and how it can be extended to handle 

conditioning variables. The focuses on bivariate distributions will be discussed as copula the-

ory applies to the more general multivariate. Financial market participants frequently manage 

many financial assets at the same time in the financial world. In practise, this is accomplished 

by diversifying across multiple stock markets or asset classes. Asymmetric Conditional De-

pendence aims to measure the correlation between competing stock markets to more clearly 

understand recent trends. In this empirical chapter, we run an asymmetrical conditional de-

pendence analysis between the stock market and commodity index in S&P500and Gold prices. 

We use the time-varying copular. Patton (2006) theorized that the time-varying copula model 

should consider both the past and historical parameters to explain the current parameters. Once 

the time-varying copular parameters have been applied, the correlational coefficient can be 

measured. In the case of comparing the stock market in USA to that of commodity market we 

observe a decrease in correlation leading up to the 2008 financial crisis. This correlation can 

be seen as S&P500 was more open to “foreign investors” where Gold prices had fewer stock 

devoted toward “foreign capital.” The research further signifies the importance of tail depend-

ence. Tail dependence is a prime factor in measuring the shift of financial benefits. In the on-

going process of calculating the asymmetric dependence, it is crucial to find the upper and 

lower tails as these provide a more detailed report of market movement regarding the copular 

approach. 

 

Copula-based multivariate energetic models have been broadly utilized to demonstrate nonlin-

ear reliance and monetary dangers among watched and/or inactive arrangement; see, for in-

stance (Patton, 2006; Patton, 2013; Cherubini et al. 2012; Zhao and Zhang 2018) and the ref-

erences in that. In this paper, we consider estimation of semi-nonparametric energetic sifted 

copula models, in which the flow of person arrangement is modelled as semi-nonparametric 

GARCH, and the joint dispersions of the multivariate standardized developments are charac-

terized by parametric copulas with nonparametric minimal conveyances. These models are ex-

ceptionally adaptable, permitting for use impacts, halter kilter disseminations of person time 

arrangement, nonlinear tail reliance among inactive stuns to diverse arrangement. Such models 

are valuable in hazard administrations. There are two parts of obscure limited- and infinite-
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dimensional parameters related with this course of models: (i) the semi-nonparametric condi-

tional implies and volatilities (semi-nonparametric GARCH) of time series; and (ii) the semi-

nonparametric joint dispersions of the idle standardized developments, which comprise of the 

copula parameters and the nonparametric negligible disseminations. Here the parametric cop-

ulas capture the contemporaneous reliance among the person components of the standardized 

developments.  Chen (2013) first proposed this class of models as an extension of Chen and 

Fan (2006), from parametric conditional implies and volatilities of time arrangement to a semi-

nonparametric partner in portion (i). This expansion is critical to capture the shapes of the 

“news affect curve” nonparametrically for person monetary arrangement and reduce energetic 

misspecification due to wrongly indicated parametric useful shapes of conditional implies and 

volatilities. 

 

In stock administration, the dependence structure should be carefully considered as a means to 

be profitable and keep down losses which describes how the stock markets are linked in a way 

or another; under some economic conditions, a firm’s stock price may rise or drop, as another 

firm’s stock price increases or falls. We can say that they move synchronously with one an-

other.  

 

Furthermore, such correlation knowledge is required in a variety of financial applications, in-

cluding asset pricing models, capital allocation, risk management, and option pricing (Jiang et 

al, 2016). As reported by Erb et al. (1994), Longin and Solnik (2001), and Ang and Chen 

(2004), one example of asymmetric dependence is when two returns exhibit greater correlation 

during market downturns than during market upturns. Several explanations have been proposed 

for the presence of asymmetric dependence between equity returns. According to Ribeiro and 

Veronesi (2002), correlations between international stock markets increase during market 

downturns because investors are more uncertain about the state of the economy (Patton, 2006). 

In the economic environment there will always be fluctuations cross over between different 

markets that will be affected by different factor as time goes. It can be in businesses in existing 

market, new entrants, or new markets; the demand and supply will create a template for prices 

and will always be in motion. For financial regulators, it is important to be updated and be 

aware of the financial market they are in to be able to make decisions in time for profitable 

outcome.  There are multiple types of copulas which can be interpreted and used differently 

according to Burney and Ajaz (2020).  
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If we discuss in depth about some of these copulas then we will commence with Frechet 

Hoeffding – bound inequality, it is basically calculated for every copula. The union bound can 

be established by examining the complement of the event and applying the probability meas-

ure’s sub-additivity. The Hoeffding inequality gives us an upper bound on the likelihood that 

the empirical mean deviates from the expected value by more than a certain amount (Burney 

and Ajaz, 2020).  

 

Independent Copula – If the random variables are independent, the copula density equals the 

product of the random variables’ marginal distributions. That is, c(u,v)=u, with v=1 (since the 

variables are uniform on [0,1]). As a result, copula in this context refers to the product or inde-

pendent copula (Burney and Ajaz, 2020). Furthermore, there is the Sklar’s Theorem – as it is 

the one factor needed mostly by Copulas. This theorem states that any joint distribution can be 

represented by its marginal distribution. In other words, According to Sklar’s theorem, any 

multivariate joint distribution can be expressed in terms of univariate marginal distribution 

functions and a copula that describes the variable dependence structure (Burney and Ajaz, 

2020). 

 

The only complication introduced by extending Sklar’s theorem to conditional distributions is 

that the conditioning variable(s), must be the same for both marginal and copula distributions. 

This is important when using copula theory to build conditional density models. If you fail to 

use the same conditioning, it will lead to failure of the function to satisfy the condition (Patton, 

2006).  

 

Asymmetric conditional dependence modelling continues to be employed in analysing varia-

bles from various fields. For instance, in assessing geotechnical engineering problems, the ap-

proach has proven crucial in analysing multivariate raw data of soil parameters. Here, as in 

several other domains, having accurate data and realistic statistical data is imperative. Accord-

ing to Wu et al. (2017), these methods prove to be beneficial to both investors as they ‘diversify 

risk” and to monetary policy makers to risk of economic crisis. In broader terms, economists 

will be able to observe the cause and effect of an event on another countries market.  It is 

important to note that the correlation is observed by employing the Copula approach. As Zhang 

et al. (2019) aptly observed, is essential not just for representing soil properties but also for 

evaluating actual soil conditions – and advanced multivariate modelling of edaphic factors has 

been found to be useful in improving geotechnical engineering practices. Zhang and 



 103 

researchers used asymmetric copulas to model and analyse geotechnical soil data. Similar to 

prior research that explored the use of symmetric copulas on modelling engineering data, the 

researchers in this study focused on capturing asymmetric dependencies on soil properties – 

parameters that are fundamentally essential in informing the formulation of engineering design. 

Here, a copula-based multivariate statistical/probabilistic model was formed guided by data 

from a collected sample of granite soil from Portugal (Zhang et al., 2019). Besides analysing 

and modelling the soil samples, the study further sought to ascertain the advantages (or lack 

thereof) of asymmetric copulas, including its concept. A comparison is also made with con-

ventional copula approaches for modelling soil data. The findings are unanimous, and the out-

come of the analysis revealed that asymmetric copula could generate appropriate characteriza-

tions of both the tail and asymmetric dependences in soil data. Compared to traditional model-

ling approaches, asymmetric copula was also found to yield more accurate predictions of em-

pirical data, including those of extreme values (Zhang et al., 2019). 

 

He and Hamori (2019) undertook a near-similar study. Using copula models, the researchers 

explored the dependence structure (or lack thereof) between West Texas Intermediate (hence-

forth, WYI) oil prices and foreign exchange rates of the BRICS economies. Various copulas, 

including Normal, rotated Gumbel, and Plackett, are used to gauge the constant dependence. 

The results revealed that the oil prices and exchange rate reached their lowest values when oil 

prices fell abruptly. The outcome of the empirical analysis further revealed that a significant 

and direct dependence was presented in all the foreign exchange rate and oil price pairs. This 

dependence was negative, implying that in BRICS economies, the oil serves as a hedge to help 

in moderating the potential rise in inflation. This study’s findings are helpful in two regards. 

First, the results offer suggestions that it is critical for these countries to pay increased attention 

to possible exchange rate risk given the existing association between the price of oil and the 

exchange rate. Second, and arguably critical, is that due to the negative correlation between oil 

price and exchange rate, oil can be used as a hedge to mitigate against inflation in BRICS 

economies (He and Hamori, 2019).  

 

A critical review of extant publications, including scholarly peer-reviewed articles, show that 

the technique of modelling asymmetric conditional dependence has been – and indeed continue 

to be used across multiple fields and disciplines, including, among others, financial and stock 

market performance (e.g., Wu et al., 2017; Miron and Tudor, 2010), foreign exchange and 

currency rate fluctuations (e.g., Patton, 2006), and international equity markets (e.g., Okimoto, 
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2008). Appraising and drawing insights and conclusions from this large and mounting body of 

literature is imperative to gain a broader and in-depth comprehension of the workings and real-

life applications of modelling asymmetric conditional dependence. 

 

Modelling asymmetric conditional dependence, stated by Wu et al. (2017), is the linkage and 

conditional dependence within markets.  With the use of copula methods, the asymmetric tail 

dependence can be detected and examine the tail dependence between returns and if there are 

changes in volatility as explained by Echaust (2021). 

 

The conditional dependence structure between commodities and stock markets are extremely 

important for the cross-asset diversity of investment portfolio since for example, changes in 

the oil price have demonstrated an unforeseeable influence on the direction of international oil 

valuation and in sequence on financial markets. Modelling correlations and relationships be-

tween monetary asset returns are crucial for international investors to extend risk, and as well 

for monetary policy makers to control the risk of financial contagion. Several studies have been 

conducted on modelling the dynamic correlations between international stock markets and 

most have concluded the presence of market linkages and financial contagion. In spite of that 

only a number of studies have modelled the tail structure of the dependence among markets. 

Relatively, adequate proof is found for the existence of asymmetric dependence between stock 

market returns. Cappiello et al. (2006) was the one who found evidence of asymmetry in con-

ditional instability of the equality returns.  

 

An effective and easy to use implement to describe dependant risks is given by the concept of 

Copula, which was presented by Sklar (1959) and then studied by numerous authors such as 

Deheuvels (1979), Genest and MacKay (1986). A copula is a function that combines univariate 

marginal distributions to set up a joint distribution with a particular dependence structure. 

Therefore, it provides a simple way to produce multivariate probability distributions that have 

a wide range of dependence and tail behaviour. Sklar’s theorem states that if F is a joint distri-

bution function with marginal distributions, F1, ..., Fn, then there exists a copula C such that: 

F (x1, ..., xn) = C(F1(x1), ..., Fn(xn)). Fi(xi), i=1, ..., n, has a uniform distribution assigned on 

the interval [0,1]. Thus, the copula can be considered as a multivariate function with standard 

uniform marginal distribution. In the above equation, the dependence structure is based only 

on the type of copula, not on the choice of marginal distribution. So, a copula function enables 

adaptability in the choice of marginal distribution (Sklar, 1959).  
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With the concept of copula, we are provided with plentiful groups of functions such as Student, 

Gumbel, Clayton, etc that enable us to create a richer dependence than the standard Gaussian 

theory; and Sklar lemma shows us how to impose one form of dependence among random 

variables with specified margins (Sklar, 1959).  

 

The copula functions’ main advantage is that they enable us to approach the problem of spec-

ification of marginal univariate distributions separately from the specification of market co-

movement and dependence. According to Wu et al. (2017), these methods prove to be benefi-

cial to both investors as they “diversify risk” and to monetary policy makers to manage the risk 

of economic crisis. In broader terms, investors will be able to observe the cause and effect of 

an event on another countries market. Asymmetric Conditional Dependence aims to measure 

the correlation between competing stock markets to more clearly understand recent trends.  The 

copula approach is “a useful method for deriving joint distributions given the marginal distri-

butions” (Trivedi and Zimmer, 2007). There are several other approaches such as the “linear” 

and “rank correlation coefficient” however these fail to take time into account as a determining 

variable. In the article titled Modelling Asymmetric Conditional Dependence between Shang-

hai and Hong Kong Stock Markets, Wu et al. (2017) runs an Asymmetrical Conditional De-

pendence analysis between the stock markets in Shanghai and Hong Kong. In his work, he uses 

time-varying copula.” Patton (2006) theorized that the time-varying copula model should con-

sider the both the past and historical parameters to explain the current parameters. Once the 

time-varying copular parameters have been applied, the correlational coefficient can be meas-

ured. In this case, when comparing the stock market in Hong Kong to that of Shanghai, the 

results suggest a decrease in correlation leading up to the 2008 financial crisis. This correlation 

can be seen as Hong Kong was more open to “foreign investors” where Shanghai had fewer 

stock devoted toward “foreign capital.” The research further continues by describing the im-

portance of “tail dependence” Wu et al. (2017). The modelling asymmetric conditional depend-

ence is utilised to research the difference between counties financial situation. It is mostly used 

to signify the appreciation or depreciation of a country’s currency, however since it is asym-

metric, it shows that there are not many direct networks to work this out.   Exchange rates are 

the most common to inspect, this is because it truly shows the cashflow of a country and the 

specific demands as well as supply needed for the country to live on. Hong Kong and China 

are seen to be major partners when it comes to exchange since Shanghai tends to have a lot in 

manufacturing goods as a way to have a high inflow towards the country. Hong Kong’s 
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exchange rate is being integrated to China which means there will be a higher balance of pay-

ments due to this. 

 

One key example of Modelling Asymmetric Condition Dependence being used is seeing the 

value of the Chinese and Hong Kong currencies. The market of China and Hong Kong has 

been said to have been influenced more with negative shock than positive shocks which shows 

the asymmetric conditional dependence in their markets. The occurrence of this can be due to 

innovation or different trends in the countries that can change demand which will change what 

will be exported or imported.  

 

Copula Methods is a smart way to collect marginal distributions of unaware variables to reunite 

to form a joint distribution. This will help organise the asymmetric variables to simplify the 

exchange rate. This will be severely effective since it will ensure a wide flexibility to model 

multivariate distribution, which shows the distribution of a pair of a simple random variable as 

well as also including triples of the random variables to (Trivedi and Zimmer, 2007).  

 

Still one of  the research  of Hong Kong and China, there is a stock index return between the 

stock which furthermore has an amount of 3314 observations, this includes their expression 

‘ln(𝑃𝑡／𝑃𝑡−1)’. This formula helps comprehend how the asymmetrical conditional depend-

ence will cause crisis periods which further allows the analysis of the turmoil period. This can 

lead to invalid payments outflowed from the country which can be explained to cause govern-

ment expenditure to rise and be utilised incorrectly which can affect the country. This can cause 

more debt to rise in the country, if that’s the case then it can decrease economic growth or even 

inflation which means the country will find it harder to make purchases abroad since they will 

have less purchasing power. Exchange rate is very significant for a country’s financial stability. 

This can be linked to the UK wanting to have only a 2% inflation with a 1% increase or de-

crease, it isn’t good for a country to inhibit a high inflation yet a deflation Wu et al. (2017).   

 

Overall, this research is used to show linkages between differing markets affected by similar 

events to provide a to see their level of correlation. It is important to note that the correlation 

is observed by employing the copular approach. The copular approach is “a useful method for 

deriving joint distributions given the marginal distributions” (Trivedi and Zimmer, 2007). 
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There are several other approaches such as the “linear” and “rank correlation coefficient” how-

ever these fail to take time into account as a determining variable.  

 

In simpler terms, Asymmetric Conditional Dependence is a complex method of quantifying 

the interdependence between many variables which “have no correlation”. This trend is sup-

ported in analysis of Modelling Asymmetric Conditional Dependence seen during the decrease 

in correlation leading up toward the recession, followed by a strengthened correlation during 

the crisis. Measuring asymmetrical conditional dependence is a great tool to illustrate the na-

ture of markets and in examining how dependent one market is in relation to another 

(Wiecki,2018). This correlation is then used to predict, analyse, and reflect on market trends 

and is shown on a scale from -1 (perfect negative correlation) to +1 (perfect positive correla-

tion). In the article by John Edwards, he discusses the application of correlation in portfolio 

management to “measure the amount of diversification among assets contained in a portfolio.” 

Investors will use this correlation to gain insight to market performance and risk factors. Tying 

everything together, during the 2008 financial crisis it is observed that “stocks can have a ten-

dency to become more correlated during periods of heightened volatility” (Edwards 2021). 

Modelling correlations and linkages between financial asset returns are important for interna-

tional investors to diversify risk, and for monetary policy makers to control for the risk of 

financial contagion. There are many studies on modelling the dynamic linkages between inter-

national stock markets and most have concluded the existence of market linkages and financial 

contagion.  

 

First, to better understand what modelling asymmetric conditional dependence consists of, we 

need to make the link with the copula method. The copula theory, based on the work of Sklar 

in 1959, allows a flexible modelling of the dependence between two or more random variables. 

In recent years, the growth of interest in this theory has been phenomenal. In his book Sklar 

gives us his definition of the term copula “We will call a(n-dimensional) copula any continuous 

and non-increasing C continuous and non-decreasing -in the sense used of a n-dimension func-

tion defined on the cartesian product of n closed intervals [0;1]”. Copula theory provides asset 

managers with a different tool that helps them to better understand the joint behaviour of fi-

nancial markets. A copula deals with the dependence between the distributions of returns. The 

dependence measure is decoupled from the distribution function of each individual market. 

There is a wide variety of copulas, they fall into two main categories: meta-elliptic copulas and 

Archimedeans copulas are the most frequently found in the financial literature. 
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However, only a few studies have modelled the tail structure of the dependence between mar-

kets. Furthermore, due to the recent turmoil, one should expect such dependence to be asym-

metric, as co-movements between markets will be affected by negative shocks more substan-

tially than positive shocks. Relatively, sufficient evidence is found for the existence of asym-

metric dependence between stock market returns. We can use as example the asymmetric con-

ditional dependence between Chinese stock index returns, to assess the impact of the recent 

financial recession on Chinese equity markets using the Copula approach. The capitalisation 

of the Chinese stock market overtook Japan and became the world’s second largest stock mar-

ket, totalling $3,981 billion in A-share capitalisation at the end of 2010. The unique position 

of the Chinese stock market amongst its international competitors and its role during the recent 

financial crisis, has encouraged the study of its dependence with other mature financial markets 

during the period of turmoil. Conditional dependence is a theory based upon probability which, 

is when two individual variables become dependent when a third event occurs. When two 

things are asymmetric it is when then the two sides are not the same (Noah Webster) therefore, 

when modelling asymmetric conditional dependence, it is when two random independent var-

iables become dependent due to a third event happening.  

 

An example of this would be cyclical and defensive stocks that normally act within the stock 

market independent of each other due to them being opposites. Cyclical stocks are often af-

fected by the overall trend in the economy, therefore, causing it to usually have higher volatility 

yet expected to have higher returns during economic strength (Young, 2021) whereas, a defen-

sive stock is a lot more stable that provides consistent dividends and stable earnings regardless 

of the state of the overall stock market (Chen, 2021). However, it has been shown through 

history that when the CBOE Volatility Index (Vix) becomes too high- showing massive risk 

within the market it causes both sets of stocks to become dependent on one another and react 

in the same way as often investors start to panic and begin to start selling most of their stocks, 

causing stock prices to decline. This was demonstrated when 911 happened which caused a 

large amount of chaos during the stocks markets, with both cyclical and defensive stocks be-

coming dependent showing the clear correlation between the two that both stocks dropped in 

price due to a vast amount of uncertainty causing people to panic sell their stocks (Chen, 2021). 

 

The word copula within English grammar means to link a subject with the predicate therefore 

when relating it in a statistical sense the copula method is a probability model used with finance 
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which examines the dependence and helps determine the correlation between two individual 

variables when a third event occurs.  Therefore, this can help to identify the risk sensitivity 

within finance to any internal or external events. They are essential as they allow us to decom-

pose a joint probability distribution into their margins and a function that couples them to-

gether, thus specifying the correlation separately (Wiecki, 2018). 

 

Using this method, it will correlate marginal distributions of by variables randomly chosen to 

form an emerged distribution. There are several methods, whereas a copula method will present 

a flexible model of emerged distributions, but also letting you see the both the marginal distri-

butions as well as the dependence. It will measure the probability and risk between marginal 

distributions (Wiecki, 2018). 

 

We define conditional dependence when two or more events become dependent when a third 

event occurs. Its function is important to see the correlation in markets during volatile period 

and especially during downtrends when the market is usually more correlated as a whole (Pat-

ton, 2006). The main function of the conditional dependence is to measure the correlation be-

tween events and can be applied as a technique of Portfolio management. A good personal 

example I can relate to is the correlation between defensive stock to cyclical stocks when the 

market is in a downtrend.  

 

As the VIX Goes above 25 (Index to measure the overall volatility of the S&P500) the corre-

lation in the Defensive stocks against cyclical stocks is more correlated. The copula Methods 

is a way to represent a multivariate uniform distribution which examines the dependence upon 

many variables potentially. It helps to find a correlation between a pair of variables that are 

enmeshed in a more complex multivariate system. From the copula methods we can observe 

correlation between assets in a complex etf that cover not only stocks but also bonds or other 

different assets that are nor related to the 2 companies in dependence (Kenton, 2022). A clear 

example was during the financial crisis in 2008 when an inappropriate assumption of gaussian 

dependencies between the risk of various financial instruments such as MBS (mortgage-backed 

securities) and CDO (collateralized debt obligations) took off and then led to the global finan-

cial crisis.  

 

In more simple terms we can also measure the correlation of deaths for life insurance compa-

nies such as looking at the marginal distribution of a person dying after the death of its spouse. 
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Basically, measuring the probability of dying in succession. Another great example is found in 

measuring the probability of a company to fail after the leader of the industry fails. This exam-

ple is interesting to analyse because the correlation in this case reveal itself as direct instead of 

inverse (Marsden, 2022). 

 

As the number of assets goes above 12 the Standard deviation in the portfolio is basically the 

same. This is due to the fact that as the number of assets increase at some point the correlation 

with the S&P500 remains the same. And this is true especially during a down trend (Patton, 

2006). The copula methods with the Asymmetric modelling of conditional dependence have 

also an accurate application in exchange rates relative to changes in the interest rates or other 

economic factors. In research in 1999 written by Tagaki (Patton, 2006) we observe that a desire 

to maintain the competitiveness of Japanese exports to the United States with German Exports 

to the US would lead the Bank of Japan to intervene to ensure a matching depreciation of the 

yen against the dollar whenever the deutsche mark depreciated against the dollar. This relation 

was then discovered to be Asymmetric consistent with an asymmetric central bank behaviour 

presented into the academic research (Patton, 2006). 

 

Time-varying copula where a generalized autoregressive score (GAS) from Creal et al. (2013) 

will capture evolution of the parameters. A study outlines the modelling asymmetrical depend-

ence in global economics such as agriculture commodities and global oil market. Will study 

the actual connection in the market and the price dependency in the market.  From the begin-

ning of 2006 to the middle of 2008, global agricultural commodity prices have risen consider-

ably. The prices of key agricultural commodities—corn, soybeans, and wheat— reached record 

highs in mid-2008, about the same time as oil prices peaked, and then fell down to early-2007 

levels by the end of the year (Fasanya et al., 2019). In recent decades, academics have been 

interested in the interplay between global oil markets and agricultural raw material markets. 

Many studies have linked price increases in agricultural raw material markets to price increases 

in the global oil market. There are two primary reasons for this. On the one hand, biofuel and 

crude oil are both viable options. People have been rushing to create alternative energy sources 

such as bioethanol and biodiesel made from corn and soybeans as crude oil prices have risen 

in recent years. As a result, increased global oil prices may lead to higher prices for agricultural 

raw materials as an alternative energy source. As a result of the limited agricultural product 

acreage throughout time, the price of other agricultural raw material markets would eventually 

be higher. Agricultural raw material markets, on the other hand, are influenced by global oil 
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markets since the agricultural product’s production process, which includes fertilizers, pesti-

cides, transportation, and processing, uses a lot of crude oil. In conclusion, it appears that the 

global oil and agricultural raw material markets are moving in the same direction (Jiang et al., 

2018).  Jiang et al. (2018) uses wavelet and copula models to investigate the dynamic interde-

pendence of the global oil market, agricultural raw material markets, and metal markets. They 

discovered that the oil market trails agricultural markets but outperforms metal markets. Given 

the current study’s aim, even though a time-varying copula is used, assuming a single regime 

when analysing the connection between energy and agricultural commodities may be too lim-

ited and incorrect. This emphasizes the need of distinguishing between the two regime states 

in the energy-agricultural commodity link. A time-varying copula model with a switching de-

pendency is used to represent the dynamic dependences between energy and agricultural com-

modities markets in this section. The CoVaRs and delta CoVaRs, which are used to evaluate 

risk spillover across markets, are then estimated using the combined distribution of energy and 

agricultural commodities markets (Ji et al., 2018).  

 

To investigate spillover effects, Reboredo and Ugolini (2016) employ copulas to capture the 

reliance between oil and metal prices and compute the VaR and conditional VaR. They dis-

covered that fluctuations in the price of oil had an impact on metal pricing. The spillover effect 

argues that a significant shock increases the correlation of returns across all assets, not just one 

market. During financial crises, this effect may be magnified, with the added consequence that 

both volatility and correlation will move in lockstep over time (Kang et al., 2017). 

 

According to Kenton (2021), the Copula are different mathematical functions that correlate 

multiple variables, and from the late ‘90s were introduced in the financial sector mainly to 

analyse the risks that is based according to Zhang (2019), on how to determine the non-para-

metric measure of the dependence between random variables relying on the interdependence 

of return of two or more assets calculating the correlation coefficient when is set a normal 

distribution between the data, however, if the data are skewed or asymmetric distribute this 

method can be used to determine the option price because the price of one security depends on 

the price of an underlying security, (e.g. CDO).  According to the study made by Wu et al. 

(2017), it has been found a strong time-varying correlation between the two previously men-

tioned Stock Indexes, which increased particularly during the recession, suggested a financial 

contagion between the two Indexes. However, this work has not been cited the strong financial 

globalisation of nowadays and the solid correlation between the financial markets, which 
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probably could be the reason that every country suffered this crisis started at US market. The 

empirical analysis made by Kayalar et al. (2017), found a very significant dependence between 

currencies and WTI oil prices, especially on the currencies oil exporter countries whereas the 

importing countries have the least dependence. This is due to the fact that importing-counties 

will be affected by the change in the oil prices impacting directly on the balance of payment, 

and so will result in a fluctuation of the exchange rate. According to Bouri et al. (2018), it has 

been critically analysed the correlation between Bitcoin and the GFSI finding that when Bitcoin 

returns are skewed to the left (deficient performance) or to the right (superior performance) the 

correlation became stronger, however, when the returns are normally distributed the correlation 

became poorer because Bitcoin on average can act as a safe-haven asset against the GFSI for 

approximately 60 days. 

 

Finally, copula functions allow for a very flexible study of the dependency dynamics between 

different markets. At the same time, copula functions allow for a wider selection of joint dis-

tributions via an extended choice of dependence structures. This literature review has analysed 

how the Copula method is used in the financial sector to investigate the dependence of multiple 

variables and different financial products to identify the risks. It has been discussed how during 

a global crisis the stocks indexes became very correlated with each other, how the change in 

the gold price will result in a correlation with S&P500, stronger for exporters-countries and 

poorer for importers, and finally, the correlation between Gold and the S&p500, which con-

firmed that Gold prices is not quite volatile and is considered a strong financial asset. 

 

Copula functions allow to construct flexible multivariate distribution with different margins 

and different dependence structure, without the constraints of the traditional joint normal dis-

tribution. Hull and White (1998) were among the first to consider this kind of modelling, even 

though they did not refer explicitly to copulas, but rather to mapping observations from the 

assumed distribution of daily changes into a standard normal distribution on a “fractile-to-frac-

tile” basis. More recently, copula have been explicitly used for measuring portfolio Value at 

Risk by (Bouyé et al., 2001; Embrechts and Schmidli, 1994; Cherubini and Luciano, 2002). 

Glasserman et al. (2002) extended this framework to a portfolio of derivatives by considering 

a particular extension of the multivariate t distribution. Yet, the applications made so far dealt 

with unconditional distributions, only.  

Incidentally, value market members will in general answer to the gold market during times of 
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high unpredictability because of international pressures. Gold is viewed as a place of refuge as 

well as an elective speculation (Akbar et al., 2019). The choices of portfolio administrators and 

speculators rely upon dissects of the association of the gold and financial exchanges. At long 

last, some others work demonstrate the presence of a significance negative connection among 

gold and stock returns. Gold shows up as a place of refuge in speculation choices (Baur and 

McDermott, 2010; Tursoy and Faisal, 2018). 

Covitz and Downing (2007) consciousness on industrial paper spreads and display that liquid-

ity is the most vital element in determining a very short-time period company yield spreads. 

Spreads have received significant attention within the literature. Gilchrist and Zakrajšek (2012) 

noticed that credit score spreads can be used to expect the monetary outlook for destiny. They 

assemble their personal credit score unfold index and report that their index is an improvement 

over the spread for predicting economic pastime. Ang et al. (2011) predicted that the sudden 

upward thrust inside the Fed’s reaction raises brief-term rates, thereby leading to growth within 

the time period spread. Boyarchenko et al. (2019) recommend a new model for pricing loan-

sponsored securities or the mortgage-backed securities (MBS) and that they identify key deter-

minants of variations in MBS spreads. 

Specifically, the extension the models of Johannes et al., (2009) for return prediction in three 

directions. First, apart from the stochastic volatility (SV) models, additionally had a look at 

found out volatility (SV) measures and their position to return prediction. Secondly, subsequent 

to the dividend yield as a predictor variable use lagged returns. Sooner or later, we remember 

no longer only regression-type linear dependence structures. However, they additionally pro-

pose a copula-based totally model that allows for asymmetric dependencies. They allow these 

dependence systems to be static, dynamic, and hierarchical. By using historical statistics of 20 

assets and display that an ensemble of these more capabilities improves fairness return distri-

bution forecasts, that therefore may be used by investors in building portfolios or calculating 

tail risk (Johannes et al.,2009). 

As mentioned in Johannes et al. (2009) volatility timing is important for reoccurrence predic-

tion. In their paper, the authors rely upon stochastic volatility models for modelling the vola-

tility of the returns. Instead, Andersen and Bollerslev (1998) introduced the volatility (RV) 

measure this is obtained the use of the high-frequency statistics. Ever for the reason that exces-

sive frequency trading statistics became available to practitioners and researchers alike, there 

has been a shift in paradigm in volatility modelling. Realized that the volatility is an honestly 
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observable volatility estimator and does not depend upon any version assumptions, conse-

quently, RV is considered as an opportunity specification for the return volatility. Secondly, 

some other important feature to bear in mind in return prediction is using predictor variables. 

As stated in Lettau and Ludvigson (2001) it is now widely established that excess returns are 

predictable via variables including dividend-rate ratios, profits-rate ratios, dividend-profits ra-

tios, and a collection of different economic indicators.” A couple of empirical research has 

proven that the most powerful predictors have lagged returns, the dividend yield, the earnings-

charge ratio. For example, do not forget the dividend yield as a predictor variable. This reveals 

that the gains in prediction by means of using beyond returns and dividend yield, among dif-

ferent variables. Therefore, in this paper, we hire lagged returns and lagged dividend yield as 

regressors for return prediction. 

Finally, copulas had been applied in many fields in each social and natural sciences, specifi-

cally in the context of monetary time collection. Even though most of the people of the copula-

related literature focuses on modelling contemporaneous dependence between more than one 

time series. Copulas additionally permit to version the temporal dependence of a univariate 

time series (Chen and Fan, 2006). Using copulas in modelling temporal dependence of univari-

ate time series pertains to Markov procedures and has been described in Doukhan et al. (2008) 

as an instance. With the aid of considering numerous possible marginal distributions with ex-

ceptional copula specs, you may seize frequently found features of univariate financial time 

series, which include skewness and fat tails. Moreover, depending on the copula family, it is 

possible to model non-linear temporal dependencies, as opposed to the standard linear regres-

sion-type models.  

Crucial to be aware that this work no longer pursues multivariate time series evaluation, con-

sidering the fact that it’s far out of the scope of the paper. But the proposed framework may be 

prolonged to the multivariate case by using assuming some shape for joint modelling of the 

univariate procedures, mentioned in this paper. Neither do not forget the portfolio allocation 

exercising on advanced univariate density prediction for every asset one after the other inter-

prets into advanced out-of-pattern portfolio overall performance. Sooner or later, model esti-

mation is performed in a simultaneous way thru Sequential Monte Carlo strategies, allowing 

for immediate inference and steady version comparison through Bayes factors. 
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3.2.1 Relationship Between Gold and Stock Exchange 

Gold, as a monetary indicator, is a standout amongst the most vital products on the planet and 

it is held by national banks. National banks must keep up an extent of their outside trade saves 

in gold, as a store of significant worth and as a confirmation to recover guarantees to pay in-

vestors, note holders, or exchanging peers, or to secure a cash. Gold is likewise utilized by 

goldsmiths and speculators as a supporting instrument Sari et al. (2010) At the point when 

monetary standards devaluate, financial specialists move to the gold market and when mone-

tary forms revaluate speculators move far from the gold market (Ismail et al., 2020; Capie et 

al., 2005) 

Gold influences different valuable metals. Sari et al. (2010) states: “Among the major valuable 

metal class, an expansion in the gold value appear to prompt parallel developments in the costs 

of alternate valuable metals which are considered speculation resources and in addition me-

chanical wares”. The announcement proposes that a model satisfactorily clarifying the gold 

costs could likewise add to models utilized as a part of foreseeing the costs of different valuable 

metals. Henceforth, numerous financial analysts think about gold as a main pointer in the val-

uable metal pack. 

The Bretton Woods framework, for which the US dollar was communicated as far as a settled 

gold cost, crumbled in 1971 (Capie et al., 2005). In like manner, it appears to be proper to begin 

our examination around this period. High expansion, indeterminate universal legislative issues 

and low trust in the US dollar are a portion of the primary reasons progressed for the quick 

increment in gold costs between September 1976 and January 1980. A blend of stresses pushed 

financial specialists to expand their possessions of paper monetary forms into more substantial 

gold (Cheung, 2006). The quick increment in gold costs amid 1980 was caused by determined 

exchanging the fates showcase. The gold cost achieved US$700 for eleven days amid 1980 yet 

then came back to around US$300 by centre 1982. Between mid-1982 and June 2002, gold 

was seen exchanging the US$250-US$500 territory (Capie et al., 2005).  

Various researchers have given an account of the part gold plays as a swelling fence and the 

part expansion plays on the gold cost. In any case, as per Roy (2011) no huge relationships 

exist between returns on gold and changes in certain macroeconomic factors, for example, 

swelling, GDP and financing costs. Sjaastad and Scacciavillani (1996) revealed that gold is a 

store an incentive against expansion. Dowd (1998) archived that the cost of gold relies upon 
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the future growth rate. Sherman (1983) noticed the log of the gold cost is emphatically identi-

fied with the foreseen growth. 

As per Kaufmann and Winters (1989) the cost of gold depends on changes in the US rate of 

enlargement, and different factors. Customarily, gold has assumed a critical part amid times of 

political and monetary emergencies and amid value advertise crashes, whereby gold has reacted 

with higher costs. As per Smithson and Simkins (2005), “when the monetary condition turns 

out to be more indeterminate, consideration swings to exploring in gold as a place of refuge.” 

The creator likewise noticed that following the September eleventh, 2001, assault, the FTSE 

All offer Index diminished by 9% while the London gold evening settling cost expanded by 

7.45%. Roy (2011) announced that gold returns are less associated with returns on value and 

bond files than returns of different products. In accordance with gold’s part as an advantage 

final resort, Koutsoyiannis, (1983) expressed that the cost of gold is emphatically identified 

with the condition of the US economy and geopolitical factor. 

A few examinations have been directed the world over to research the relationship of stock 

costs and economy wide macroeconomic components. In setting of outside Kang et al. (2012) 

explore Istanbul Stock trade (ISE) and established that there is no long run connection between 

stock costs and macroeconomic factors incorporates loan cost, FEXR and CPI. Despite their 

found a long run connection between ISE stock record and IPI. Likewise, Roy (2011) analysed 

the relationship in setting of India and found a unidirectional relationship of stock cost with 

CPI, remote direct speculation (FDI), GDP, net settled capital development (GFCF). However, 

the stock list was found in combine savvy association with FEXRES, wide cash (M3), unre-

fined petroleum cost and entire value record (WPI). Also, the stock record was observed to be 

contrarily influenced by oil cost while decidedly influenced by adjust of exchange (BOT), loan 

cost, FEXRES, GDP, IPI and M3. Francis (2011) recommended that stock returns fundamen-

tally related with swelling in securities exchange of Ghana. Singhal et al. (2019) investigated 

in Mexico Index stock returns association with macroeconomic factors including GDP, busi-

ness rate, FEXR, expansion and cash supply. The stock return was utilized as a part of the type 

of portfolios and the observational examination demonstrated that GDP and FEXR affect re-

turns of portfolios while cash supply and swelling rate have backwards association with returns 

of portfolios. Different investigations in a similar territory incorporate (Singhal et al., 2019; 

Kumar, 2011; Singhal et al., 2019; Muhammad et al., 2009). Every one of these examinations 

don’t have similar outcomes because of the distinctions in monetary and political frameworks, 
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contrasts in monetary and money related strategies, and contrasts in the economy wide full-

scale factors all in all over the outskirts. 

Roy (2017), analysed that the connection between gold costs and Indian stock trade. For this 

reason, they gathered the information from Feb 2001 to Jan 2012 and used the GARCH model. 

They had taken factors stock trade as the free factor and gold costs, oil costs as the reliant 

factors, they had demonstrated the outcomes that there is no significant connection between 

Indian stock trade and gold costs. They had proposed that financial specialists ought to put 

resources into the gold. Cenedese et al. (2014) examines that international stock returns and 

foreign exchange returns using portfolio approach from period starts from November 1983 to 

September 2011 of sample data of 42 countries. This study revealed that exchange rates don’t 

hamper country level equity returns in any country that were examined in this research.  

Akbar et al. (2019) has undertaken the study on three countries including USA, Pakistan and 

India using EGARCH model and the simple period was from 1990 to 2013. Per his study, 

robust evidence was found that investment in gold is performing better than the investment in 

forex market specifically for India and Pakistan. In continuation of the above contribution in 

literature, Koirala et al. (2015) conducted the study on India by using GARCH model. The 

results have revealed that increase in oil price tends to decrease the Indian rupee and concluded 

that the oil prices and Indian rupee are interdependent in relationship. Baur and Lucey (2010) 

shown that the connection between gold costs and stock trade. For this reason, they have gath-

ered the information from Feb 2001 to Jan 2011 and used the concurrent condition model. They 

had taken factors to be specific, stock trade as the autonomous variable and gold costs, oil costs 

as the needy factors, they had demonstrated the outcomes that there cannot be connection be-

tween France stock trade and gold costs. They had recommended that financial specialists 

ought to put resources into the gold as opposed to stock trade. 

Tai (2007); Frino et al. (2017) Examined that the connection between gold costs and Asian 

stock trade. For this reason, they gathered the information from Feb 2005 to Jan 2014 and used 

the (Vector Error Correction Model- please refer to section 3.9.2)VECM model. They had 

taken factors to be specific, stock trade as the autonomous variable and gold costs, oil costs as 

the needy factors, they had demonstrated the outcomes that there is no significant cannot con-

nection between Asian stock trade and gold costs. They had proposed that financial specialists 

ought to put resources into the gold as opposed to stock trade. Kuan-Min et al. (2016), showed 

that the connection between gold costs and Finland stock trade. They gathered the data from 
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Feb 2004 to Jan 2015 and used the co-integration model. They had taken factors to be specific, 

stock trade as the free factor and gold costs, oil costs as the needy factors, they had demon-

strated the outcomes that there is no connection between Finland stock trade and gold costs. 

They had recommended that speculators ought to put resources into the gold instead of stock 

trade. 

Smithson and Simkins (2005) observed that the connection between gold costs and Malaysia 

stock trade. They gathered the information from Feb 2003 to Jan 2013 and used the Johnson 

approach model4. They had taken factors to be specific, stock trade as the autonomous variable 

and gold costs, oil costs as the needy factors, they had demonstrated the outcomes that there is 

connection between Malaysia stock trade and gold costs. They had recommended that financial 

specialists ought to put resources into the gold as opposed to stock trade. 

(Mishra, 2016; Koirala et al., 2015) study is based on the connection between gold costs and 

Denmark stock trade. For the research, they gathered the information from Feb 2007 to Jan 

2015 and used the VAR model. They had taken factors to be specific, stock trade as the auton-

omous variable and gold costs, oil costs as the reliant factors, they had demonstrated the out-

comes that there cannot be a significant connection between Denmark stock trade and gold 

costs. They had proposed that financial specialists ought to put resources into the gold instead 

of stock trade. 

Iqbal et al. (2018), showed that the connection between gold costs and Germany. Stock trade. 

The data was collected from Feb 2002 to Jan 2014 and used the GARCH model. They had 

taken factors stock trade as the autonomous variable and gold costs, oil costs as the reliant 

factors, they had demonstrated the outcomes that there is connection between Germany stock 

trade and gold costs. They had proposed that speculators ought to put resources into the gold 

instead of stock trade. Wu et al. (2012) examined that the connection between gold costs and 

Japan stock trade. The data was taken from Feb 2004 to Jan 2014 and used the VAR model. 

They had taken factors stock trade as the autonomous variable and gold costs, oil costs as the 

reliant factors, they had demonstrated the outcomes that there is no significant connection be-

tween Japan stock trade and gold costs. They had proposed that financial specialists ought to 

put resources into the gold as opposed to stock trade. 

 
4 This refers to enterprise risk management.  
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Najaf et al. (2016) saw that the connection between gold costs and Pakistan stock trade. The 

information was gathered from Feb 2007 to Jan 2015 and used the (Error Correct Model – refer 

to section 3.9.1) ECM model. They had taken factors to be specific, stock trade as the autono-

mous variable and gold costs, oil costs as the needy factors, they had demonstrated the out-

comes that there is no connection between Pakistan stock trade and gold costs. Moore and 

Wang (2014), examined that the connection between gold costs and Hong Kong Stock trade. 

Data was collected from Feb 2003 to Jan 2013 and used the GARCH Model. They had taken 

factors specifically, stock trade as the free factor and gold costs, oil costs as the needy factors, 

they had demonstrated the outcomes that there is no significant connection between Hong 

Kong. Stock trade and gold costs. They had proposed that speculators ought to put resources 

into the gold as opposed to stock trade. 

Ramazan et al. (2006) analysed that the connection between gold costs and Bangladesh stock 

trade. For this reason, they gathered the information from Feb 2001 to Jan 2014 and used the 

VECM model. They had taken factors to be specific, stock trade as the free factor and gold 

costs, oil costs as the reliant factors, they had demonstrated the outcomes that there is no sig-

nificant connection between Bangladesh stock trade and gold costs. They had proposed that 

financial specialists ought to put resources into the gold instead of stock trade. Kwon and Shin, 

(1999) researched that the connection between gold costs and Andorra stock trade. For this 

reason, they collected the data from Feb 1998 to Jan 2012 and used the co-integration and 

causality model. They had taken factors to be specific, stock trade as the autonomous variable 

and gold costs, oil costs as the needy factors, they had demonstrated the outcomes that there is 

no significant connection between Andorra stock trade and gold costs. They had proposed that 

speculators ought to put resources into the gold as opposed to stock trade. 

Samanta and Zahed (2012) demonstrated that the connection between gold costs and Bahrain 

stock trade. For this reason, they gathered the information from Feb 2001 to Jan 2014 and used 

the EARCH model, they had taken factors to be specific, stock trade as the autonomous varia-

ble and gold costs, oil costs as the reliant factors, they had demonstrated the outcomes that 

there can’t be a significant connection between Bahrain stock trade and gold costs. They had 

proposed that financial specialists ought to put resources into the gold as opposed to stock 

trade. Aktham (2003) analysed that the connection between gold costs and Korea stock trade. 

For this reason, they gathered the information from Feb 1999 to Jan 2011 and used the VECM 

model. They had taken factors stock trade as the autonomous variable and gold costs, oil costs 



 120 

as the reliant factors, they had demonstrated the outcomes that there is no significant connec-

tion between Andorra stock trade and gold costs. They had proposed that financial specialists 

ought to put resources into the gold as opposed to stock trade. 

In setting of Pakistan a few examinations have been underused in the past for researching the 

foresaid relationship. Nishat and Shaheen (2004) analysed KSE-100 list and found that the IPI 

is the greatest and significant fortification component for change in the list and have positive 

connection with the stock file, while expansion impact the stock costs emphatically in short 

run and adversely in long run. Then again, Sohail (2020) recommended that there is a converse 

connection between stock list and expansion in long run while the three months’ treasury bills 

have an immaterial positive association with stock list. The outcome additionally demonstrated 

the relationship of stock costs with M2, genuine powerful conversion scale (REER) and IPI 

which was sure. Abbas and Awan (2017) again applying a similar philosophy found a back-

wards relationship of stock costs with cash supply and here and now treasury charges rate 

(TBR). Akbar et al. (2019) looks at the KSE-100 list about the FEXR after the union of settled 

conversion standard framework into the coasting swapping scale framework. The investigation 

perceived a couple savvy causal connection between the two factors. So also, Najaf et al. (2016) 

found that there is a positive relationship exists between dark economy (underground economy) 

and stock costs both in short and long run, while swelling has an immediate association with 

stock fd costs in short run and roundabout in long run. Different examinations exploring the 

dynamic linkages between value advertise and macroeconomic factors incorporates (Akbar et 

al., 2019; Nishat and Shaheen, 2004; Ullah et al., 2011; Rafiq and Hasan, 2016; Sohail, 2020; 

Ali et al., 2010; Abbas and Awan, 2017; Akbar et al., 2019).  

 

As an essential component of the downstream refined products cost, the crude oil returns have 

displayed volatility with full amplitude, making the crude oil futures become a vital financial 

instrument for hedging. For example, Reboredo (2013) analysed the nonlinear dependence 

structure between the crude oil market and the international gold market, finding that they have 

positive mutual dependence significantly. It is common knowledge that the joint tail risk 

mainly determined by the marginal tail risk and its corresponding dependence structure among 

asset variables. However, in the past, researches on the dependence of the financial future 

mostly assumed that futures return follow normal distributions and random walk processes. 

Hence, they are inconsistent with the facts and cannot explain the stylised facts in financial 
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futures markets such as the leptokurtosis distributions, heavy tails properties, and volatility 

clustering effects and so on see (Fang et al., 2014).  

 

Moreover, Daníelsson et al. (2013) have found that the oil returns frequently have leptokurtic 

distributions and fat tails, and were not following the normal distribution, which tended to 

undervalue the extreme risk. Besides, the dependency between financial futures returns tends 

to display nonlinear, asymmetric and Time Varying characteristics, while the traditional model 

can only characterise linear, symmetric or static correlations. According to the research of Pat-

ton (2012) which pointed out that there is a lack of methods in studying risks between an ex-

tensive collection of assets, but the usage of copula-based models facilitates the description of 

high dimensional conditional distributions. Copulas model have been used widely for risk man-

agement, portfolio optimisation, and systemic risk (Aas et al., 2009; Fei et al., 2012; Scheps-

meier, 2016; Low et al., 2016; Daníelsson et al., 2013). Dependence is based on the perspective 

of copula models, and it refers to non-linear and asymmetric correlations among variables, 

including the degree of correlations between variables and the risk linkage see (Kitamura, 

1998). The multivariate GARCH-copula model has been widely in used in the study of risk 

transmission relationships due to its flexibility and diversity in modelling (Tai, 2010; Yiu et 

al., 2010; Hsu et al., 2008). It enables the estimation of joint distribution in stages, then reduc-

ing the computational burden. According to Patton (2002), the interdependence of financial 

asset returns is Time Varying, and asset prices in different financial markets also tend to have 

dynamic tail dependence. Since the static copula function assumes that the correlation param-

eters remain constant during the sample period, it often contradicts with realities for more ac-

curately describe the dynamic interdependence of financial assets. Scholars began to turn to 

the dynamic copula methods to characterise the dynamic features of risk dependence (Hu, 

2010; Chang, 2012; Hafner and Manner, 2010; Patton, 2006a, 2006b), extended Sklar’s theo-

rem to construct a Time Varying conditional copula model to study the interdependence of 

exchange rates. After empirical researches, the dynamic copula model is significantly recog-

nised for outperforming the static copula model when describing the related asset’s structure.  

 

Wu et al., (2012), studied the dependence of international crude oil prices on the US dollar 

exchange rate market and pointed out that the conclusions drawn from dynamic copula are 

more economical. Also, Aloui et al. (2016) concluded that constructing the copula GARCH 

model to dynamically examine the condition-dependent structure between the oil price and the 

US dollar exchange rate can improve the accuracy of the VaR prediction. And Richardson, et 
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al. (1998), studied the time variation of copula parameters using a hybrid parameter method. 

Consequently, when using the copula function to analyse the interdependence of financial as-

sets, it is necessary to analyse the dynamic changes of secondary structures through Time Var-

ying copula parameters.  Further time variation of model parameters is critical in capturing the 

dynamic behaviours of multivariate processes regarding how the specified parameters of the 

dynamic model progress, there exist stochastic copula models (see Hafner and Manner, 2010; 

Genest and Rémillard, 2008), that allowed parameters as latent process and the ARCH type 

copula models that model the settings as a function of lagged observables.  

 

Recently, Creal et al. (2012), introduced a class of observation that based generalised auto-

regressive score model into the copula function to make the parameters changeable, whose 

mechanism is to use the scaled score of likelihood function to update settings over time. He 

argued that the scaled score function is a practical choice for Time Varying parameters, which 

has a distinctive advantage of avoiding integrating out the innovation terms. Blasques et al. 

(2014) showed that the GAS method could be motivated theoretically by minimising the di-

vergence between actual density and model implied density. Based on this, Patton (2016), in-

troduced the GAS model to characterise the dynamic changes of the copula parameters and 

used copula-based dynamic model for multi-dimensional distributions to measure the systemic 

risk.  

 

Innovation is generally heavy-tailed in financial applications. However, the above study that 

considers the dynamic dependence of tail risk does not simultaneously consider the weakness 

and thick tail characteristics in the distribution returns. While the financial time series data 

exhibits abnormal features, that is, the individual returns distribution shows skewness, exces-

sive kurtosis and asymmetry, which need to take into consideration at the same time. Recently, 

an increasing body of evidence of non-normality of financial returns has incorporated the cop-

ula theory. In terms of describing the fat tail attributes of financial futures returns, the Skew t-

distribution, the student’s t distribution, and the generalised error distribution (GED) were in-

troduced into stochastic volatility models to capture the leptokurtosis and heavy tails properties 

in financial returns (Tzang et al., 2016). For example, Kang and Babbs (2012) adopted the 

GARCH model for distribution to characterise the marginal distribution of the overnight fund 

earnings and the trading returns, as well as using a dynamic copula model to describe the Time 

Varying dependence structure in studying the tail distribution and interdependence of profits.  
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Kallsen and Tankov (2006), proposed the concept of Levy copula in the binary case and utilised 

the Levy stochastic distribution to model the thick-tailed, asymmetrical financial variables. 

Although it used copula functions to model the correlation structure of the jumping part, the 

copula function used is still static. As to the heavy-tailed innovations in financial returns, Fan, 

et al. (2014), directly assume that the joint distribution of assets followed multivariate Skew t 

distribution to examine portfolio selection. Fan et al. (2008), also believed that the returns pro-

cess follows the ARMA-GARCH process with multi-variate regular tempered stable distribu-

tion innovations to study the optimal portfolio problem. But it did not consider the non-linear 

correlation relationship among variables, which had significant limitations see (Reboredo, 

2012). What can be seen from the previous studies is that the marginal thick-tailed nature of 

asset returns, volatility clustering, and the dynamic time variation non-linear dependence rarely 

considered at the same time.  

 

Moreover, there is still no consensus reached for academics and practitioners on which method 

to choose to calculate the hedge ratio of futures covering these distributional features. Based 

on considering the dynamic dependent structure of asset variables, this paper combines the 

time variation on GAS copula method with the heavy-tailed GARCH models to investigate the 

magnetic dependence and the tail risk of futures returns and compares the fitting performances 

of the Time Varying copula models with constant copula models. The tail characteristics of 

marginal risk are categorised through the GJR-GARCH-Skewed-t model in addition to consid-

ering the nonlinear dependence structure between the financial asset’s distribution returns, 

which makes up for the deficiencies of existing researches. Besides, we study the tail depend-

ence and risk measurements of crude oil futures under the heavy-tailed condition from an em-

pirical perspective, further calculating the dynamic hedging efficiency of crude oil futures 

based on Time Varying copula models. The contributions of our studies to the previous litera-

ture comprise two aspects. 

 

 On the other hand, empirically analyse show extreme tail risk, tail dependence structure and 

hedging effects of crude oil futures using the GJR-GARCH-Skewed-t GAS copula model, 

which considers the leptokurtic feature and clustering effects of financial returns distribution. 

The findings can provide evidence for investors and regulators to strengthen risk management. 

On the other hand, to improve the computation accuracy for parameter estimation, we employ 

the modified quasi-maximum likelihood estimator to change the two-stage estimation method 

for heavy-tailed GARCH model. 
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Significant research has been carried out in the past to explore the relation which is present 

between different both the stock markets. Research was carried out to find the linkage present 

between volatility of different markets which include Wheat, Hong Kong, Gold index, US and 

Shanghai by applying GARCH model test taking data mainly between 2001 and 2005 (Yu et 

al., 2015). Similar research was carried out by Fan et al. (2008) for examining how volatility 

of one market can spill-over in another market. Relation present between the stock markets 

present in S&P500 and Gold Index were explored for the years 1996 to 2008 using multivari-

ate GARCH mode. Mixture copula analysis was applied by Hsu et al. (2008) which explored 

the dependency that is present between these markets and G7 stock markets. Hu (2010) dis-

covered that the spill-over of Chinese markets with world markets is weak with the exception 

of US stock market. Somewhat low limitations are present in the researches mentioned such as 

exploring the relation in stable periods that do not have much change.  

 

This represents a strong gap present in the current literature which can be filled mainly by 

research the interdependency presents between markets in more turbulent economic conditions. 

Markets selected for analysis include the S&P500 and Gold Index market, mainly because 

these markets have unique individual features which can provide interesting insights. Both 

markets are seasoned as they have passed through seven to nine subprime crisis and still stood 

out in the end.  

 

Significant progress was made by the S&P500 market in 2007 it reached 6124 points but the 

coming years were not as favourable due to mortgage crisis in 2008 which resulted in drop of 

65% in the index. Internal strength of the Gold Index market is stronger given that number of 

international firms are present and operating. Another major different between the S&P500 and 

Gold Index market is the number of stocks which can be traded by international investors. Gold 

Index shares have greater freedom to be traded in the international market as compared to 

S&P500 index due to presence of B-share stocks for which different results are expected to be 

seen Gold Index market has stronger relation to the overall economy given that majority of the 

listed stocks are invested with mainland of different portfolio management. This points out a 

major similarity which was present between the two markets when going through financial 

crisis period.  
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Time Varying Copula approach is planned to be applied for assessing the changing dependence 

structures present auto-regressive score model as developed by Creal et al. (2012) will be used 

for analysis. Number of other dimensions have also been focused on through which the pro-

posed research can make valuable addition in literature. Conditional models for each stock 

market will be defined independently followed by introduction of methods through which the 

appropriate model can be selected. Tail dependence construction is done while keeping the 

upper and lower tails separate through which the asymmetric property can be captured. Last 

unique feature is the addition of tests which cater for Time Varying structure as well as the 

asymmetric dependence.  

 

Results obtained from the research indicate that the presumed dependence between markets are 

strongly Time Varying. Correlation between the markets had decreased significantly before the 

crisis but strong increase in correlation was seen following the mortgage crisis of 2008 which 

indicate the presence of contagion between these two markets. Findings of the research are 

confirming the claims of Fan et al. (2008) as he had said that contagion is present between 

markets if co-movements are seen increasing after a shock. High correlation that was explored 

following the 2008 crisis shows that herding behaviour of investors grew around the cri-

sis. New findings of the research include reporting of a stronger bivariate upper tail which had 

not been discovered in previous literature. Applying asymmetry analysis on the upper and 

lower joint tails revealed that it is statistically significant.   

3.3 Theoretical Framework  
 

The empirical chapter focuses on estimations and inference of the copula models. The model 

selection and the goodness of fit applicable for the copula-based models are identified. The 

Structure of the models is as follows: 
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Figure 3. 1 Theoretical Structure of Patton (2013) Copula Model. 

 

3.3.1 Copula 
As stipulated over, the calculation of the CvaR using the VaR strategy requires an infor-

mation of the joint conveyance of all minimal returns included within the portfolio.To ful-

fil this requirement, Sklar (1959) hypothesis proposes that the joint dispersion F(x1,,xn) can 

be communicated as: 

	
	  

(3.1)	

where C: [0,1] n → [0,1] could be an interesting copula work and Fi (xi) are demagogical dis-

seminations (edges) of factors of interest. Note that Eq. 3.1 infers that the obscure joint dissem-

ination can be developed by two partitioned parts, counting the copula work and the minimal 

distributions of the authentic minimal returns.   

 

Regarding the foremost appropriate copula work, in this ponder, we have considered a few 

copulas that are commonly classified into diverse families based on their development strate-

gies, comprising, but not constrained to, the circular, Archimedean, copula, experimental, ex-

traordinary esteem, and the hybrid copulas. For more points of interest on the complete suite 

of copula capacities, peruses are alluded to the thinks about of (Nelsen, 2006; Bedford and 

Cooke, 2002).  
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3.3.2 GJR-GARCH 
 
Furthermore, depending on the already specified GARCH-M demonstrate, Glosten et al. (1993) 

study altered the demonstration by proposing GJR GARCH, in which their model is based on 

the truth that there’s deviated reaction of instability depending on the positive and negative 

stuns. 

3.3.3 Marginal Conditional Distribution 
 

If the random variables are independent, the copula density equals the product of the random 

variables’ marginal distributions. That is, c(u,v)=u, with v=1 (since the variables are uniform 

on [0,1]). As a result, copula in this context refers to the product or independent copula (Burney 

and Ajaz, 2020). Furthermore, there is the Sklar’s Theorem – as it is the one factor needed 

mostly by Copulas. This theorem states that any joint distribution can be represented by its 

marginal distribution. In other words, According to Sklar’s theorem, any multivariate joint dis-

tribution can be expressed in terms of univariate marginal distribution functions and a copula 

that describes the variable dependence structure (Burney and Ajaz, 2020). 

3.3.4 Goodness of Fit 
 
Formed in 1973 by Hirotsugu Akaike, Akaike’s Information Criteria can also be termed as 

goodness of fit of any estimated statistical model. Whereas Bayesian Information Criteria 

developed in 1978 by Gideon E. Schwarz is a type of model selection among a class of para-

metric models with different numbers of parameter. 

3.3.5 Tail Dependence 
 
Over the last few years, Copula has been able to explain multi-dimensional spread and tail 

dependency in financial strands, including bond portfolio credit risk, default mortgage risk, 

and contagion risk in financial markets. According to the Sklar theorem, a group of n variables 

may have a marginal distribution and copula condition, namely 
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3.3.6 GAS 
 
In this article, the GAS method is presented for adjusting copula time to form a complex joint 

distribution. In observation-driven approaches, time variance of parameters is accomplished 

by making parameters function of lagged variables in addition to lagged exogenous variables, 

which is predictable due to historical details. The GAS approach is based on the predictive 

model density scaled function in time t, using the entire density structure rather than simply 

the highest moments.  

3.3.7 Time Varying Dependence 
 
The Time Varying copula model was introduced by Patton (2006) based on assumptions that 

the present dependency parameter is correlated with the past dependency parameter and the 

historical mean of cumulative probability integral transformations gap. A Generalized Auto-

regressive Score (GAS) model was introduced by Creal et al. (2012) which expands the work 

of Patton (2006) on modelling Time Varying copulas.  

3.4  Methodology 
 
The use of the copula asymmetric conditional dependence is used for both the indexes S&P500 

and Gold Price Index. In copula function the marginal distribution of the random variables are 

linked to joint distribution. Simply, the joint distribution can be known as the copula function 

and marginal distribution. Hence, the copula models provide flexibility in terms of the multi-

variant distributions, which allows specification of marginal distributions separately from cop-

ula (dependence structure).  

 

This chapter focuses on the conditional dependence and our interest if to apply a Sklar’s (1959) 

theorem which is presented in the (Patton, 2006). The assumption is based on conditional var-

iables which are represented in the information set as Rit is H (rit | Πt−1), where i = 1, ..., n. 

Further decomposing it to the marginal distribution the functions look as follows in equation 

3.2.  

	 𝐻	((𝑟(!|Π!7() = 𝐶	*𝐹(	(𝑟(!|Π!7#),, . . 𝐹,(𝑟,!|Π!7#)|Π!7#) (3.2)	

 

The function highlights the flexibility of copula dependence models for the estimation of joint 

distribution and model specification. We aim to estimate the conditional distribution first and 
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then take into account the copula models for the joint distribution. An n-dimensional model 

will be generated by this preventing the challenge of estimation simultaneously.  

 
3.4.1 Models	for	the	Conditional	Marginal	Distribution		
 
We will first model the conditional margins as we aim to construct the conditional dependence 

model. We are using Time Varying means and variances for this chapter based on the following 

structure:  

Rit = μi (φt−1) + σi (φt−1)εit (2) where i = 1, ..., n, φt−1 ∈ Πt−1, and εit  is refereed as the 

standardised residuals, which can be described as follows in equation 3.3 and 3.4:  

	 𝑅(! = 𝜇((𝜙!7#) +	𝜎((𝜙!7#)𝜀(! (3.3)	
	

	
𝜀(!
	= 	𝑅(! − 𝜇((𝜙!7#; 𝜃)

𝜎((𝜙!7#;	𝜃)
, 𝑖 = 1,… . , 𝑛 

(3.4)	

 

Here θ is considered as the vector of the estimation parameters of the models for conditional 

mean and the variance. We used the standard residuals for the calculation of the conditional 

marginal distribution. We will aim to adopt the parametric model for the conditional marginal 

distributions in which the skewed t of Hansen (1994) has been selected to estimate the distri-

bution of standardised residuals. Though the skewed t distribution is close to the t distribution 

but it has additional parameter which will be captured for the asymmetry in the distribution at 

the same time maintaining the 0 mean and the unit variance. The skewed t distribution is as 

follows in equation 3.5: 

	
𝑑	(𝑧|𝑛, 𝜆) = {

𝑏𝑐 (1 +
1

𝑛 − 2 �
𝑏𝑧 + 𝛼
1 − 𝜆 �

5
)7

,"#
5 𝑖𝑓𝑧 < 	−𝑎 𝑏�

𝑏𝑐 (1 +
1

𝑛 − 2 �
𝑏𝑧 + 𝛼
1 − 𝜆 �

5
)7

,"#
5 𝑖𝑓𝑧 < 	−𝑎 𝑏�

 

	
(3.5)	

 

Equation demonstrates 𝑎 = 4𝜆 ,75
,7#

, 𝑏 = 1 + 3𝜆5-𝑎5 and 𝑐 =
)F%$#& G

.H(I75))%&
.  

𝜂 and 𝜆 denote degree of freedom and asymmetric parameter, in this case 2 <	𝜂< ∞ and -1< 𝜆 
<1.  
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3.4.2 Copula Models for the entire Dependence Structure   
 

 After modelling the conditional marginal distributions of the asset returns, we are going 

to get n pairs of consistently dispersed factors Uit, i = 1, ..., n, which can be utilized to ap-

praise the copula parameter.  

 

In this chapter, we’ll give models for steady copulas as well as Time Varying copulas. In spe-

cific, the Time Varying copula will be demonstrated utilizing the Generalised autoregressive 

score (GAS) demonstrates of Creal et al. (2012) which expect the Time Varying copula param-

eters take after an advancement work of the slacked copula parameter and a “forcing varia-

ble” that’s related to the scale score of the copula log-likelihood.  

	
𝜙!"# = 𝜔 + 	𝛼

2
1 − 𝑝!5

�𝐴! −	𝜌! −	𝜌!
𝐵! − 2
1 + 𝑝!5

� +	𝛽∅!	
(3.6)	

 

Where ∅! is copula parameter,𝑝! is correlation parameter, 𝐴!= 𝜙7#(𝑢#!)J7#(𝑢5!), 𝛽! =

𝜙7#(𝑢#!)5 +	𝜙7#(𝑢5!)5  and 𝜙7#	(. ) is normal distribution inverse.  

 
3.4.3 Constant Copula  
 

As far as constant copula model is considered we used the following models: 

 

 
Table 3.9 Constant Copula Models- Source Patton 2013 

The consideration of copula models for dependence structure not just for tails is very vital. This 

determines the multi-stage estimation for several parameters. 
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3.4.4 Copula Models for the Tail Dependence  
 

One of the foremost critical highlights of the structure of the relationship is the tail dependence. 

We consider this by to begin with looking at the quantile dependence, which is captured by 

the following functions, shown in equation 3.7:   

	  

𝜆! = {
𝑃)	(K'L	tI	𝑈M ≤ 𝑡,, 0 < 𝑡 ≤

1
2

𝑃)	(K'N	tI	𝑈M > 𝑡,,
1
2
< 𝑡 < 1

 

= 
O	(!,!)
!

, 0 < 𝑡 ≤ #
5

#75!"O(!,!)
#7!

, #
5
< 𝑡 < 1

 

 

	
	
(3.7)	

 

 

The over work gives a wealthier depiction of the dependence between two arbitrary factors. As 

q → 0, we have the lower (cleared out) tail dependence, which is characterized as within 

the equation 3.8.   

	 𝜆P = lim
!→6$

𝐶(𝑡, 𝑡)
𝑡  (3.8)	

 

 

Therefore, as t move from the centre (when t = 1/2) to the tails, by comparing the lower/left (t 

< 1/2) and upper/right (t > 1/ 2) tails, it gives data on the dependence structure such as asym-

metric dependence.  

	 𝜆K = lim
!→6"

1 − 2𝑡 + 𝐶(𝑡, 𝑡)
1 − 𝑡  

 

(3.9)	

 

Typically, amazingly valuable in cases that a deviated dependence is display, as numerous of 

the copula capacities, such as Gaussian copula or student’s t copula, which capture as it 

were the symmetric dependence.   

3.5  Data   
 
This chapter examines the asymmetric conditional dependence structure between two in-

dexes. Timer series data of everyday is taken from the time period 01 January 1992 to 01 Jan-

uary 2020 is taken from Bloomberg for S&P500 and Gold Index. By evacuating non-trading 
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dates within the test period, we have in add up to 7296 perceptions. The log return is utilized us-

ing the below formula in equation 3.10:  

 

	 𝑅𝑇 = 𝐿𝑁(
𝑃!
𝑃!"#

) 

 

(3.10)	

The dataset covers the financial crisis period as well, hence permits us to supply a comprehen-

sive examination of the dependence structure for the calm and turmoil period. The clear in-

sights of the two list returns are displayed in Table 2.1 in chapter 2 which describes the statistics 

of both the data series. As it can be seen, both arrangements have and exceptionally corre-

lated fluctuations. Both arrangements have negative skewness and expansive positive kurtosis. 

In any case, the S&P500 stock file features a more negative skewness esteem, demonstrat-

ing more critical cleared out tail hazard. The Jarque Bera once more affirms the non-normality 

of both arrangements. The direct and Spearman’s rank relationship values show a solid posi-

tive relationship between the two returns.   

 

Since daily returns of Gold Index and S&P500 Volatility Index, is taken from Bloomberg, 

because of the accessibility of information, for the time frame was easily accessible. Gold index  

and S&P500 returns residuals can be seen in Fig. 2.3 (Chapter 2). Obviously, S&P500 returns 

are at more significant levels than Gold index particularly in late 2011 maybe because of the  

financial crisis during that time period.  

 

Synopsis insights for both stocks are accounted for in Table 2.1 in chapter 2 (Section 2.4). 

S&P500 has a higher mean and standard deviation than Gold index. Both arrangements have 

positive skewness and abundance kurtosis, inferring deviated and fat-tail conduct (See Fig 2.3). 
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Additionally, the critical mean measurements show that the unlimited dispersions of the two 

stocks shows an indirect relationship properties of an ordinary conveyance5.   

 

 

The time-series plots of the record costs are displayed in Fig. 3.2. We see that the term struc-

tures of the two records are very comparative, which shows the presence of solid co-move-

ments between the two markets. Both time series data expanded earlier during the period of 

calmness, after the financial crisis they represented less correlated relationship. Considering 

the period of crisis, the prices of both the series went at the highest level and after crisis they 

begin to drop in 2008, both series were adjusted to a level higher than the pre-crisis period. 

While the Gold index price continued to fluctuate around that level, the S&P500 index price 

was moving slowly towards a downward sloping direction after 2010 and rise significantly 

after 2016. 

3.6  Model Selection 
 
3.6.1 Conditional Mean 
 
To show the conditional reliance structure of the two series related returns, we begin with ap-

praise the conditional edges based on Eq. 3.3. That’s, we accept the return arrangement has 

Time Varying conditional implications. Additionally, we accept that the institutionalized 

 
5 Notes: the figures present expressive insights of every day esteems returns for Gold and S&P500. The example 

period is from 01 January, 1992 to 01 January 2020. The Jarque-Bera measurement has a circulation with two 

degrees of opportunity under the invalid speculation of regularly mistakes. 
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remaining 𝜖(! to have a steady conditional conveyance. Subsequently, we begin to consider 

Autoregressive-Moving-average (ARMA) models for the conditional cruel of up to the range 

of (5,5), and select the ideal show by applying the Bayesian Information Criterion (BIC). We 

discover that AR (0) appears to be the ideal demonstrate for both Gold Price index and S&P500 

returns. The Ljung- Box test on residuals recommends no remaining autocorrelation from the 

ideal demonstration. We moreover apply an F-test for a noteworthiness of a cross-variable 

slacks up to lags 5. The results suggest that there’s critical across-variable connection from 

S&P500 and Gold Prices, but not vice-versa. This infers that the S&P500 advertise leads the 

Gold Price index advertise and is more vital within the cost revelation handle. The t-statistics 

appears that the Gold Price index list return is essentially affected by the execution of the 

S&P500 showcase from the past day. In this manner, we construct the taking after models for 

the conditional mean: 

	 𝑅RS,!*O#"T#! 

 

(3.11)	

	 𝑅S@,!*O&"U#V(),!"#"T&! (3.12)	

 

3.6.2 Conditional Variance  
 
For conditional variance, we consider the Glosten–Jagannathan–Runkle-generalised auto-

regressive conditional heteroscedasticity (GJR-GARCH) demonstrate of Chang (2012) for the 

conditional fluctuation. Models we have tried to incorporate the consistent instability demon-

strate, ARCH (1), GARCH (1,1), GJR- GARCH (1,1,1), AR(2), GARCH(2,2) and GJR-

GARCH (2,2,2). The general GJR-GARCH class models that have the following expression: 

	
ℎ! = 𝛼6 +V𝛽(ℎ!7( +V𝛼(𝜀!7(5

,

(*#

,

(*#

+V𝛼(∗
,

(*#

𝜀!7(5 𝐼!7( 

 

(3.13)	

Where 𝐼! = {1𝑖𝑓𝜀!7( < 0
0𝑖𝑓𝜀!7( ≥ 0. As can be seen, BIC-optimal models for the S&P500 composite 

index return and the Gold Price index and S&P500 return are both GJR- GARCH (1,1,1), which 

has the lowest BIC value compare to other models. 

 

The model parameters for Time Varying means and variance from GJR-GARCH (1,1,1) spec-

ification are presented in Tables of chapter 2 (Section 2.4.1). The GJR parameter for S&P500 

and Gold Price index returns mentioned in chapter 2 (Section 2.4.1), indicating that the nega-

tive error terms have a stronger effect on the future value of volatility for both stock indices. 
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The standardised residuals are then calculated from the optimal conditional variance models 

using Eq. 3.9 Fig. 3.2 plots the day by day returns and institutionalized residuals for the 

S&P500 and Gold Price index lists. The scramble plot for the institutionalized residuals appears 

as it were slight asymmetry between positive and negative institutionalized returns, which rec-

ommends that both returns reacts to stuns so also notwithstanding whether the markets are 

booming or smashing amid the test period. 

 

3.6.3 Modelling Standardised Residuals    
 
The negligible or narrow dissemination are demonstrated employing a parametric approach by 

the strategy Inference Function for Margins (IFM). By expecting the irregular variable takes 

after a particular aggregate dispersion work, the Inference Function for Margins strategy 

changes the arbitrary variable into a consistently dispersed variable, utilizing the likelihood 

fundamentally change work. In the process to avoid the misspecification issue that’s commonly 

found in a parametric approach, we begin to test an arrangement of dispersions for the institu-

tionalized residuals, counting Gaussian, Student’s t Generalised Error Distribution (GED) the 

difference between expected value and observed value and skewed t distribution the family of 

continuous probability distributions.  

 
While applying a Kolmogorov–Smirnov test to testing which conveyance is most near to the 

genuine dissemination of the institutionalized residuals. The outcomes appear that the skewed 

t dispersion has the most reduced p-value and consequently is the foremost fitting dissemina-

tion for the demonstration. The two parameters’ gauges of Skewed t that are display in the 

Table 3.6. As it can be seen, both remaining arrangements have a negative skewness parameter, 

which proposes a left skewed dissemination. Typically, steady with the common financial con-

dition, as there may well be more antagonistic stuns than positive stuns amid the emergency.  

As shown by the upper panel fitted density appears to be reasonably provided in the empirical 

histogram. A few extreme observations of extreme left observation were not captured by this 

model for each series as presented by QQ plot inf fig. 3.3.  
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Figure 3. 3 Skewed t Distribution and the Q-Q plot. 

Figure 3.3 further exhibits the skewness. As per Chen and Fan (2006) the disadvantage of the 

IFM model is that the dependence parameters have the tendency to be affected by mis-specified 

marginal distribution of the standardised residuals. In order to signify that we plotted (see fig-

ure 3.3) the fitted parametric estimates of the skewed t distribution with the histogram men-

tioning its empirical approximations. The density of the skewed t reveals the reliable estimates 

of the empirical histogram. The quantile-quantile (Q-Q) plot exhibits the right panel for skew 

t distribution. We can see few extreme left tail observations since that was not captured by the 

model for S&P500 and Gold price index.  

 

Table 3.6 clearly shows the implementation of Gold index and S&P500 for Time Varying de-

pendence and the standardized residuals yields the results as shown. Since the dates are not 

null therefore consider three break points. A p-value represents evidence of break in correlation 

of 0.104 whereas for the dates at the beginning there is no evidence. This concludes that the 

rank correlation at the beginning of time series is different as to the end of the time series. It is 

an autoregressive-type manner than as a discrete for the financial assets conditional volatility 

is plotted in figure 3.3 as one-time change.  
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Hence, it is monitored that there is significant evidence against constant conditional rank cor-

relation for Gold index and S&P500 time series standardized residuals thus which is an evi-

dence against constant copula. This provides a solid evidence and motivation for the consider-

ation of Time Varying copulas that volatility changes through time.  

 
 Gold Prices SP500 
∅𝟎 0.020 0.028 
∅𝟏 -0.018 - 
∅𝟐 -0.012 - 
𝝎 0.002 0.018 
𝜶 0.045 0.003 
𝜹 0.000 0.153 
𝜷 0.955 0.900 

Table 3. 2 Conditional mean and variance parameters 

 

Table 3.2 demonstrated the results commencing from first three rows presents parameter esti-

mates from AR (2) and AR (0) models for the conditional mean. The last three rows present 

parameter estimates from GJR-GARCH (1,1) models for the conditional variance. One of the 

impediments of the Inference Function for Margins (IFM) strategy, as pointed by Chen and 

Fan (2006), is that the reliance parameters might be influenced by a conceivably mis indicated 

minimal dispersion of institutionalized developments. In this manner, we encourage to plot the 

fitted parametric gauges of the skewed t conveyance with the histogram of its observational 

estimation in Fig. 3.3. As famous, the fitted thickness of skewed t is able to supply dependable 

gauges of the experimental histogram that are the best approach for data analysis. The correct 

board of Fig. 3.3 provides the quantile–quantile (Q- Q) plot for skewed t conveyance. It can be 

seen, there exist some extraordinary cleared out tail perceptions that are not captured by the 

models for the S&P500 Trade Composite list and Gold index Record.  

 
At last, we apply a goodness-of-fit test on skewed t conveyance employing a Kolmogorov-

Smirnov (KS) test and a Cramer-von Mises (CvM) test, as presented in Patton (2013), to check 

the goodness-of-fit of the fitted dispersion. The two equations 3.14 and 3.15 are as follows: 

	 𝐾𝑆! = max
!
I𝑢w(,(!) − 𝑡 𝑇� I (3.14)	

	 𝐶[𝑀( =	V
𝑇

𝑡 = 1( 𝑢w(,(!) −
𝑡
𝑇� )5 (3.15)	
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where uˆi,(t) is the tth biggest esteem of {uˆi,j}Tt=1. Uit is the likelihood neces-

sarily changes of the institutionalized residuals based on Hansen’s skewed t dissemination. KS 

(CvM) test measurements on the two leftovers arrangements are detailed in the table 3.1.  We at 

that point utilize a simulation-based strategy as presented in Genest and Remillard (2008) to 

calculate the p-value for both tests. The test measurements and the comparing p-values are de-

tailed in Table 3.2. Both tests recommend the dismissal of the invalid that the skewed t convey-

ance may be a well-specified conveyance for the institutionalized residuals. Both the tests of 

KS and CVM are applied in empirical copula for standard residual and also to the Rosenblatt 

transformation of standardized residuals. These two tests are applicable for the Rosenblatt 

transformation.  

 

By the implementation of both the statistic tests on S&P500 and Gold Index standard residuals 

the p Values for KS (CVM) 0.29 and 0.42 (0.28 and 0.44) which clearly specifies for these 

two-series skew t model fail to reject the null. Which provides support for these time series 

data of marginal distribution favouring us to move forward with the modelling of Copula (Pat-

ton, 2013). 

 

Furthermore, the dynamic evolution of scaled score of the likelihood function of Rotated Gum-

bel GAS copula and the student’s t GAS copula are exhibited in Fig. 3.3. The parameter esti-

mation consequences reveal a strong co-movement between the S&P500 and Gold returns, and 

thus exhibiting strong upper and lower tail correlations. For the bootstrap standard blunders. 

After modelling the negligible dissemination for the prospects returns with GJR- GARCH-

Skew t demonstrate, the comparing standardized residuals can be extricated from the forms. 

To assess the fitting exhibitions with Skew t negligible dispersion for the stock exchange, pro-

spects return thickness dispersion, a parameter estimation blunder balanced KS, and CvM 

goodness of fit tests for the thickness model is actualized with 1000 re-enactments. In Genest 

et al. (2009), the CvM measurement gives a great combination of concept effortlessness and 

control. These two test insights utilized for the goodness of fit test of the copula show are based 

on the fitted copula CDF to the Rosenblatt transform-based copula, as appeared in equations  
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of table 3.1.  

 

Based on the examination of the regulated residual S&P500 and Gold index futures returns, 

the nonlinear correlations across S&P500 and Gold Index markets can be inferred. This indi-

cates the bases of the choice of copula function used for these returns. Having done this, the 

different fitting performances of constant copula and Time Varying copula will be compared. 

The study is to understand the constant and some of the Time Varying copula functions hence, 

we will only focus on four constant copula functions including the Normal copula, the Clayton 

copula, the Rotated Gumbel copula, and the student’s t copula. For the Time Varying copula 

function, two varying copula functions including the Rotated Gumbel GAS copula and the 

student’s t GAS copula will be investigated further. Table 3.2 shows the listing of the corre-

sponding parameter estimations and some statistics of copula functions with Skew T marginal 

distribution in addition to the goodness of fit tests which is further analysed in this chapter for 

the S&P500 and Gold Price index. For the constant copula functions, it can be seen from Table 

3.3 that the logarithmic likelihood value of Rot Gumbel is the highest, and the fitting effect is 

the best, followed by the Student T copula. However, it can be seen that the two-Time Varying 

copula models are better than the constant copula models. When using fat tailed GARCH 

model for the marginal distribution, the Time Varying copula connection functions fit high 

dimension asset correlations relatively superiorly. Additionally, it shows that there exists Time 

Varying tail dependence for the stock returns. And the Rotated Gumbel GAS copula function 

is suitable to be chosen in the modelling of dependence structure for fitting multivariable fi-

nancial asset data. It verifies that asymmetries and excessive kurtosis are found in the 
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dependence as well as the marginal distribution, which also illustrates that the GJR-GARCH-

Skew T- Rot Gumbel GAS copula model can effectively fit the joint distribution of multivariate 

assets.   

 
Additionally, in order to investigate the fitting performances of Time Varying GAS copula 

combining with different heavy tailed marginal distributions containing the Skew t distribution, 

GED distribution and Student t distribution. Several loss functions including the mean square 

error (MSE), the mean absolute error (MAE) and the mean absolute percentage error (MAPE) 

are employed to evaluate the fitting accuracy. Table 3.3 presents the evaluation results of the 

Rot Gumbel GAS (RGG) copula and the student’s t GAS (StG) copula for the S&P500 and 

Gold Price index returns. The empirical results of S&P500 and Gold returns in Table 3.3 indi-

cate that the estimation effects of GJR-GARCH-Skew t-Rot Gumbel GAS copula model is the 

overall best, and the worst fitting effect comes from the GJR-GARCH-Skew t- Student’s t GAS 

copula model. It can be concluded that the combination of Rot Gumbel GAS copula model 

with GJR-GARCH-Skew t distribution can enhance the modelling accuracy. Moreover, the 

findings show that the Skew student t distribution has a better fit to the marginal distribution 

than others, which exhibits superior performances than other marginal distributions.   

In table 3.3, we show the layout of constant copula. The chosen root node here is the one that 

enhances this node’s number of pair-wise dependencies. We use a selection of two indexes for 

selection purposes, including AIC (Akaike approach) and BIC as the criterion to choose from 

the following copulas: Gaussian copula, Student-t copula (t-copula), Clayton copula, Gumbel 

copula, Frank copula, Joe copula.  

 
 Parametric Semiparametric 
 param1 param2 LL param1 param2 LL 
Normal -0.039 - 5.5 -0.038 - 5.4 
Clayton 0.010 - 0.4 0.010 - 0.5 
Rot Clayton 0.000 - -0.0 0.000 - -0.0 
Plackett 0.866 - 7.4 0.867 - 7.4 
Frank    0.000 - -0.0 0.000 - -0.0 
Gumbel 1.100 - -107.8 1.100 - -106.9 
Rot Gumbel 1.100 - -89.4 1.100 - -84.9 
SJC 0.000 0.000 -8.8 0.000 0.000 -8.2 
Student’s t -0.042 0.125 55.5 -0.043 0.127 56.1 

Table 3.3 Constant copula model parameter estimates 
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The table 3.3 above basically measures the constant copula and this clearly shows the likeli-

hood of logs. The right columns show the results for semi parameters model and left for the 

parameter models for marginal distributions. This consists of nine specifications Normal, Clay-

ton, Rot clayton, Plackett, Frank, Gumbel, Rot Gumble, SJC and Student’s t. The worst model 

in them is the rotated Clayton as it imposes lower tail dependence and only upper tail is al-

lowed. This analysis of the standardized residuals of Gold Price Index and the S&P500 returns 

there can be inference in the prices of Gold and S&P500 index being nonlinear correlated. The 

rationality of the copula returns can also be taken under consideration for the values of returns 

used. The Comparison of the performances of the constant copula can be seen as the core focus 

is on ARCH GARCH and the constant copula functions the focus for copula is majorly on the 

Normal copula, the Clayton copula, the Rotated Gumbel copula, and the student’s t copula. 

The results are showing good values for loglikelihoods and for both the parametric and the 

semiparametric analysis of the constant copula.  

 

3.6.4 Goodness of Fit  

The problems and results of Goodness of fit (GoF) and model selection will be discussed in 

this section. Further the problem is traditional specification of testing the errors and determin-

ing whether the copula model is different from the true copula. The latter testing basically tries 

to determine the problem in each set of competing copula models in the best per the measure.  

Model selection tests and GoF tests are complimentary in economic applications. GoF is con-

sidered to be very weak in some criterion as an evaluation indicator in other applications GoF 

application is considered very strict. However, Model selection technique helps the researches 

to identify the best method of from the set but again this is conditionally based on many other 

information.  

 KS_C CVM_C        KS_R       CVM_R 
Normal 0.29        0.42        0.28        0.44 
Clayton 0.24        0.29        1.00        1.00 
Rot Gumbel        0.18        0.17        0.13        0.11 
Stud t            0.40        0.57        0.36        0.58 
RotGum-GAS         - - 0.00 0.00 
Studt-GAS          - - 0.00 0.00 

Table 3. 4 Goodness of fit tests for copula models – parametric margins 
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 KS_C CVM_C        KS_R       CVM_R 
Clayton 0.00        0.00        1.00        1.00 
Stud t            0.46        0.02        0.22        0.05 
RotGum-GAS         - - 0.00 0.00 
Studt-GAS          - - 0.00 0.00 

Table 3. 5 Goodness of fit tests for copula models – nonparametric margins 

Patton (2013) considered two cases separately to test the inference of goodness of fit under the 

analysis of parametric and semiparametric model. We have focused the on the sample of Gold 

and S&P500 data in this case.  

The code has analysed the following equation 3.16, 3.17 and 3.18 for the analysis of Goodness 

of fit and model selection technique.  

	
𝐶> 	(𝑢) =

1
𝑇V¡1	{𝑈A!  ≤ 𝑢(	}

,

(*#

>

!*#

	
(3.16)	

	 𝐾𝑆O = max
!
I𝐶	(𝑈!; 𝜃¢>) −	𝐶> 	(𝑈!)S I (3.17)	

	
𝐶[𝑀9 =	V{	𝐶	*𝑈!;	𝜃>)  −	𝐶>(  𝑈!,

>

!*#

}5 
(3.18)	

	  	

The is based on the comparison of the empirical copula model and constant copula model for 

non-parametric estimations for true copula model. Empirical copula can no longer be used 

when conditional copula is Time Varying. In order to overcome this problem, the usage of 

fitted copula model so as to obtain Rosenblatt which is multivariate version of probability in-

tegral transformation (Diebold and Yilmaz, 2012). 

3.6.5 Dependence Structure between S&P500 and Gold Index  
 
According to, Patton (2013), while accepting normality, the main significant statistic measure-

ment for the dependence and reliance structure is the linear correlation coefficient, and the 

routinely report in empirical analysis on multivariate data of these time series. The considera-

tion of flexible reliance and dependence structure we must consider about different proportions 

of reliance and dependence, to give some direction on the sorts of models that may be appro-

priate for the factors under examination. This area depicts some valuable reliance measures 

and techniques for leading surmising on evaluations of these measures.  
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A common degree of reliance between two irregular factors is the direct and rank relation-

ship coefficients, both markets are interdependent and inter corelated. Which can be accessed 

from the statistics present in chapter 2. In addition, that we can see in any case, the straight re-

lationship isn’t univariant beneath monotonic change. Therefore, we are going to utilize copula 

to show the reliance structure between S&P500 and Gold stock markets.  

 

3.6.6 Tail Dependence and GAS Approach 
 

Various dependence estimates measures exist in the numerous literatures, see (Nelsen, 2006), 

for definite exchanges. A key property of a dependence measure for giving direction on the 

type of the copula is that it ought to be a pure measure of reliance and dependence thus ought 

to be unaffected by carefully expanding changes of the information and time series data. 

This is proportionate to forcing that the measure can be acquired as a component of the posi-

tions of just the data, which is thus identical to it being a capacity exclusively of the copula, 

and not the peripheral circulations. Direct connection isn’t scale invariant which is linear cor-

relation and is affected by the peripheral conveyances of the time series data. Given its nature 

in financial matters, it is as yet a helpful measure to report, however we will expand it with 

different proportions of reliance dependence (Patton, 2013). 

 

Although copula functions can characterize the nonlinear dependence structure among varia-

bles, typically, the constant copulas are used to assume static tail dependence of returns distri-

butions. The tail dependence is Time Varying which requires the copula function parameters 

to be changeable. In this section, the GAS model will be used to update the parameters using 

scaled score of the likelihood function. Then the developed framework is illustrated in the stock 

futures markets for tail risk evaluation.  This can be seen in fig. 3.4 of GAS approach.  
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Figure 3. 5 GAS  Computation for S&P500 and Gold Price Index (Student’s t) 

 

 
Figure 3. 6 Model Computation for S&P500 and Gold Price Index (Rot Gum) 

Tail dependence describes the probability of another market encountering extreme circum-

stances (surge or breakdown) at the same time when one market encounters extreme circum-

stances, so it is an important tool to portray the tail risk contagion. Since tail correlation acts 

as an important role in the overall correlation structure, the Time Varying tail dependence needs 
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to be verified before the risk measurement. The p value from tests for Time Varying rank cor-

relation between the residuals of S&P500 and Gold returns futures series with 1000 bootstrap 

simulations is 0.2164, validating the suitability of Time Varying copula function. In addition, 

the testing for asymmetric dependence is also conducted with null hypothesis of tail depend-

ence equality to examine the existence of asymmetric dependence. And the resulting p value 

of corresponding statistic is 0.0474, this indicates the existence of asymmetric tail dependence.   

However, for the optimal constant copula, Table 3.2 exhibits the descriptive answers and the 

figure 3.6 demonstrates average dynamic evolution of tail dependence containing lower tail 

dependence and upper tail dependence versus cut-off threshold ranging from 0 to 0.1 with 0.01 

intervals and 90% confidence interval. The lower quantile dependence is computed by λL = 

Pr(U1 ≤ q, U2 ≤ q)/q for interval (0,0.5), and the upper quantile dependence is computed by 

λU=Pr(U1 > q, U2 > q)/(1-q). Furthermore, Fig. 3.7 gives the dynamic evolution of rank cor-

relation between S&P500 and Gold returns.  

 

As recommended by Hsu et al. (2008) a tall degree of perseverance in energetic conditional 

relationship implies crashes can thrust the relationships absent from its long-run mean and the 

relationships will have more unstable reactions to unused data. Fig. 3.7 further shows the plots 

of 60 –day rolling window rank relationships and the energetic conditional relationships be-

tween the S&P500 and Gold stock file returns. As can be seen, both time- varying relationships 

expanded since 2006 whereas coming to the top in early 2008. As expressed by Forbes.  An-

dersen, et al. (2006) reported that there is a lot of research on the conditional volatility of fi-

nancial factors and economics time series changes significantly through time.  Figure 3.7 

demonstrates a 60-day rank correlation of rolling time series data along with pointwise boot-

strap standard errors.   
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Figure 3. 7 60 day rolling correlation for Gold Price Index and S&P500 standard residuals. 

 

For Time Varying Copula models, Fig. 3.8 displays the dynamic evolution of tail dependence 

from optimal Time Varying copula model for S&P500 and Gold returns. And Fig. 3.5 and 3.6 

exhibits the dynamic evolution of correlation from Time Varying Rot Gumbel GAS copula 

model and Student’s t GAS copula model for S&P500 and Gold returns.   

 

 
Figure 3. 8 Time Varying tail dependence of S&P500 and Gold Price Index returns. 
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An option in contrast to the nonparametric estimation of tail reliance coefficients examined in 

this section is to indicate and appraise parametric models for joint distribution of tails, see 

(Gwanoya, 2007). Hence, he following approach involves the parametric model of bivariate 

tail and the usage of fitted models so as to obtain the estimated tail dependence coefficient.  

This consists of nine specifications Normal, Clayton, Rot clayton, Plackett, Frank, Gumbel, 

Rot Gumble, SJC and Student’s t. The worst model in them is the rotated Clayton as it imposes 

lower tail dependence and only upper tail is allowed. In order to determine the standard error 

1000 bootstrap has been used for simulated errors. 

3.6.7 Conditional Copula Estimates   
 
Conditional joint dependence with probability integral transformation uGS,t and uSP,t are the 

best means of defining and working with distributions for statistically dependent multivariate 

data. In this section we will assume both constant and Time Varying copulas. As estimation 

results for constant copula parameters are already discussed in table in chapter 2. For seven 

constant copula functions, including the usual students t, symmetrised Joe-claytons (SJC), 

Gumbel, Clayton, Rotated Gumbel and rotated clayton copulas, we estimate the copula param-

eters, the lower and upper tail dependence indicated by each copula and the value of the log 

likelihood. Each copula function has specific characteristics and differential abilities to grab 

tail dependency. The findings indicate that the t copula of the students is the best match of the 

entire dependency structure.   

 

The tail reliance detailed in figure 3.8 comparisons section uncovers a few curiously highlights 

on these copula models. As can be seen, the student’s t copula has symmetric lower and upper 

tail reliance. The tail reliance of the student’s t copula is marginally bigger than its straight 

relationship parameters, recommending that the S&P500 and Gold markets are more subordi-

nate beneath extraordinary occasions. The SJC copula has bigger lower tail reliance, showing 

the presence of topsy-turvy reliance. As recommended by tables of model comparison 3.3, 3.4 

and 3.5, pivoted Clayton copula has the least log-likelihood esteem and consequently fails flat 

to capture the reliance structure. This might be related to the zero lower tail reliance forced by 

turned Clayton copula, which could be an erroneous reflection of the common reliance high-

light amid the emergency. We too examine whether the long-run connections are not consistent 

over time.  
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Patton (2013), considered methods in the copula code for evaluating copula-based multivariate 

models. This is a vital aspect for the assessment of economic forecasts, Patton (2006) did a lot 

of research for motivation and of copula code development. In this analysis, he models use an 

in-sample period (of length R < T) and evaluates the remaining P = T   R observations.  

Tables 3.4 clearly demonstrated the results from the time series data of Gold and S&P500.  The 

top board of Table 3.3 reports the t-insights of pair-wise examinations. We can note that great 

capacity to differentiate the two models are rectified and the best model ends up to Student’s t 

trailed by the Rotated Gumbel-GAS model. Both of these models beat the majority of the 

steady copula models, predictable with our prior results which are proof of time-shifting reli-

ance, and with the GoF test outcomes talked about in the section above. Similar ends are found 

for pair-wise correlations of semiparametric models, exhibited in the centre board of Table 3.4. 

 Normal Clayton Rot Gumbel Stud t 

 

Rgum-GAS 

 

Stud t-GAS 

 

Normal        

Clayton 4.26       

Rot Gumbel 1.86 -0.50      

Stud t 5.52 -1.30 -0.40     

Rgum-GAS 4.35. 3.94. 5.28. 2.67   

Stud t-GAS 7.55 6.06 4.58 6.55. 3.61  

log L -52.03 2.96 -3.80 -13.41    34.84 79.07  

Rank 6.00 3.00 4.00 5.00 2.00 1.00  
Table 3. 6 Model comparisons of copula models – parametric margins 

 

 Normal Clayton Rot Gumbel Stud t Rgum-GAS Stud t-GAS  

Log  -17.51 75.53    

Rank 3.00 4.00 5.00 2.00 6.00 1.00  
Table 3. 7 Model comparisons of copula models – nonparametric margins 

 

 Normal Clayton Rot Gumbel Stud t Rgum-GAS Stud t-GAS  

T-stat 0.00 0.00 0.00 -3.31 0.00 -3.31 
Table 3. 8 Model comparisons of marginal models – parametric vs nonparametric margins 
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3.6.8 Testing for Time Varying Relationship   
 
Since, we point to show the conditional reliance structure, it would be more reasonable to con-

sider the reliance between two financial series changing through time. In reality, there are 

broad literary works that as of now account for the Time Varying nature of the conditional 

instability of budgetary resources. One of the basic strategies in this field is the (DCC) which 

is the dynamic correlation coefficient proposed by Engle (2001). Beneath a DCC system, the 

covariance framework is characterized as:  

 

	 𝐻! = 𝐷!𝑅!𝐷! 

 

(3.19)	

Where, 

	
𝐷! = �

¤ℎ##! 0
0 ¤ℎ55!

� , 𝑅! = ¥ 1 𝑝#5
𝑝5# 1 ¦ 

 

(3.20)	

And Conditional correlation 𝑅! is given as 

𝑅! = (𝑑𝑖𝑎𝑔𝑄!)7# 5⁄ 	𝑄!(𝑑𝑖𝑎𝑔𝑄!)7# 5⁄  

 

And the positive symmetric matrix 𝑄! is given as 

	 𝑄!	(1 − 𝑎 − 𝑏)𝜓 + 𝑎𝜀!7#𝜀′!7# + 𝑏𝑄!7# 

 

(3.21)	

DCC Specification r a b 

0.394 0.0049 0.9893 

 

Break AR(p) 

 0.15 0.5 0.85 Anywhere (1)  (5) (10)  

p-value 0.104 0.000 0.720 0.00 0.120 0.006 0.0000 
Table 3.9 Testing for Time Varying Dependence. 
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Figure 3. 9 Tail dependence from Time Varying Copula. 

Since we used the GAS model by Creal et al. (2013) of time-varying copula parameter. Three 

time- varying copula has been analysed – which are Gaussian copula, the time varying stu-

dent’s t copula and the rotated Gumble copula. Figure 3.9 exhibits that dependence structure 

due to lowest negative log-likelihood value pointed to the fact that the heavy tail dependence 

exists between the S&P500 and Gold price index. The figure demonstrated that student’s t 

distribution performed better in describing dependence. The figure 3.9 portrays the Rot Gum-

ble tail and student t upper and lower tail dependence. The peaks demonstrated the comove-

ments of the tail dependence of S&P500 and Gold Prices. This signifies the interdependence 

of the data. During the time intervals 1998, 2004, 2006, 2007, 2011 and 2013 the peaks are to 

the highest which shows the drastic interdependence of the stock over commodity. This could 

be due to the financial contagion refer to section 1.3 in chapter 1.  Where Ɛit = eit/ 150it is the 

institutionalized residuals, ψ is the N * N unlimited relationship network of ɛt. Both a is posi-

tive, and b is non-negative scalar parameters fulfilling a + b<1. Table 3.6 presents the estima-

tion comes about of the DCC show of Engle (2001), utilizing the same details for conditional 

implies and fluctuation as depicted prior. Our outcomes demonstrates a high degree of deter-

mination within the conditional relationship analysis, with Ɵ1 + Ɵ2 exceptionally near to one. 

The Time Varying dependence can be measured in various ways. In the code this test will 

include the changes in ranks of correlation %. Based on our literature review as proposed by 

Hsu et al. (2008), “a high degree of persistence in dynamic conditional correlation means 

crashes which are the financial turmoil etc can push the correlations away from its long-run 

mean and the correlations will have more volatile responses to new information”. Three types 

of Time Varying dependence will be considered in this code. The first one is the break in rank 
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correlation in simple form, second one in which t* keeping the null dependence measure and 

the third one is “ARCH LM”.  

Figure 3.9 clearly shows the implementation of Gold index and S&P500 for Time Varying 

dependence and the standardized residuals yields the results as shown below. Since the dates 

are not null therefore consider three break points.  

That being said, using the DCC model for the conditional correction limits the spread of 

the standardized residuals to an elliptical distribution. Which is also why, we consider using 

the Time Varying copula method to catch the changing dependency. We first add an Auto-

regressive Conditional Heteroskedasticity Lagrange Multiplier (ARCH LM), which seeks au-

tocorrelation as a calculation of dependency, before modelling the Time Varying copulas, to 

verify the presence of Time Varying dependency. The test is based on the following form of 

auto-regression:  

	
𝑆RS,!𝑆S@,! = 	𝛼6	 +	V𝑎#𝑆RS,!7(𝑆S@,!7( + 𝜀!

'

(*#

 
	(3.22)	

 

 
Where St is the standardized residual of the same mean and variance parameters for S&P500 

and Gold Index returns from the CCC-GARCH model. We could have αi = 0 for i= 1, ..., q. 

under the null hypothesis of a constant conditional copula. In the lower panel of Table 3.9, the 

test statistics and p-values are presented. As can be shown, the null for both instances are dis-

missed as a constant conditional correlation. We should thus assume that clear evidence exists 

against constant conditional correlation and therefore evidence alters a constant conditional 

copula.  
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The time varying student’s t and Gumble copulas demonstrated in the figure 3.10 exhibiting 

the linear correlations compared the time varying rank correlations and the DCCs, some 

changes to the dependence structure were found. The figure depicts a decrease between the two 

indexes. The decrease is between 2008 to 2009. The correlation coefficient dropped from 0.3 

to -0.4 this signifies that the S&P500 and gold price index was quite independent of other 

factors such as the financial crisis which took place during this time period. The implications 

of this are quite important as investors could add to the stock and commodity to diversify their 

risk.  

 

Further assessing estimating dependence and reliance synopsis insights, it is regularly im-

portant to get standard mistakes and errors on these, either to furnish a thought of the exactness 

with which these parameters are evaluated, or to direct tests on these On the off chance that the 

time series data to be examined was known to as of now have Unif (0;1) edges, at that point 

deduction is clear, anyway when all is said in done this isn’t the situation, and the information 

on which we figure the dependence  synopsis insights will more often than not rely upon pa-

rameters assessed in a previous piece of the examination and analysis. For instance, ARCH and 

GARCH model of Variance and density parameters of standardised residuals. There is a dif-

ference in the method of inference on the estimated dependence depending on a parametric or 

non-parametric model for the distribution of standardized residuals. 

 

The combination of parametric models with parametric marginal distribution of the standard-

ized residuals for the variances and conditional means yields to parametric model for condi-

tional marginal distributions.  

 

There are two ways used in the Patton code for inference estimation of dependence statistics 

first is multi – stage GMM where dependence statistics are scores of marginal logs which is 

used for copula-based models time series data. Second, is the bootstrap method to measure 

each outlined in the copula equation of the code. 

 

The usage of many other non-parametric estimate and the EDF which is the empirical distri-

bution function for standardized residuals with combining to parametric models for the vari-

ances and the conditional means makes the model semiparametric.  Inference of the depend-

ence estimated can be conducted by using asymptotic distribution of parameters of model in 

case of fully parametric.  Same approach of parametric is taken here using GMM to calculate 
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each moment of time series data but EDF is used to identify any errors. Other than this boot-

strap is carried in this case as well 

The figure 3.10 basically demonstrate that the upper tail is less dependent than the lower tail 

whereas, the quantiles are dependent as high as 0.10. the confidence interval clearly demon-

strates that the differences are very marginal significant at the level of 0.10 level, whereas 

upper-level confidence interval is as zero. Demonstrating a test of asymmetric dependence 

which will be explained further.  

3.6.9 Time Varying Dependence Structure Captured by Copula   

 

The Time Varying copula parameter in this paper is modelled by the GAS model of Creal, et 

al. (2012) as described in Eq. 3.23. Three Time Varying copulas are calculated: the Time Var-

ying copula of Gaussian, the Time Varying copula of the student and the Time Varying rotated 

copula of Gumbel. In figure 3.12, corresponding parameters are presented. Due to the lowest 

negative log-likelihood value, the Time Varying student’s t copula makes it better in defining 

the dependency structure, which may mean that there is strong tail dependency between the 

S&P500 and Gold Index stock markets.  

 

As stated in Patton (2013), we add a simulation approximation after estimating the Time Var-

ying copula parameters to map the Time Varying linear correlation as indicated by the t and 

Gumbel copulas of the student. We are particularly interested in studying the Time Varying 

existence of the two copulas above, as tail dependency is accounted for by both copulas. The 

parameter of the Gumbel copula must be in the range (1, ∞), so the correlation parameter is 

modelled to ensure this by ρt = 1 + exp(φt), while the correlation parameter is modelled by ρt = 

[1 – exp(−φt)]/ [1 + exp(−φt)] for the student’s t copula. As investors invest in stocks to their 

portfolio to diversify risk, this could have some major consequences for investment manage-

ment. 
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	 𝜏R]8^_B =
𝛼 − 1
𝛼 	, 𝜏+!]-B,! =

2
𝜋 arcsin(𝛼) 

(3.23)	

 
Figure 3. 1 Tail dependence captured by Gumbel Tail Copula. 

 
As observed, the Gumbel Copula has more weightage for extreme co-movements rather than 

the student’s T Copula implying lowered Tail Dependence. The extreme co-movements be-

tween S&P500 and Gold Index stock indices is low which can be justified by low Tail Depend-

ence Parameters for both the Copulas.  

  

As shown in Fig 3.11, the plot between the tail dependence captured by the Gumbel Copula and 

different quantile q. A clear increase in dependence as the quantile moves towards the centre 

of the distribution can be observed along with evidence of asymmetric tail dependence. As the 

quantile approaches zero, a strong bivariate upper tail is seen whereas a strong lower tail is 

observed when the quantile approaches the centre of distribution. However, both the bivariate 

tails are not seen having an immediate flat spot. While calculating the tail dependence param-

eters fluctuations for upper tail dependence is noticed suggesting some cut-off.   

 

3.6.10 Copula Quantile Dependence 

Prior to introducing appraisals of the copula quantiles relapse between S&P500 and Gold In-

dex, we embrace an information driven methodology endeavouring to best fit univariate circu-

lations by means of the copula quantile approach. This progression is significant on the grounds 

that both Indexes fizzled univariate ordinariness tests with overabundance kurtosis and a 
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positive slant over the example period. Copula quantile approach-based advancement for cir-

culation’s induction was embraced more than a few groups of nonstop appropriations. We think 

about 11 dispersions, in particular Normal, Log-typical, Exponential, Cauchy, Gamma, Pareto 

1, Inverse Gamma, Logistic, Log-Logistic, Weibull, Inverse-Weibull. Direct streamlining of 

the AIC was per-framed utilizing the “Nelder-Mead” strategy for dispersions described by 

more than one boundary and the copula quantile technique for distributions portrayed by just a 

single boundary.   

We study the reliance structure between choice suggested volatilities of Gold and S&P500 

business sectors by means of the utilization of a copula-based quantile relapse. To start with, 

we direct a static investigation and show that the asymptotic lower tail reliance is just articu-

lated in the low unpredictability system of both Gold and S&P500 business sectors. Second, 

given the presence of a bi-directional causality between the two alternative suggested volatili-

ties, we consider the lead-slack relationship by means of non-parametric tail reliance assessors. 

Results demonstrate an outrageous tail reliance in lower and upper quantiles, with proof of an 

awry conduct between/for low and high instability systems. Our discoveries have suggestions 

to speculators and danger administrators. Basically, discoveries infer proof of consistency of 

the likelihood of Gold inferred unpredictability dependent on the slacked S&P500 suggested 

instability across various quantiles. Another ramification concerns an instability based ex-

changing technique, particularly during couple event of high unpredictability systems, which 

includes the concurrent selling of an out-of-the cash call and put with various strike costs on 

Gold inferred unpredictability. 



 156 

 

Figure 3. 12 Difference in upper and lower quantile dependence. 

Figure 3.12 basically shows the results of the measurement of the quantile estimations. Since 

quantile estimation is quite crucial and tells the investors of the quantitative risk management. 

The investors can see the quantiles results and can estimate the differences in the upper and the 

lower quantile dependence. Which basically signifies the conditional dependence of the stock 

and commodity in times of distress.  Greatest decency of-fit improvement uncovers that both 

Indexes follow an opposite gamma dispersion however with somewhat extraordinary shape 

and scale boundaries. Fig. 3.12 shows a line graph portrayal for both arrangement with related 

fitted disseminations. Actually, the state of S&P500 and Gold Index has an estimation of the 

quantile of around 90% confidence level keeping under consideration that whether it is upper 

or lower quantile the range for upper is 0.15 and 0 for the lower quantile measurement and the 

estimations are represented in the result which can be seen from the above figure 3.12. We 

likewise estimated the exact level of relationship between both the S&P500 Volatility Index 

and the Gold Index Volatility Index utilizing Kendall’s tau coefficient.  

Having decided through Copula Quantile-based fitting the best dispersion type and related 

boundaries for each peripheral, we will initially follow a full-parametric methodology for 

choosing a proper bivariate copula family for the given bivariate information. At that point, 

copula-based quantile relapses will be extricated and contrasted with those decided in the wake 
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of refitting, on a quantile-by-quantile premise, for example for every tau, the boundaries of 

pre-set copula family. At last, parametric and non-parametric assessments of asymptotic tail 

reliance coefficients will be attempted, and ends will be drawn. The previously mentioned 

methodology will be led for both static and dynamic copula quantiles relapses   

Despite the fact that the data is of greater size it is noted that the calculation of the (AIC/BIC) 

do not affect the measurement of the copula parameter and of the goodness of fit.  

 

Figure 3. 13 Quantile dependence for S&P500 and Gold Price Index. 

Even through, the two-boundary group of copulas prevailing in best depicting the reliance 

structure completely, it neglects to catch any upper or lower asymptotic tail reliance. Subse-

quently, refitting the boundaries of the Survival of the Bivariate copula on a quantile-by-quan-

tile premise gets vital for catching the asymptotic reliance structure between choice suggested 

volatilities of Gold index and S&P500 business sectors conditions. We subsequently separate 

copula-based quantile relapses (see Fig. 3.13) and contrast it with those decided in the wake of 

refitting the boundaries of the Survival copula on a quantile-by-quantile premise, for example 

for every one of the likelihood levels.   
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Figure 3. 2 Quantile dependence for the indexes. 

It is obvious from figure 3.14 above that quantile prevailing with regards to uncovering the 

hilter kilter connection between the gold Index and S&P500. All the more significantly, the 

asymptotic lower tail reliance for the centre percentile is amazingly certain (0.90), uncovering 

the quality of reliance for synchronous event of moderate alternative suggested unpredictability 

of gold and S&P500.  
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3.6.11 Dynamic Copula: Boundary Assessment and Tail Reliance   

We process the nonlinear dynamic quantile dependence appraisals to investigate the reliance 

between gold index and the slacked S&P500 and the other way around.  Figure 3.15 presents 

copula tail reliance based assessed boundaries relating to the dynamic copulas. As indicated by 

AIC/BIC, the Survival Time Varying copula remains the most ideal decision.  

 

It shows up from results that Theta has stayed unaltered while quantile has somewhat de-

creased. Furthermore, the Goodness of Fit demonstrate the radiating from the lead-slacked re-

lationship, between S&P500 and gold index, has diminished from 0.18 to 0.17.   

Having chosen the two-boundary Archimedean Survival copula for the lead-slacked connec-

tion between S&P500 and gold index, we presently separate copula-based quantile relapses 

(see Table. 3.8) and plot them against those decided in the wake of refitting the boundaries of 

the Time Varying copula on a quantile-by-quantile premise, for example for every one of the 

likelihood levels.   

 Normal Clayton Rot Gumbel Stud t Rgum-GAS Stud t-GAS  

Stud t-GAS - - - 6.47 - - 
log L - - - -17.51 - 75.53  
Rank 3.00 4.00 5.00 2.00 6.00 1.00 

Table 3. 10 model comparisons of copula models – nonparametric margins 

Table 3.10 shows the Survival Time Varying Copula’s refitted boundaries for each quantile 

level, just as related constant copula results assess that depict the whole reliance structure. 

Moreover, hypothetical asymptotic tail reliance coefficients of the bivariate Survival Time 
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Varying copula for re-enhanced boundary esteems have been re-assessed. All the more criti-

cally, the asymptotic lower tail reliance for the centre quantile is amazingly certain (0.90) un-

covering a similar quality of reliance for synchronous event of low choice inferred instability 

of gold and S&P500, as on account of static copula. Results of log likelihood likewise affirms 

the asymptotic lower tail autonomy when the coefficient delta is equivalent to 1, for example 

for fifth, tenth, 90th and 95th percentiles (further discussed in last chapter 4 (Section 4.5)). Be-

sides, the related hypothetical Time Varying copula esteem for the centre quantile is the most 

noteworthy among presently assessed and is amazingly near that surveyed under no lead-slack 

connection between choice inferred volatilities of gold and S&P500. 

 

 Normal Clayton Rot  Gumbel Stud t RGum-GAS Stud t-GAS  

t-stat - - - -3.31 - -3.31 

 
Table 3. 11 model comparisons of marginal models - parametric vs nonparametric margins 

 

3.6.12 Testing for Conditional Asymmetric Dependence  
  
Tests are run for asymmetric dependence once parameters of upper and lower tail are gath-

ered. Important insights on whether stronger co-relation during market downturns is exhibited 

by two financial asset returns. Running simple tests on the following null thesis is one 

way to understand this: -  

	 λq = λ1−q 

 

(3.24)	

  
λ- Quantile Dependence  

For the below ‘q’ values, tests are run jointly to see the correlation during marketing down-

turns. And the quantiles are as follows: q=0.025, 0.05, 0.10, 0.975, 0.95, 0.90.  

i.e  

	
 

(3.25)	
And test the null hypothesis for  

	  (3.26)	
Where: Θ = [1,1,1, -1, -1, -1].   

The simplified process of producing test results for each individual quantile and interpretation 

of multiple test results is obtained through this test. Table 3.8 shows Student T’s and Gumbel 

Copula’s.  The results for P-values of Student’s T and Gumbel Copulas are 
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consistent over various copula models. Therefore, accepting the null that the conditional de-

pendence between S&P500 and Gold  index returns is symmetric. Instead of testing different 

quantiles, running tests on bivariate tails is another way to see asymmetric dependence.   

	 λ Lower = λ Upper 

 
 

(3.27)	

 
Figure 3. 4 Gumbel Copula Parameter 

From the parameter of the lower and upper tail dependence used in the test are calculated. Us-

ing Student’s T and Gumbel Copula significant differences between upper and lower tails are 

found. In conclusion, the two stock markets show more inter dependence when in bear peri-

ods than during bull periods as we have stronger lower tail parameter indicating asymmet-

ric dependence. Therefore, market downturns witness high chances of joint extreme events ra-

ther than market upturns.  

 

3.7  Conclusion 
 
This paper portrays the copula approach used to examine the asymmetric dependence structure 

between S&P500 and Gold Price Index prices performances during 1992- 2020. The depend-

ency during the course of greater turbulent times and common tail movements are first exam-

ined. Various copula models are then used to establish a link in dependence structure. 
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There is a notable correlation between the S&P500 and Gold Index markets during different 

time periods. There was a decrease in correlation before the crisis, but an inflation of correla-

tion just before 2007 implies a financial contagion between the two. Since 2010, the rate this 

correlation has decelerated. The increase in correlation has strengthened the integration be-

tween S&P stock markets and regional developed markets since the crisis. We can predict an 

increase in dependence due to Gold Index markets broaden. 

 

Dependencies can be modelled in three ways: the first is by introducing methods of selecting 

the most suitable models by defining the condition margins of two separate stock indices. The 

second way is to represent the asymmetric characteristic through separate models of upper and 

lower tails when composing a tail dependence. Lastly, we introduce tests for links between 

Time Varying structures, asymmetric dependence and Goodness of Fit. 

 

New information regarding the portfolio management, risk diversification, and asset allocation 

is likely to be more up to date. Although the stock market appears to be more dependent after 

the crisis, it indicates the crisis caused inflation in in the Gold Index market, whereas the bull 

markets were a result of the global economic recession. This information aligns with the asym-

metric tail dependence establish between Gold Price Index and S&P500 Index. 

 

3.8  Contribution to Knowledge  
 

The thesis contributes to the knowledge in quite several aspects.  We first utilize a time varying 

copula (TVC) to examine the reliance structure among S&P500 and Gold price index through 

time. To be sure, not considering time-varying boundaries in the dependence distribution pro-

duces a predisposition toward proof of tail reliance. Additionally, taking into account just tail 

reliance may dishonestly prompt proof of awry connection between the profits. Observation-

ally, return series are demonstrated by GARCH-type processes with reasonable minimal con-

veyances, and proper copula capacities are then fitted to sifted return series to check their dy-

namic relationship.  Thusly, it is feasible to catch the possible nonlinearities in the stock and 

commodity connections as well as a few notable exact adapted realities of their return dissem-

inations like unpredictability perseverance, fat tail conduct and volatility effects of return de-

velopments on unpredictability (Arouri et al., 2011, Regnier, 2007, Sadorsky, 2006), while 

keeping away from the disadvantages of straight proportions of reliance like Pearson 
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relationship (Jondeau and Rockinger, 2006). We are additionally ready to look at both the de-

gree and nature of return reliance at outrageous levels, i.e., the chance of joint outrageous va-

rieties in the elements of Gold price index and stock returns. To wrap things up, the utilization 

of dataset, crossing the period from January 1, 1992 to January 1, 2020, empowers us to repre-

sent a few episodes of significant changes in gold and stock costs, over the 2007-2009 world-

wide monetary emergency where outrageous co-movements are expected. An extended contri-

bution to knowledge for the version of this study with left-behind models, methods and model 

specifications is left for upcoming studies and can be seen in the last final chapter of this thesis. 

Furthermore, we will not take into account the VaR and ES that is identified from the short 

sales (most of this has been covered in chapter 2 (Section 2.4.1) at the start and later in chapter 

4 (Section 4.5)). Alternatively stated, when an asset is shortened by an individual, the chance 

of loss is not related to the asset losing value, since this would add to the value of the position. 

Therefore, the possibility of loss is linked to the asset gaining in value. The tail that is relevant 

for valuation is hence the right tail, this is because the models that operate on the left tail risk 

may not operate the same on the right tail risk. On the other hand, long positions are famil-

iar than short positions by individual, as well as it being out of context for our study, we will 

not take this matter any beyond. Conclusively another method used to evaluate VaR is through 

the Monte Carlo-simulation, however this method is also out of context for our study so it will 

be excluded.  This paper discusses the Time Varying copula which adds contribution to 

knowledge as risk can be evaluated by the use of the variations that can take place during any 

period whether normal circumstances or the turmoil period. Hence, financial researchers will 

find this quite useful for future further VaR investigations.  

3.9  Discussion  
 
Some of the models mentioned in literature review are discussed as follow: 

3.9.1 Error Correction Model (ECM) 
 
Cointegration, or long-term stochastic trend, is the most prevalent reason for using an error 

correction model (ECM) in a multiple time series model. Short- and long-term impacts of one 

time series on another may be estimated using ECMs, a theoretical technique. For example, a 

divergence from long-term equilibrium, known as error correction, has a direct impact on a 

system's short-term dynamics. Because of this, ECMs are able to predict the time it takes for a 

dependent variable's return to equilibrium after changes to other variables (Lebo et al., 2017). 

Pros and Cons 
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3.9.1.1 Pros  
o On the one hand, it is a suitable model for estimating the correction of disequilibrium 

from the preceding era, and on the other, it has highly positive economic implications. 

o First and foremost, if we have cointegration, ECMs are stated in terms of first differ-

ences, which generally remove trends from the variables involved and the issue of false 

regressions. 

o A significant benefit of ECMs is that they may be used in econometric modeling, which 

searches for the most pared-down ECM model that best fits supplied data sets. This is 

a third significant benefit (Kanioura et al., 2003). 

o For the last and most essential property of the ECM, the disequilibrium error term is a 

stationary one (by definition of cointegration).  

 

Since the two variables are cointegrated, the ECM has crucial implications: it suggests that 

some adjustment mechanism prevents the errors in the long-run connection from becoming 

more significant. 

 

3.9.1.2 Cons  
o There is little statistical power in the first stage's unit root tests. 

o Granger causality dictates that Xt has to be weakly exogeneous in the first stage of the 

experiment in order to have a significant impact on the test findings. 

o Having a tiny sample size might result in bias. 

o There is no way to verify the long-run parameters in the first regression stage since the 

distribution of the OLS estimator of the cointegrating vector is exceedingly convoluted 

and non-normal. 

o There can be no more than one cointegrating connection studied at any one time. 

Analysis 

By definition, therefore, when Yt and Xt are cointegrated uˆt ∼ I (0). According to an ECM 

specification, we may represent the connection between the two variables as follows: 

Yt = a0 + b1Xt − πuˆt−1 + et 

Long-term and short-term information may now be found in one place. B1 is the short-term 

impact multiplier (the short-run effect) that gauges the immediate impact a change in Xt will 

have on a change in Yt in this model. However, the feedback effect, or the adjustment effect, 

reveals how much of the disequilibrium is being addressed – that is, how much of any 
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disequilibrium in the preceding period influences any adjustment of Yt. Ut1 = Yt1 + 1 + 2Xt1 

= u2; hence, the long-term reaction is u2 as well. 

 

3.9.2 Vector Error Correct Model (VECM) 
 
Nonstationary series that are known to be cointegrated may be modelled using a vector error 

correction (VEC) model. An estimated VAR object, an equation object estimated through non-

stationary regression techniques, or a Group object may all be used to determine if it exhibits 

cointegration (Liao et al., 2015). 

Pros and Cons 

3.9.2.1 Pros 
o VECM's primary benefit is that it can be used to both long- and short-term equations 

with ease. Cointegrated VAR is the theoretical basis for VECM. As a result of Granger's 

representation theorem. As a result, if you have a cointegrated VAR, you have a VECM 

representation of it. 

3.9.2.2 Cons  
o Because the VECM model does not enable us to determine the direction of causation 

between the variables, it has a drawback. Granger causality's Toda and Yamamoto ver-

sion is used to pinpoint the direction of causation. 

Analysis  

Models that represent the dynamic interaction between stationary variables are known as vector 

autoregressive (VAR). As a result, the initial step in time-series analysis should be to identify 

whether the data represent stationary levels. If it doesn't work, have a look at the first differ-

ences in the series and see if that helps. For time series with non-stationary levels (or log lev-

els), the initial differences tend to be. 

 

The VAR framework must be adjusted if the time series are not stationary in order to consist-

ently estimate the connections among the series. Models for stationary differences (i.e., I (1)) 

include vector error correction (VEC), which is a specific instance of the VAR. As a result, the 

VEC may also take into consideration any cointegrating correlations between variables. 

Consider t y and.t x, two time-series variables. A system of equations is formed by generalizing 

the idea of dynamic interactions to these two connected variables.  
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For the system, each variable is a function of both its own lag as well as another variable in the 

system's lag (the equations). y and x are the two variables that make up this system. It is called 

a vector autoregression when the equations are combined (VAR). We have a VAR in this case 

since the greatest latency is just one order of magnitude (1). 

 

The system may be approximated using least squares applied to each equation if y and x are 

stationary. The difference between the levels of y and x (i.e., I(1)) may be used to evaluate 

whether the differences are stable. For I (1) variables that are cointegrated, the system of equa-

tions has to be reworked such that it can accommodate the cointegrating connection. The vector 

error correction (VEC) model is the result of including the cointegrating connection. 

 

3.9.3 Vector autoregressive model (VAR) 
 
VARs are multivariate time series models that link present observations of a variable to obser-

vations of that variable in the past, as well as to observations of other variables in the system 

from the past. 

 

Univariate autoregressive models, on the other hand, do not have the ability to provide for 

feedback between variables in the model.  Different procedures have been utilized to research 

the overflow impact among energy and carbon markets, for example, vector autoregressive 

(Cai and Wang, 2018; (Liu et al., 2017; Yu et al., 2015) and multivariate summed up auto-

regressive contingent heteroskedasticity (GARCH) models (Balcılar et al., 2016; Zhang and 

Sun, 2016). For instance, by utilizing the connectedness proportion of (Diebold and Yilmaz, 

2012; Ji et al., 2019) give proof that the carbon market is a net data collector from power 

companies. Besides, a few examinations have recorded the overflow impact among vulnera-

bilities and the energy market (Yang, 2019). Notwithstanding, these examinations have ne-

glected to consider overflow impacts in extraordinary economic situations just as the moving 

component of vulnerabilities to the carbon market. To illustrate the relationship between real 

GDP and the policy rate, we may construct a VAR model to demonstrate how the policy rate 

is a function of real GDP (Lütkepohl, 2013). 

 

Complete VAR analysis is a multi-step procedure that includes: 

o Making a VAR model specification and estimation. 

o Analyzing and improving a model using inferences (as needed). 
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o Forecasting. 

o Analyse the structure. 

3.9.3.1 Pros  
o Easy Implementations  

Using ordinary least squares (OLS) to analyze each VAR equation independently allows us to 

estimate the coefficients of the overall system, which are given by the right-hand side of each 

equation having the same number of variables as on the left. The asymptotic characteristics of 

the OLS estimator are as expected. The asymptotically normal distribution of the OLS estima-

tor is consistent and as big samples as possible (kilan, 2013). 

o Classical interference  

Any linear limitation may be tested using t and F statistics since the OLS estimator has the 

same asymptotic features as the conventional t and F statistics. What if the second lag is of 

relevance, but the first equation doesn't include it? The null hypothesis is written as H0: 12 = 

12 = 0. Restrictions are imposed on just the first equation in this case. Testing for constraints 

using several equations is also an option. One may ask, "Does H0:12:22 correspond to the same 

coefficients in each of the following equations?" and the answer would be yes. An F-statistic 

will be adequate in both circumstances. 

3.9.3.2 Cons  
o Ad hoc specification - AR models have been criticized for failing to reveal the true 

structure of the economy. Criticizing VAR for predicting isn't relevant if you're trying 

to identify causal relationships between macroeconomic variables, though. A structural 

VAR is a set of simultaneous equations used to investigate the underlying causes of a 

set of observed phenomena. There is an equation for each variable in the system that 

takes into account the simultaneous and dynamic interactions of the whole collection 

of variables.  

Analysis  

The number of prior time periods a VAR model uses is one way to identify a VAR model. 5th 

order VAR would represent the wheat price as a linear summation of all previous five year's 

wheat prices. The value of a variable at a prior point in time is known as a lag. Pth-order VARs, 

in general, are VAR models in which lag times are included for the last p time periods. The 

term "VAR(p)" is used to refer to a pth-order VAR, which is also known as "a VAR with p 

delays. A pth-order VAR model is expressed in this manner: 

 

y_{t}=c+A_{1}y_{{t-1}} +A_{2}y_{{t-2}} +………... +A_{p}y_{{t-p}} +e{t} 
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Economists may use vector auto-regression (VAR) time series model to anticipate the devel-

opment and interdependencies of numerous time-series. An equation for each variable is in-

cluded for each of the variables in the model to describe how it evolved through time, taking 

into account all of the other variables in that model and their delays as well. This is what we 

would refer to as a scientific process for developing trading strategies. 

 

Investor globally feels that it is important to make connections and linkages among financial 

assets return to vary risk, also for control the risk of financial contagion by monetary policy 

makers. The active linkages of international stock markets modelling can be found on a lot of 

studies and the conclusion came of as existence of market linkages and financial contagion in 

most studies (see, for example, (Kenourgios et al., 2011; Wen et al., 2012; Hui and Chan, 

2013). Fluid markets, for example, banks and portfolio managers regularly uncover their port-

folio change dramatically starting with one day then onto the next, and so consider a one-day 

holding period to be appropriate. Important aspects that are associated with risk management 

models are determining the risk, dealing with the development of proper risk assessment strat-

egy in terms of preventing these risks by the use of proper mitigation techniques. It can be 

stated that risk management process is one of the important processes that each financial insti-

tution needs to conduct in terms of analysing the current financial condition of that stock mar-

ket. Through using different models, the Financial investors of organisations are able to under-

stand the risk that is associated with the organisation.  

 

Though, the tail structure of dependence on markets was modelled by a few studies. Addition-

ally, it is expected by one that such dependency to be uneven due to the recent turmoil, as neg-

ative shocks can more substantially affect co-movements between markets than positive 

shocks. Moderately, the uneven dependence between stock market return is exist which suffi-

cient evidence is found. Evidence of asymmetry in conditional volatility of the equality re-

turns was found by Cappiello et al. (2006). Negative shocks are influence co-movements 

of stock return more drastically found by Tamakoshi and Hamori (2013) amongst others. How-

ever, Euro areas and the United States developed markets become highlighted with these stud-

ies. On the other hand, regional developed contender has increased integration among them 

which was modelled by few.  

  

This paper intends to present asymmetric behaviour in bivariate tails using conditional copula 

models for two stock markets S&P500 and Gold Index along with model for the entire 
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dependence structure. At the end of 2019 the S&P500 Index overtook Gold by capitalisa-

tion and became first largest stock market globally, totalling $22,923 billion in share capitali-

sation. S&P500 Index positioning uniquely between its international competitors encouraged 

study of other mature financial markets along with its dependence while its role during the 

recent financial crisis help to encouraging during the period of turmoil.  
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Chapter 4 
 

Value at Risk and Expected Shortfall Estimation for S&P500 Index and 
Gold Price Index 

4.1  Introduction    
 
Volatilities of S&P500 and Gold Price have essential impacts on the steady and durable devel-

opment of world economy because if volatility is extremely high, the organisations will rise 

the wages and as a result companies will hire less people or not undertake new capital invest-

ment. Then corporations may have to pay higher rates to raise capital (Brincks, 2020). Hence 

its of significant academic and practical importance to measure the volatility and risk of Gold 

price index and S&P500 markets precisely. This paper attempts to measure the Value-at-Risk 

(VaR) and Expected Shortfall (ES) of S&P500 and Gold Price Index using GARCH-type mod-

els, hybrid GAS copulas and ES-VaR model. The back testing results suggest that the mixture 

of GARCH-type-GAS models (most of the GARCH is covered in chapter 2 (Section 2.3.5.4.3)) 

and GAS copula methods can produce accurate risk measures. Mixed hybrid copula is more 

adaptable and superior to other copulas. Different GARCH-type models, which may portray 

the long-memory and leverage effect of S&P500 and Gold Prices index volatilities but offer 

similar marginal distributions of the stock returns. 
 
The financial crisis of 2007-08 and its consequence prompted various changes in money related 

market guideline and banking management. One significant change shows up in the Third Ba-

sel Accord (Basel Committee, 2010), where new accentuation is set on “Anticipated Shortfall 

which is the expected shortfall (ES) as a proportion of danger, supplementing, and in parts 

subbing, the more-recognizable Value-at-Risk (VaR) measure. Expected Shortfall (ES) is the 

normal profit for an advantage restrictive on the return being under a given quantile of its cir-

culation, to be specific its VaR. Financial inconstancy essentially impacts developing countries 

stock markets and the ensuing incomes gotten from the deal of different commodities. Never-

theless, later extraordinary political occasions have been connected to huge misfortunes in in-

vesting generations, in both under developed and developed economies (Barriopedro et al., 

2011; Coumou and Rahmstorf, 2012; Herold et al., 2018). For occurrence, approximately one-

quarter of the investors generation in creating financial markets has been related with extraor-

dinary financial catastrophes. In expansion, the think about of Lesk et al. (2016) detailed that 

extraordinary recession and turmoil occasions have too caused a critical decrease in investment 
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extending around 2.5% fall in the economy. To relieve and possibly, to decrease investment 

yields and the related money related misfortunes and losses that may well be activated by ex-

traordinary turmoil occasions, copula adaptation methodologies are required.  

 

As Basel III is executed around the world (using the data from January 1992 to January 2020), 

ES will definitely pick up, and require, expanding consideration from hazard directors and 

banking managers and controllers. The new “market discipline parts of Basel III imply that ES 

and VaR will be consistently unveiled by banks, thus an information on these measures will 

likewise hold any importance with these banks’ financial specialists and counter-parties. There 

is, however, a scarcity of analytical models ’or the predicted shortfall as the Expected Shortfall 

is quite vital. The comprehensive literature on Volatility Models see (Artzner et al., 1999) for 

a review) and VaR Models (Komunjer, 2005; Süss, 2006) offered a variety of useful models 

for these risk measures. However, although ES has long been considered to be a “coherent 

indicator of risk” Artzner et al. (1999), in comparison to VaR, the literature includes compar-

atively few models for ES, some exceptions are discussed below.   

 

We aim at measuring the risk and expected shortfall with the objective of using the ES-VaR 

model along with GAS method in this document as well we took the everyday periodicity from 

January 1992- January 2020 to represent the co-dependence and portfolio value-at- risk (VaR) 

of commodity and stock. The research chapter focuses on significance of ES-Var to investors 

in risk management. We found concrete results for solid dependencies between the S&P500 

and Gold Price using a dynamic dependency formation. Utilizing the effective frontier, Gold 

price index offered the greatest optimal and economically risk-reward trade-off subject to a no-

shorting restriction for portfolio investors. Since there is only a limited number of empirical 

researches on the commodity markets, this document provided new understandings on this 

topic. This paper could be beneficial for emerging dependence and risk policies for investment 

and hedging purposes, especially during periods of financial turmoil. 

 

This is perhaps partially due to the fact that the regulatory interest in this risk measure is 

only recent, and may also be due to the fact that this measure is not “eligible.” The risk measure 

(or objectively more generally) is said to be “eligible” if there is a loss function such that the 

risk measure is the solution to minimise the predicted loss. For illustration, the mean is elicit-

able using the quadratic loss function, and VaR is elicitable using the non-linear or “fuzz loss” 

function. Getting such a loss function is a step in creating complex models for these quantities. 
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Recent findings from Fissler and Ziegel (2021), which show that ES is jointly elicitable 

with VaR and also used to construct new dynamic models for ES and VaR. This paper provides 

three main contributions. First, the use of ES and Var together for estimating risk. Second by 

the use of copula built in the model and last is proposing the use of the ES-VaR model proposed 

by Patton, Ziegel and Chen (2018). 

 

Our objectives is that first, we introduce several dynamic models for ES and VaR, based on 

the GAS system for Creal et al. (2012), as well as active models in the Volatility Literature, 

see Andersen et a1. (2006). The objectives will be achieved by implementing the models that 

we propose are semiparametric in that they impose parametric structures for the dynamics of 

ES and VaR, but are fully agnostic in terms of the conditional distribution of returns (apart 

from the regularity conditions needed for estimation and inference). The models proposed in 

this paper also include ‘CvaR’ models proposed by Rockafellar and Uryasev (2000) in that we 

explicitly parameterize risk measure that are of concern and eliminate the need to define a 

conditional distribution of returns. This chapter add to contribution to knowledge because the 

models we consider make estimation and prediction quick and easy to execute. Our semi-par-

ametric approach removes the need to define and approximate the conditional density, thereby 

reducing the probability that such a model could be improperly defined, but at the cost of a loss 

of efficiency relative to the correctly specified density model.  

 

The results suggest that main difficulties arise in using these two models such as (Value at 

Risk) VaR and (Conditional Value at risk) CVaR models6 in terms of estimating the financial 

assets while the portfolio has many assets. Expected shortfall refers to conditional VaR (CVaR) 

that is a statistic to be used to measure tail risk (NorthstarRisk, 2022). On the other hand, while 

the portfolio has single asset there is no difficulties in using these two models in analysing the 

financial database of company. In this aspect, several financial databases suggest that through 

using the two models financial organisational can understand and estimate the single asset of a 

portfolio by analysing its financial records. While using several return series and assets, it is 

difficult for the regulators to determine the individual financial database for each asset and 

return (Engle and Russell, 1998). This is the reason, why today’s investors and the financial 

 
6 Value-at-Risk (VaR) represents the maximum loss in normal market condition during the certain time period at 
a confidence level (Benninga and Wiener, 1998).  In other words, VaR is tolerated the loss while Conditional 
VaR may take account of a maximum loss. 
Conditional VaR (CVaR) that is a statistic to be used to measure tail risk (NorthstarRisk, 2022). 
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organisation focuses on using these two models only why they want to estimate single asset in 

the portfolio. In addition to this, these two models can be used in analysing the Pearson’s cor-

relation coefficient, which is used in analysing linear relationship between assets. Through us-

ing Pearson’s correlation coefficient, the VaR and CvaR model assumes the relationship of 

different assets is linear and independent of time. On the contrary results implications suggests 

that several recent studies on the financial framework implies, that the relationship among as-

sets in the financial framework is non-linear as well as they are Time Varying. Moreover, the 

studies also suggest that relationship between the return distributions are asymmetric which are 

associated with the upside and downside movements.  In this paper, the primary three families 

counting the circular, VaR, and copula are tested and Expected Shortfall. The estimation and 

utilization of these capacities are depicted within the following area. The construction of a 

multi-variate distribution is essentially a combination of an individual marginal distribution 

and a suitable copula. 

 

The rest of the paper is organized as follows. In Section 2 we present the literature review along 

with the discussion of some new unique semiparametric models for ES and VaR and contrast 

them and the fundamental existing models for ES and VaR. In Section 3 we present asymptotic 

appropriation hypothesis for a conventional dynamic semiparametric model for ES and VaR, 

and in Section 4 we study the limited example properties of the assessors in some sensible 

CvaR, hybrid copula models and ES-VaR model. In Section 5 we apply the new models to day-

by-day information on two markets data, and analyse these models with existing models. Seg-

ment 6 closes the verifications and extra specialized subtleties are introduced in the reference 

section, and a supplemental web index contains definite confirmations and extra examinations 

along with the discussion on the contribution of knowledge.  

4.2  Literature Review 
 
People’s lives are uncertain in terms of the financial assets they possess. “Rainy days” or un-

certain circumstances are too common and more than one expects, which is the reason people 

tend to save money in many forms of financial investment. The savings or investments they 

have prevents them from experiencing crisis situations to a considerable extent. Technically, 

investment defines the purchase of goods and commodities that is aimed at a better future value. 

Before investing, it is important to ensure that the financial aspects of the investment are 

planned adequately to obtain maximum returns. Careful analysis of the market and the oppor-

tunities is necessary before investing. Understanding the right investment plans available and 
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managing the investments or appointing the right manager for the investment is important, as 

much as understanding the necessity of diversifying portfolios of investment (Artzner et al., 

1997, 1999).  

 

Mutual funds, FDs, bonds, stock, gold, and other forms of investment exist for people to choose 

from when investing in assets. When a person’s investment portfolio is being analyzed, one of 

the main aspects that are evaluated is the Risk that the investments of the said investor carry. 

Two important factors that are used during risk assessment are Value at Risk (VaR) and Ex-

pected Shortfall. While they are not two different factors in the general sense, they are not 

similar either. In layman’s terms, the value at Risk determines the amount of investment that 

is at Risk or what part of an investment portfolio is at Risk. On the other hand, the expected 

Shortfall is a term that quantifies the possible loss; in other words, if the predicted bad event 

were to occur, what would be the financial loss that can be expected? This paper focuses on 

understanding the terms in-depth, how various market conditions affect the values of VaR and 

ES, and the interrelation between the two concepts (Benninga and Wiener, 1998).  

 

Value at Risk is defined as the statistical term that defines the extent of the possible financial 

decline for the investment portfolio, i.e., it shows the probability of the potential losses that the 

investor may experience. For instance, say a firm declares that its assets are at 3% VaR of 2% 

over a duration of one month. This means that there is a 3% chance that the value of the firm’s 

investments may decline at a rate of 2% per month for a duration of one month. The VaR 

actually refers to the worst performing set of investments of a firm in a normal distribution of 

its assets.  

 

On the other hand, the Expected Shortfall, or the Conditional VaR, is a term that quantifies the 

amount of financial loss that can happen from the extreme end of the normal distribution of the 

returns that a company is expecting from the market. CvaR provides a way to optimize the 

portfolio of investment by a company in an asset (Fissler, et al., 2015). It is a measure that 

companies or individuals use to overcome the shortage that they feel when using just VaR as a 

risk assessment strategy or model. 

 

While it is true that most investment firms use VaR as a primary risk assessment tool or 

measure, there are numerous shortcomings that have been identified in the measure, over many 

years of study. One of the main drawbacks of the measure is the fact that it does not consider 
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the assets beyond the tail risk as being risky. This method of risk assessment is one of the 

reasons behind the 2008 financial crisis, though not the sole reason for it (Degiannakis, et al., 

2012). The use of VaR does not provide high accuracy in the risk measure that exists within a 

portfolio of investment. Since the measure only takes into account the least performing assets 

within the tail risk category, during the 2008 crisis, the subprime stocks were never identified 

as being risky as the market crashed, leading to billions in financial losses to institutions as 

they kept lending mortgages recklessly (Corporate Finance Institute, 2022). However, studies 

conducted that try to understand the market conditions before and after the crisis indicate that 

the crisis was not solely the fault of the risk measurement tool but human error as well, because 

even though the subprime mortgages were not under the tail, risk category, they were still risky. 

The fact is, VaR does not provide the worst-case scenario. For instance, 99% VaR implies that 

with 99% confidence, a particular amount of asset value is at Risk in a given duration of time. 

However, the 1% of the time that remains can have significant negative effects on the company 

or the financial institution, enough to liquidate the company (Macroption, 2022). In addition to 

this condition, the fact that the nature of input on the market is a highly important factor, and 

the confidence of the risk measure depends on the accuracy of the information that is available 

on the market and the fact that the calculations are done based on normal distribution 

assumption. 

 

Value-at-Risk has been generally acknowledged as a measure of market risk in the financial 

establishments. It is important to note that VaR has recently been the object of discussion and 

criticism, mainly because it may be not sub-additive and non-coherent for heavy-tailed loss 

distributions, see discussion in (Daníelsson et al., 2013; Ibragimov and Walden, 2010). Hence 

other risk measures have been proposed as well, making the choice of the right risk measure a 

problem of theoretical interest of its own (Cherubini and Luciano, 2002). In any case, the Basel 

III accords recommend complementing the VaR with the Expected Shortfall (ES), owing to the 

guaranteed coherence of the latter. Hence estimation methods    for the conditional Expected 

Shortfall have been suggested and investigated (Cai and Wang, 2018; Chen, 2005; Kato, 2012; 

Linton and Xiao, 2013; Xu, 2014); see (Nadarajah et al., 2013) for a review, for same level α, 

the (conditional) ES. 

 

According to Birz and Lott (2011), in the previous twenty years the quantification of risk has 

become a major concern due to its important role in modern financial areas, as centre business 

tasks are predicated on commonly beneficial exchanges of this risk. One of the most 
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popular and widespread methodologies of quantifying risk is Value-at-Risk (here- after: VaR) 

despite the prevalence of alternative ones. VaR turned into a urgent methods for financial risk 

management after the stock market crash of 1987, and it is presently   internationally acknowl-

edged as benchmark for risk management through its consideration in the  mandatory  Basel  II 

Banking  standard  in 2004. Basically, VaR is the measure of capital that a firm needs to tie 

down aside to oppose far-fetched however not impossible adverse events while participating in 

dangerous exchanging exercises. Refer to (Duffie and Pan, 1997; Jorion, 2001; Birz and Lott, 

2011) for the financial background and applications. In statistics terms, VaR is only an upper 

quantile of the distribution FX of some random loss X, potentially looked by the firm over a 

given period while participating in those exercises. 

 

A great deal of research mainly along with EVT (extreme value theory) for risk measures has 

been done in the field of Value at Risk prompting to the advancement of varying methodologies 

to deal with the estimation of Value-at-Risk. However, EVT for risk measures on vital areas 

where extreme observations of time series data are of vital interest such as finance, insurance, 

hydrology, engineering and climatology. Various researches in commodity and finance mar-

kets have been led using EVT including (Gilli and këllezi, 2006; Embrechts and Schmidli, 

1994), and (Gençay and Selçuk, 2004). The application of EVT in the case of extreme large 

electricity prices were a good fit with the generalized Pareto distribution and the GDP (gross 

domestic products) (Byström, 2005). Bali (2003) determined the sort of asymptotic distribution 

for showing the absurd changes in US treasury yields. He discovered that the thin-tailed Gum-

bel and exponential distributions execute poorer than the fat-tailed Fréchet and Pareto distri-

butions. Marohn (2005) examined the tail index because generalised order statistics and de-

cided the asymptotic properties of the Fréchet distribution. In any case, to the best of my in-

sight, there are limited researches on the use of EVT to the gold market, which counts as a 

pivotal commodity to the world economy. The main concern in the field of financial risk are 

large losses. For instance, it might mean the circumstance of stock exchange crash. While a 

huge and increasing literature mainly focuses on value at risk, extreme losses and gains in 

financial returns in gold prices, on contrary the focus is also on financial leverage in the likes 

of security options, mutual funds and hedge funds (Balcılar et al.,2016).What we do in this 

work is to implement a Monte Carlo methodology for measuring portfolio Value at Risk by 

performing simulations from different conditional multivariate distributions, in order to eval-

uate what are the main determinants when doing VaR forecasts for a portfolio of assets. We 

compare different distribution assumptions for the margins, as well as different dynamic 
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specifications for their moments, to understand whether the proper modelling of the latter is 

more important than the type of distribution. The focus of this thesis is on ES-VaR method.  

To find out the parametric estimations we will use sample conditional volatility and the ex-

pected loss as variable. ES-VaR model- the volatility prediction is what is going to be a big 

factor coming to conclusion about if the estimation value is best for VaR or ES. Because of 

this another question arises. Which is the best volatility forecast model is best for which spec-

ifications? This has been addressed in chapter 2 (refer to section 2.4).  

 

It has always been vital to count and manage financial risk for both businesses and people. For 

company’s risk management is crucial alongside other things, this grows the value of the com-

pany by reducing the risk of bankruptcy, reduce tax payments by making revenue streams more 

continuous and decrease the cost of capital by making debt servicing more reliable. (Christof-

fersen et al., 2012). A popular method of demonstrating financial risk is the variance or vola-

tility of the asset. However, this is a non-intuitive measure this is because it only supplies a 

random number and does not change between positive and negative movements in regards to 

stock prices. More applicable details for investors are the risk connected with a drop in the 

stock price. For this aim there are two common measures value at risk and expected shortfall, 

both of which have been evaluated in this thesis. 

 

Value at risk, henceforth referred to as VaR has been, and at present is one of the most favoured 

measures for financial risk because of its understandability Hull (2006, p.472) and its element 

for highlighting the danger of loss and not the change of increase but has its flaws when it 

comes to its usage as a risk management tool. Due to this, the Basel committee has decided to 

dismiss the VaR measure in favour of the expected shortfall, from now on knows as ES, when 

calculating market risk (Basel committee on banking supervision, 2013 p.3). The measure pro-

vides details about the tail risk, defining the risk in cases where the loss is far from the mean. 

ES gives us a value of expected loss in utmost cases compared to VaR only provides details 

about the threshold value. However, the most used way of estimating these vital measures, 

historical simulation (from now on referred to as HS), often yields results which are largely 

outperformed by more complicated techniques (Mentel, 2013; Christoffersen et al., 2012). Im-

proved measures for the estimation of VaR and ES might be commanded by so called paramet-

ric estimations using forecasted volatility or through Monte Carlo-simulation. 
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No matter how profitable a single security the relationship it has with other assets in a portfolio 

must be evaluated in order to earn successful portfolio returns, meaning that when financial 

assets relating to financialisaton increase in number (in commodities, currencies etc), it leads 

to researchers trying to find patterns between different asset classes. Investments in alterative 

assets are gaining attention from investors and market maker because of clear risk and return 

features (Lahmiri and Bekiros, 2018). Traditional investments such as shares and bonds are 

being overlooked investors are now looking for more modern ways of investment due to the 

turmoil current markets are facing (Cumming et al., 2012). Assets with superior hedging char-

acteristics such as gold, crypto currencies and Islamic equites are starting to get popular for 

empirical contribution on diversification of risk and return trade-off (Jaffar et al., 2018; Ke-

nourgios et al., 2016; Evans, 2015). Islamic stock markets, the formation of crypto currency 

market as well as others finally gained some recognition because there was a need for alterna-

tive investment assets due to the financial turbulence created in markets over the past two dec-

ades whereas, gold has been there as a trade commodity from several centuries (Al-Yahyaee et 

al., 2018).  Crypto currency is used as a digital investment medium of exchange and is widely 

accepted as it was an innovation in the payment system in the 80’s (Tschorsch and Scheuer-

mann, 2016; Nakamoto, 2008; Ali et al., 2014). Since the birth of some of the digital currencies 

in the form of commodities such as Bitcoin in 2009, over 1500 new crypto currencies have 

been introduced and offer new ways of growth but gold as a commodity holds the same place 

in the commodity market (Al-Yahyaee et al., 2018). Research has showed that the market turn-

over and capitalisation of digital commodities is increasing aggressively but gold fortunately 

holds its own place ElBahrawy et al. (2017), so, Bitcoin has been classed as a commodity asset 

in the US Fang et al (2014) while also gaining the legal status of currency in Japan.  

 

The capability of stocks and commodities is to discover an important place in the financial 

market stays debateable. Although the results show a strong increase. Some experts advocate 

that the speedy growth of commodity markets will become a new asset of investors (Corbet et 

al., 2018). Gold has become the most precious commodity in the world. It just spiked 

$1392.50/troy oz in 2019. The Gold market was valued at around $60,758.80/kg in November 

2020.  In point of truth, the CNBC billionaire investor Marc Larsry who is a major financial 

market participator hypothesized that the price of gold could attain US$40,000 but it has at-

tained more in value. 
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Despite the fact that the GARCH model can deal with most measurable properties of volatile 

returns, for example, autocorrelation and heteroscedasticity, it experiences challenges in as-

sessing unbounded unrestricted minutes while dissecting substantial followed distributions. As 

proposed by Adrian and Brunnermeier (2016), CoVaR is touchy to skewness and hefty fol-

lowed negligible circulations, and any adjustments in these qualities differ the level of CoVaR. 

Hence, a viable econometric apparatus to quantify the distribution of volatile return costs is 

needed to represent the previously mentioned qualities from the viewpoints of market members 

and strategy producers. Likewise, to show the tail appropriation without the presence of un-

qualified or contingent minutes, they utilize the dynamic contingent score (DCS) model of 

Thiele (2019) for limiting the boundary space.1 Because the incentive in danger (VaR) is pro-

foundly subject to the dissemination of carbon value returns, they fuse Zhu et al. (2016) devi-

ated Student-t distribution into the DCS model to portray the upper tail and lower tail in an 

unexpected way. As such, they consider the lop-sidedness of the tail conveyance in their anal-

ysis. Moreover, by considering both potential gain and drawback hazard, they found the high-

lights of danger overflow under various economic situations, particularly when vulnerability 

pointers are applied.  

 

In the research of Jaffar et al. (2018), experimental outcomes uncover a lopsided tail dispersion 

of profits on budgetary market vulnerability and the stock market. In particular, for the oil 

market, the upper tail is heavier than the lower tail. Paradoxically, for monetary market vul-

nerability, the lower tail is heavier than the upper tail. Besides, the level of unevenness is ex-

tensively higher for budgetary market vulnerability than for the commodity market. These out-

comes affirm the upside of our proposed GAS-DCC-Copula model. They additionally find that 

the connection between budgetary market vulnerability and the market is negative as a rule. As 

such, a serious level of monetary market vulnerability is related with a diminishing in the com-

modity cost. This outcome affirms the procyclicality of the commodity market. Additionally, 

we likewise find deviation in the danger overflow from money related market vulnerability to 

the commodity market. Specifically, potential gain hazard overflow is bigger than disadvantage 

hazard overflow as far as supreme worth, which recommends that market gets more danger 

from the money related market during times of high vulnerability or monetary downturn than 

it gets during times of low vulnerability or periods of prosperity. These outcomes give addi-

tional proof that the stock market is procyclical.   
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The methodology of Jaffar et al. (2018) varies marginally from (Aloui et al., 2013; Ham-

moudeh et al., 2014) who utilized monetary, money related and political danger appraisals on 

BRICS nations. Utilizing a MTAR and an ADRL structure they estimated the transmission of 

danger by these variables. Other than the distinction in the models utilized, these writers are 

depending in hazard evaluations files as components of danger, though in contrast to (Jaffar et 

al. (2018) article usually utilized resources, wares or monetary items fill in as drivers of in-

development among business sectors. Thusly, the danger transmission between business sec-

tors are absolutely interpreted as costs wavering – even political or financial ones.   

 

Ding et al. (1993) is fundamental while with respect to transmission impacts, qualifying the 

unpredictability cycle as lying in a nimble response to a contemporary data or in a lazy data 

valuing by the market. Engle and Bollerslev (1986) set up an instinctive scientific categoriza-

tion, yet in addition a way to deal with decipher transmission impacts in an Efficient Market 

system displaying Yen/USD, to a wide gathering of business sectors. The creators tried the 

theory of Heat Waves and Meteor Shower. The previous 180dentifyes with monetary funda-

mentals, whose must not broad to different business sectors. Conversely, the Meteor Shower 

speculation proposes the inclination of less productive business sectors to inescapable data. 

 

The word ‘conditional Value-at-Risk’ is seen being used in different methods in past literature, 

e.g., in (Stoimenov, 2009; Rockafellar and Uryasev, 2002) which is now usually called the 

Expected Shortfall (ES).  

 

Attempts to get an estimate of VaR have always been centred on parametric models due to 

their traditional and accessible nature. One the most used approach is the industry-benchmark 

Risk-Metrics Morgan et al. (2011), which characterises returns in the future through normal 

distribution which is scaled by Exponentially Weighted Moving Average (EWMA) estimate 

of the market volatility. Despite that pragmatic research discloses the lack to fit of ordinary 

assumption in the financial data, which normally show considerable skewness and kurtosis. 

This encouraged on the development of EWMA-models replacing the old implementations 

with new ones from t-distribution So and Yu (2006), the Laplace distribution Guermat and 

Harris (2002) the asymmetric Laplace-distribution Ciaian et al. (2016), or other advanced par-

ametric distributions. Despite that, Risk Metrics has kept the industry since 1996. Risk Metrics 

is developed around the volatility that has been embedded in the continuous returns via an 

integrated GARCH model with Ordinary inventions, which belong to a broader class of time 
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series of models. Beyond the mention of the integrated GARCH (iGARCH) model Engle and 

Bollerslev (1986), one can quote the Exponential GARCH model (EGARCH) Nelson (1991) 

and the Asymetric Power ARCH model (APARCH) Ding et al. (1993), with the GJR-GARCH 

specification of Chang (2012) as a unique case, each of which are normally known Normal, 

Student or skew-Student innovations. Another group is developed by the Generalised Auto-

regressive Score models recently suggested in (Creal et al., 2012; Harvey, 2013), while other 

optional parametric models for estimating the VaR finally included methods based on Extreme-

Value-Theory, such as Block Maxima Model Demarta and McNeil (2007) or Peak over Thresh-

old models (POT, (Aloui et al., 2013; Chang, 2012) or on quantile regression such as CaViaR 

Engle (2004). Adrian and Brunnermeier (2016) offers a recent thorough review. 

 

Another paper that utilised VaR and Copula by Ciaian et al. (2018) is the sole framework that 

has accounted for the formational correlations and interdependencies among the range of cryp-

tocurrencies. In order for investors to obtain a varied portfolio and understand the microstruc-

ture of the cryptocurrency market, they must be able to fully comprehend the interlinks between 

numerous cryptocurrencies. Price dependency relationships, portfolio value-at-risk of Bitcoin 

and the five key altcoins (Dash, Ethereum, Litecoin, Ripple and Stellar) are all reviewed by the 

paper using regular vine (R-vine) copulas to analyse the risks of financial assets in order to fill 

any knowledge gaps. The paper also addresses specific questions about cryptocurrencies, with 

answers provided in order to understand the potential effect of one on another.  

  

Both our empirical papers have slight differences since our study focuses on Gold and S&P500 

and contrary to Ciaian et al. (2018) directly compares the relationship and dependence between 

Bitcoins and altcoins via the use of an autoregressive distributed lag model (ARDL), which 

analyses 17 virtual currencies against two altcoin price indices between the years 2013 and 

2017. On the other hand, our application of the R-vine copula method is broader and more 

holistic as it examines multiple possible dependencies by quantifying the value-at-risk of six 

cryptocurrency indices. This model implies that there is more co-dependency stated by Al-

Yahyaee (2018) between Bitcoins and altcoins through the use of both C-vine and R-vine 

measures. These contrasting theories allow multiple dependency structures to be formed which 

will allow the portfolio to be viewed in different ways.  
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4.2.1 Research Papers Focusing on Commodity and Stock Exchange 
 
Further we discuss about papers that take gold and silver as commodity market into account 

suing the copula and VaR. The perceptions of current and future uncertainty are concerned 

with by market participants. This indicator of potential uncertainty is option-implied volatility, 

which has drawn much attention in academia (Balcilar et al., 2017; Badshah, 2017; Ji et al., 

2018). Currently, the availability of the option-implemented volatility indices and their trada-

bility have become a key feature of the financial markets. This applies particularly to gold and 

inferior silver, which are important measures for measuring and signalling repeated stress mar-

ket times. In order to hedge systemic risk and uncertainty and as a form of financial diversifi-

cation, these option-implied volatility indexes have been used in the precious metals market. 

Much recently, Dutta (2018) uses optional volatility in a bivariate VAR-GARCH model from 

the gold-silver markets and claims that these markets are prone to return and volatility shocks. 

However, his method fails into consideration for tail dependency and potential heterogeneity 

across various quantiles. This is not the case with the copula quantile regression in upper, me-

dium and lower amounts of tail dependence in high, moderate or low volatility.  

 

The discovering of the structure of dependency between financial variables at a given quantile 

is critical for risk management, pricing and asset prediction. This refers to the price metal mar-

kets, which also shine during times of stress (Baur and Lucey, 2009). Hammoudehet al. (2014) 

show the heterogeneity of precious metals, which mean that the two strategic resources, gold 

and silver, should not be regarded separately. Relevant, there was considerable attention to the 

nature of gold-silver relations, but contentious Zhu et al. (2016), showing both weak and strong 

Lucey and Tully (2006), nonlinear Schweikert (2018), Time Varying Pierdzioch et al. (2015) 

and quantile and tail-dependency in relationship relations (Zhu et al., 2016; Bhatia et al., 2018). 

 

Some studies have analysed the volatility ties between gold-silver returns using standard mod-

els like VAR, ECM, Quantile and GARCH. However, these models often fail to properly cap-

ture tail dependence, especially if the gold-silver joint distribution is non-elliptical and exhibits 

fat tails. The presence of a reliance on thickness is not inherently related to conventional cor-

relation behaviour. As with copula dependency, traditional quantile analysis does not have 

enough information. This is especially significant if the two markets under investigation are 

not beneficially causally dependent at their extremes. Non-linear dependency on quantity is 

necessary to discover where the copulation form and shape connecting the two markets show 
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how quantiles are reduced (Bouyé and Salmon, 2009). In this respect, a copula-quantile regres-

sion is used to detect the rich and complex relation of the implicated CBOE volatility indicators 

of gold-silver. 

 

Just like VaR and ES estimations volatility forecasting has been heavily studied. Engle (1982) 

was the first to consider using the heteroskedasticity as volatility when presenting the ARCH-

model. Since then, a lot of different models has been proposed, such as the univariate and 

multivariate GARCH type models but also simpler models like the EWMA models (Brooks 

2014). Of the proposed methods, the GARCH type models, including the EWMA model is the 

most used (Brooks, 2014, p 428). Even though most of the GARCH type models were intro-

duced in the early 1980s they are still very relevant in volatility forecasting today (Engle and 

Bollerslev, 1986; Portmann et al., 2010; Nelson, 1991). In example, Hansen and Lunde (2005) 

found out that none of 330 other volatility forecasting methods where as useful as the GARCH 

(1,1) when testing on DM/$ exchange rate data and IBM stock prices. But when they updated 

their research method to researching the data set of realized volatility GARCH (1,1) was out-

performed by its asymmetric cousins (Hansen and Lunde, 2005). Yet this realization, drew no 

conclusions about which model was the most suitable after all. They just suggested that differ-

ent models do not set different data sets equally well (Hansen and Lunde, 2001).   

 

It isn’t fundamental to recognise the fact that the optimistic predictions of the virtual commod-

ity market that is developing rapidly has a potential to become cheaper and replace the tradi-

tional market. Commodities not only attracted the consideration of investors and other key 

players of the financial markets sector, but also researchers (Demir et al., 2018). The current 

research on commodities and cryptocurrencies includes the formation of Bitcoin e.g. (Al-

Yahyaee et al, 2018; Balcilar et al., 2017; Bariviera, 2017; Moore and Stephen, 2016); 

(Bouoiyour et al., 2015; Kristoufek, 2015; Ciaian et al., 2018), the information of information 

transmission across commodity and many stock and commodity markets(e.g. (Corbet et al., 

2018) ) technical aspects and stylized facts of commodity markets (e.g. (Blau, 2018; Bariviera, 

2017) the hedging and safe haven properties of commodities, stocks and cryptocurrencies (e.g. 

(Blau, 2018; Ji et al., 2018),the relationship of the volume of return (e.g. (Bouoiyour et al., 

2015), speculation e.g., (Yermack, 2013; Ciaian et al., 2016; Blau, 2018; Corbet et al., 2018), 

the unpredictability of stock returns Katsiampa (2017), market effectiveness e.g., (Urquhart, 

2016; Bariviera, 2017; Nadarajah and Chu, 2017), and its transaction expense Szakmary et al. 

(2003). 
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During the past, researches on the financial futures dependence mostly assumed that futures 

return follows normal distributions and follows random walk processes. And in contrast Ham-

moudeh et al. (2014) research the nonlinear dependence structure between the crude oil market 

and the international gold market, finding that they have positive mutual dependence signifi-

cantly. It is well known that the joint tail risk is mainly determined by the marginal tail risk 

and the corresponding dependence structure among asset variables.  

 

However, they cannot explain the stylized facts in financial futures markets such as the lepto-

kurtosis distributions, heavy tails properties, and volatility clustering effects and so on (see 

Allen et al. (2013) as they don’t have actual facts and figures. Moreover, Fang et al. (2014) 

have found that there is extreme risk as oil returns often have leptokurtic distributions and fat 

tails, and were not in accordance with the normal distribution.  

 

Moreover, the dependences between financial futures returns tend to display nonlinear, asym-

metric and Time Varying characteristics, while the traditional model can only characterize lin-

ear, symmetric or static correlations. Patton (2012) have pointed out that there is a paucity of 

methods in studying risks between a large collection of assets, but the usage of copula-based 

models facilitates the description of high dimensional conditional distributions. Copulas have 

been widely used in risk management, portfolio optimization, and systemic risk (Aas et al., 

2009; Fei et al., 2012; Schepsmeier, 2016; Low et al., 2016; Allen et al., 2013). 

 

The dependence here is based on the perspective of copula models, and it refers to nonlinear 

and asymmetric correlations among variables, including the degree of correlations between 

variables and the risk linkage (see (Aas et al, 2009)). The multivariate GARCH-copula model 

has been widely used in the study of risk transmission relationships due to its flexibility and 

diversity in modelling stated by (Tai, 2010; Choi, 2010; Wang et al., 2013).  

 

It enables the estimation of joint distribution in stages, then reducing the computational burden.   

Since the static copula function assumes that the correlation parameters remain constant during 

the sample period, which often contradicts with realities. In order to more accurately describe 

the dynamic interdependence of financial assets, scholars began to turn to dynamic copula 

methods to characterize the dynamic features of risk dependence (Hu, 2006; Chang, 2012; 

Hafner and Manner, 2010). Patton (2006) extended Sklar’s theorem to construct a Time 
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Varying conditional copula model to study the interdependence of exchange rates. As ob-

served, it was found that the dynamic copula model generally outperformed the static copula 

model when describing the related asset’s structure. Wang et al. (2013) studied the dependence 

of international commodity prices on the US dollar exchange rate market, and pointed out that 

the conclusions drawn from dynamic copula are more economical. In addition, Aloui et al. 

(2016) concluded that constructing the copula GARCH model to dynamically examine the 

condition dependent structure between the commodity price and the US dollar exchange rate 

can improve the accuracy of the VaR prediction. Aas et al. (2009) studied the time variation of 

copula parameters using a hybrid parameter method. Consequently, when using the copula 

function to analyse the interdependence of financial assets, it is necessary to analyse the dy-

namic changes of dependent structures through Time Varying copula parameters.   

 

In addition, in capturing the complex behaviours of multivariate systems, time variance of 

model parameters is important. There are stochastic copula models with regard to how the 

specified parameters of the dynamic model evolve over time (see (Hafner and Manner, 2010; 

Guermat and Harris, 2002) that allow latent process parameters and copula models of the 

ARCH form that model the parameters as a function of lagging observables. Creal et al. (2012) 

recently implemented a class of observation-driven generalised auto-regressive score model 

into the copula function to make the parameters changeable, the mechanism of which is to 

adjust parameters over time by using the scaled probability score function. He argued that the 

role of the scaled score is an appropriate option for Time Varying parameters, which has a 

distinctive advantage in preventing the terms of innovation from being integrated. Patton 

(2016) showed that the GAS method can be motivated theoretically through minimizing the 

divergence between true density and model implied density. On the basis of this, Oh and Patton, 

(2016) introduced the GAS model to characterize the dynamic changes of the copula parame-

ters, and used copula based dynamic model for multi-dimensional distributions to measure the 

systemic risk. It is understood that in financial applications, the true innovation is normally 

heavily tailed. However, the above analysis, which takes into account the complex dependency 

of tail risk, does not simultaneously take into account the peak and thick tail characteristics in 

the distribution of returns. Although the financial time series data actually exhibits peculiar 

characteristics, that is, the distribution of individual returns displays skewness, extreme kurto-

sis and asymmetry, which must be taken into account at the same time. 
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Lately an increasing body of proof, studies and literature review of the non-normality of finan-

cial returns has recently been integrated into the theory of copula. The Skew t distribution, the 

Student t distribution, and the generalised error distribution (GED) were introduced into sto-

chastic volatility models in order to capture the leptokurtosis and heavy tails properties in fi-

nancial returns in terms of defining the fat tail attributes of financial future returns (Tzang, et 

al., 2016; Rockafellar and Uryasev, 2002), For example , in order to characterise the marginal 

distribution of the fund’s overnight earnings and trading returns, Thiele (2019) adopted the 

GARCH-t distribution, as well as using a dynamic copula model to characterise the Time Var-

ying dependency structure in the analysis of tail distribution and return interdependence. In the 

binary case, Kresta and Tichy (2012) suggested the Levy copula principle and used the Levy 

stochastic distribution to model the thick-tailed, asymmetrical financial variables. While cop-

ula functions were used to model the jumping part correlation structure, the copula function 

used is still a static copula function. As for the heavy-tailed financial returns developments, 

Bouyé and Salmon (2009) explicitly assumed that multivariate Skew t distribution accompa-

nied the joint distribution of assets to analyse portfolio selection. Francq and Zakoïan (2013) 

proposed that the mechanism of returns follows the ARMA-GARCH mechanism with multi-

varying normal tempered stable distribution developments to research the optimal problem of 

the portfolio. But the nonlinear correlation relationship between variables, which had great 

limitations, was not considered (see (Mensi et al., 2015). What can be shown from previous 

studies is that asset returns, uncertainty clustering, and dynamic Time Varying nonlinear de-

pendence are seldom considered at the same time as the marginal thick-tailed nature. In addi-

tion, there is still no consensus about what approach should be selected for academics and 

practitioners to determine the hedge ratio of futures that cover these distributional features. 

Based on this, this paper combines the Time Varying GAS copula approach with the heavy 

tailed GARCH models to analyse the dynamic dependency and tail risk of future returns, taking 

into account the dynamic dependent structure of asset variables, and compares the fitting per-

formance of the Time Varying copula models with constant copula models. Through the GJR-

GARCH-Skewed-t model, the tail characteristics of the marginal risk are described in addition 

to the consideration of the nonlinear dependency structure between the distribution of returns 

on financial assets, which compensates for the shortcomings of current studies. In addition, 

from an analytical perspective, we study tail dependence and risk measurements of Gold – 

S&P500 futures under the heavy tailed condition, further calculating the dynamic hedging ef-

fectiveness of Gold – S&P500 futures on the basis of Time Varying copula models (refer to 

chapter 3 section 3.6.9)  



 187 

 

The contributions of our studies to the previous literature include two aspects. On the one hand, 

using the GJR-GARCH-Skewed-t GAS copula model, which considers the leptokurtic function 

and clustering effects (most of this is discussed in chapter 2 - Section 2.3.5.5) of the distribution 

of financial returns, we empirically analyse the extreme tail risk, tail dependency structure and 

hedging effects of Gold- S&P500 futures. Evidence for investors and regulators to improve 

risk management can be generated by the results. On the other hand, we use the modified quasi-

maximum probability estimator to adjust the two-stage estimation method for the heavy tailed 

GARCH model in order to increase the computational accuracy for parameter estimation. 

Rockafellar and Uryasev (2002) have suggested CVaR as a degree of elective hazard that's fa-

vored to the common VaR concept. A CVaR-based upgraded portfolio as it were punishing for 

the misfortune (i.e., the drawback chance), and not the pickup (i.e., upside chance) within the 

portfolio return dissemination. It is related to but is prevalent to the VaR for optimisation ap-

plications for a few reasons. Firstly, the VaR tends to fulfil the four properties of a coherent 

hazard degree; interpretation in- change, monotonicity, subadditivity and positive homogene-

ity (Larsen et al., 2015). Besides, the VaR is able to portray a misfortune of X or more note-

worthy than this, and in this way, this final clause tends to be overlooked in most cases when 

individuals cite the VaR. VaR, on the opposite, is a gauge of the estimate of the tail misfortune, 

which gives a more exact gauge of the related hazard. Within the existing writing, common 

strategies of calculating the VaR regularly comprises of the variance-covariance, chronicled 

and the Monte Carlo re-enactment (Chernozhukov and Umantsev, 2001; Zhu et al., 2016). 

Calculating VaR too includes an estimation of the tails of the joint dispersion among the min-

imal returns (i.e., the profit of each farm that's considered within the issue). Nevertheless, the 

change- covariance and chronicled recreation strategy have a few degrees of restrictions, which 

might not be continuously sensible, and essentially genuine. For illustration, the variance-co-

variance strategy expects the returns to be ordinarily distributed, which can be risky from a 

common-sense point of see. This is often since numerous budgetary returns have stretched and 

broadened tails within the dataset so a typical conveyance presumption can truly think little of 

the measure (and the urgent part) of the tail conclusion of the information (Allen et al., 2013; 

Süss, 2006; Bouyé and Salmon, 2009).  Recreations based on chronicled information too ex-

pect that the disseminations of the returns within the future are similar to those within the past. 

Moreover, in most cases, there are generally few information focuses that are display in, for 

case, the 0–5th percentile, or extraordinary tail of the dissemination. The Monte Carlo strategy 

is hence favoured in such circumstances since it is able to calculate the VaR in a comparative 
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mould to chronicled recreation, whereas too being based on the arbitrarily producing scenarios 

from a show whose parameters are procured from the chronicled information.  

 

According to Sklar (1959), marginal distribution which analyse all series in part and a copula, 

the connection between them, are the elements of multivariate distribution function. Copula is 

a unique tool that can connect the edge points and create vulnerability in every section of the 

chain (Delatte and Lopez, 2013). Nelson (2006) completed, copula represents a constant line 

with slight deformation at the edges repeated in certain gap of time or position. Copula’s func-

tionality requests a vector of any X variables with marginal distribution functions using dia-

gram algorithm, Bhatia et al. (2018) creates the R-vine to deal with incapability of the C-vine 

pair copula when coping with complex models, that has a different issue, static essence.  

 

Another problem is the calculating power needed to extract the details of the model. The prob-

lem may be solved by dividing the model to a simple form. Allen et al. (2013) suggests a level 

K, where by passing it, the R-vine will be simplified due to replacing pair-copulas in a single 

separate one. The formed copulas are much efficient in terms of reading and analysing and are 

called Gaussian copulas. Masarotto and Varin (2012) divided the useful data can be Alkaike 

information criteria (AIC), Bayesian information criterion (BIC), and likelihood-ratio based 

tests. 

 
As specified over, the non-linear interdependency at the tails between the minimal returns have 

to be captured more viably relative to routine approaches in arrange to get exact estima-

tion of CVaR. This requires a strong multivariate expectation show that's competent of com-

pletely capturing the joint reliance structure among the related factors. A customary approach 

commonly depends on the utilization of a multivariate-normal conveyance that accept ordinar-

iness of the considered variable(s). In any case, there's no question that the agrarian costs and 

crop yields have been appeared to be non- ordinarily disseminated (e.g., (Goodwin and Hun-

gerford, 2014)), and so, any approach that does not consider this critical information impedi-

ment perspective can lead to incorrect conclusions. Luckily, copula capacities (that can dissect 

non-linearity in multivariate information) is able to supply an elective measurable approach to 

displaying the joint dispersion of multivariate datasets, permitting one to indicate the mar-

ginal conveyance among the tried variable and their reliance structures independently. Due to 

their particular merits in displaying multivariate joint conveyances, copula-based models have 

been connected broadly in numerous areas such as protections and monetary chance displaying 
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(Hu, 2006; Kole et al., 2007), hydrology and water assets (Chowdhary et al., 2011; Favre et 

al., 2004), dry season ponders, rural and precipitation determining (Bessa et al., 2012; Janga et 

al., 2011; Janga  et al., 2011; Nguyen-Huy et al., 2017; Vergniet al., 2015; Nguyen-Huy et al., 

2018).  

 

Another study demonstrates the moving instrument between monetary market vulnerability the 

utilization the contingent worth in danger (CoVaR) approach proposed by Adrian and Brun-

nermeier (2016) to uncover the size and bearing of time-fluctuating deviated hazard overflow. 

To all the more completely understand the moving system between monetary market vulnera-

bility and the market, the researchers basically thought about two proportions of monetary 

market vulnerability: the EURO STOXX 50 Volatility Index (VIX) and the Chicago Board 

Options Exchange raw petroleum instability file (OVX). Basically, these vulnerability pointers 

reflect information about recorded unpredictability and furthermore reflect speculator senti-

ment (Liu et al.,2017; Maghyereh and Al‐Zoubi, 2006). Since the market is exceptionally re-

lated with the energy market (Aatola et al., 2013; Kim and Koo, 2010; Seifert and Uhrig-Hom-

burg, 2006; Tian et al., 2011), an examination is needed to decide the distinctions in the un-

assurance moving systems of these two vulnerability pointers.  

 

Some of the other researches show examinations have archived hazard overflow between un-

sureness’s and energy advertises by utilizing copula EGARCH-based CoVaR approaches 

(Aloui et al., 2016; Liu et al., 2017; Ji et al., 2019). In any case, these examinations have ne-

glected to explore the function of vulnerabilities in the danger overflow system in the com-

modity market. For instance, Aloui et al. (2016) give proof that an expansion in financial ex-

change and monetary arrangement vulnerability (EPU) builds unrefined petroleum returns. 

Conversely, by utilizing EPU, VIX, and OVX, Ji et al. (2019) show that the energy cost dimin-

ishes as vulnerabilities increment. As shown in the investigations of (Pástor and Veronesi, 

2013; Jurado et al., 2015), monetary vulnerabilities assume a focal part in macroeconomic vac-

illations, which considerably influence the business cycle. Since the commodity market value 

displays procyclicality, examining deviated hazard overflow gives improved comprehension 

of vulnerability move systems as well as a successful danger the board instrument. 

 

But there are several studies which have different findings. Pérignon and Smith (2010) in an 

exceedingly study on US using cointegration and Granger Causality found a rather inverse 

relation between the stock price and gold prices. in an exceedingly related study on Europe and 
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Japan, using cointegration and Granger Causality Pérignon and Smith (2010) found that within 

a short duration there was a negative relation between gold prices and also the securities market 

within the short run, but within the long term the connection wasn't significant.  

 

While the degree and direction of relationship remains arguable, another important dimension 

from which this relationship should be seen through is from the attitude of relatively abundant 

oil exporting countries because the country of interest during this study is Asian country. Com-

modity prices have an inclination to manoeuvre together as they're driven by general macroe-

conomic factors like interest rates, exchange rates and inflation (Hammoudeh et al., 2010). 

Gold has a vital place among the most valuable and is even taken to be the leader of precious 

metals as there's a parallel movement between gold and other precious metals (Sari et al., 2010). 

Investors from advanced and emerging markets frequently move between gold and oil and also 

combine them to diversify their portfolios (Sari et al., 2010). Nguyen (2010) found that oil 

prices have an inclination to in hence various sectors like, oil and gas, financials, industrials 

and utilities, although but, the degree and also the direction of the effect was different for var-

ious sectors. during this respect the effect of oil prices for oil exporting countries becomes 

interesting.  

 

The increase in the prices of commodities such as an increase in oil price will have a positive 

effect in an oil-exporting country, because the income of the country increases which might 

cause a rise in expenditure and investments, enhancing productivity and employment. As a 

results of all of those the stock markets respond positively. Szakmary et al. (2003) are of the 

opinion that gold and oil function substitutes to investments in US dollar value as they're safer. 

Arouri et al. (2012) found that oil prices don't have a bent of affecting GCC stock markets and 

hence can't be used as predictors. Li and Wei (2018) found that oil price shocks of positive 

nature had a positive impact on the stock exchange performance of GCC countries. (Aloui et 

al., 2013; Mishra, 2019) found a bidirectional relationship between stock markets and oil 

prices, in oil exporting countries. Hammoudeh et al. (2014) opined that major event that result 

in changes in oil prices have a propensity to extend the volatility of securities market in GCC 

countries.  

 

Precious metals especially gold is also expressed in US Dollar. Shrydeh et al. (2019) which 

assess the role of gold as a hedge against the US dollar by estimating elasticities for a model 

of the responsiveness of gold to changes within the rate. Shrydeh et al. (2019) find that gold 
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has within the past acted as an efficient hedge. However, their approach takes the shape of a 

single-equation model during which the independent variable, the rate of exchange, is assumed 

to be unaffected by the time path of the variable quantity, the worth of gold. Both oil price, 

gold is leading economic variables, which drive the evolution of the globe economy. Their 

changes profoundly affect international trade and economic activity all told countries. Li and 

Wei (2018), using annual data, examine the pass-through of crude oil rates changes to the worth 

of 35 internationally traded primary commodities. He finds that the value of precious metals, 

in particular, gold, responded strongly to the crude price. Through three volatility models from 

the generalized autoregressive conditional heteroskedasticity (GARCH) family, Hammoudeh 

et al. (2010) studied the impact of oil prices and charge per unit shocks on gold returns and 

therefore the volatility of gold returns. For daily data and using an exponential general auto-

regressive exponential heteroskedasticity (EGARCH) model, they find that oil price shocks 

had an insignificant effect on gold returns and reduced the volatility of gold returns. Sari et al. 

(2010) study, for Turkey, the link between oil prices and gold, silver and other macroeconomic 

variables using a vector autoregressive model to look at the short-run and long-run relation-

ships between metal prices and therefore the oil price. They report that the globe oil price had 

no predictive power over precious metal prices within the Turkish economy. 

 

In spite of the fact that copula strategy may be a prevalent tool in monetary chance writing in 

common additionally in portfolio examination (Boubaker and Sghaier, 2013; Huang et al., 

2009; Kresta and Tichy, 2012), its application in agri- social hazard administration and trim 

protections angles are generally later (Goodwin and Hungerford, 2014; Nguyen-Huy et al., 

2018; Okhrin et al., 2012; Vedenov, 2008). Moreover, the distributed writing in this region 

appears restricted inquire about has been undertaken with respect to the application of copulas 

in geologically diversifying dangers in horticulture. In show disdain toward of this, a few pon-

ders are particularly outstanding, for case, Larsen et al. (2015) proposed a copula- based mean-

CVaR model to examine the potential benefits of chance reduction employing a geological 

broadening procedure for the case of a US wheat cultivating situation. The creators connected 

multivariate Archimedean copula show and compared it with a conventional multivariate-nor-

mal demonstrate as a benchmark device. The mean-CVaR enhancement comes about indi-

cated the adequacy of topographical enhancement in hazard management procedure from a 

farm's negligible return perspective. It was not shocking to note that the multivariate-normal 

show driven to an under estimation of the least level of related hazard confronted by the wheat 

rancher at a given level of rural benefit. Vitally, the think about concluded the copula- based 
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demonstrate performed more appropriately for extraordinary misfortunes of the cultivate 

productivity. Be that as it may, the multivariate Archimedean copulas accept the same reliance 

parameter among the combine of factors. This sort of presumption is unreasonable in down to 

earth situation (Hao and Singh, 2016; Zhang and Singh, 2014; Nguyen-Huy et al., 2018).  The 

volatility of the S&P500 Index is not significantly dependant on spill-over from the gold mar-

ket as results have previously shown.  Research methods such as VAR, the multivariate 

GARCH model and the Granger causality test are often used when researching multi-market 

relativity. Non the less, these methods cannot provide accuracy when it comes to describing 

the non-linear dependence of financial markets. Moreover, studies from specific multivariate 

distribution are required for the multivariate GARCH model. Copula methods have now been 

introduced in new studies in order to describe the nonlinear dependence among financial assets. 

The traditional binary copula is regarded as a “dimensional disaster” whereas the multivariate 

copula still has flaws such as the lack of flexibility and accuracy. Ringrose and Joe (1998) 

address the problems discussed above by proposing that some pair-copula construction mod-

ules can be composed from a multi-variable joint distribution. 

 

In this paper, we centre on Gold and S&P500, gold considered to be an essential commodity 

in the world. Be that as it may, gold is for the most part developed and undeveloped countries, 

apart from commodities like wheat in drylands in Australia (i.e., as a rain- bolstered trim) that 

shows one of the world's most extraordinary variable climate conditions (Portmann et al., 2010; 

Turner, 2004). Be that as it may, to the leading of the authors' information, the adequacy of 

geological diversification counting the mean CVaR enhancement in hazard administration pro-

cedure has not been inspected in Australian and other parts of the world cultivating settings. 

The display hence, uses the modern vine copula strategy in Monte Carlo recreation approach 

for calculating the comparing esteem of CVaR. This approach permits to arbitrarily produce 

the scenarios of the negligible returns of gold commodity based on their joint dispersion. The 

essential justify of vine copula demonstrate (Nguyen-Huy et al., 2017, 2018) (in comparison 

to the other sorts of multivariate copulas) is that it permits the integration of diverse bivariate 

copulas for the displaying of the adaptable reliance among the pairwise variable neglecting the 

minimal choices contrasts (Bedford and Cooke, 2002).    

 

To answer this challenge, scholars incorporate utmost value theory, copula function and other 

methods into VaR. In the example, the tail loss is added. In recent years, the use of quantile 

regression tactics has improved the applicability of the VaR method. Schweikert (2018) used 
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the quantile regression technique to measure the daytime VaR of various securities and gained 

back test results supporting the method. Bouyé and Salmon (2009) combines quantile regres-

sion with nuclear estimation for extreme quantile prediction Okhrin et al. (2012) believe that 

the holding period and volatility will affect the measurement effect of multi- period VaR, and 

a nonlinear quantile regression model is proposed. Also, the current research has different ef-

fects on the risk measurement of historical simulation methods, and there is also a lack of strong 

explanation for the findings. 

 

Different investigations have zeroed in on dissecting the factual qualities of other commodity 

returns. On this point, the writing takes note of that Bitcoin's return likelihood dispersion is 

different from the conventional money dissemination, which is more like the ordinary circula-

tion. Nonetheless, Bitcoin's return likelihood dissemination is slanted and shows a serious level 

of kurtosis. In this sense, the Bitcoin dissemination is more like the appropriation of conven-

tional resources (stocks, bonds, and wares), in spite of the fact that it displays a higher normal 

return, higher instability, and fatter tail, which implies that putting resources into Bitcoin in-

cludes more serious danger than putting resources into customary resources (European Central 

Bank (ECB), 2012).  

 

There is likewise a gathering of studies that have examined the connections between the dif-

ferent commodities market and the securities exchanges. These examinations have delivered 

two strands of the writing. The first strand sets the solid connection between the Bitcoin and 

securities exchanges (Bouri et al., 2017). The second strand of the writing depicts a frail con-

nection among Bitcoin and securities exchanges, with the goal that Bitcoin may go about as a 

support resource against the stock value developments (Al-Yahyaee et al., 2018; Barber, 2015; 

Bouri et al., 2017; Beneki et al., 2019). Thusly, as contended by (Bouoiyour et al., 2015) the 

writing to this respect is not just youthful yet in addition not definitive.  

 

In this chapter, we investigate the capacity of Gold index and S&P500 to go about as a diverse 

cation resource and support against stock resources hazard. The inspiration for this investiga-

tion is that, as the writing calls attention to, securities exchanges are presented to macroeco-

nomics factors, for example, government or financial strategy. In any case, Gold and S&P500 

return probably will not rely upon such factors, but instead by theoretical and gracefully and 

request factors. The way that these business sectors rely upon factors so different opens the 
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opportunities for the Gold index and S&P500 market to be a wellspring of diverse cation 

against the danger of the financial exchanges.  

 

The above-referred to papers study the capacity of Gold index and S&P500 to go about as an 

enhancing or supporting resource utilizing the Dynamic Conditional Correlation (DCC)- GAS 

Copula model. This model probably will not be suitable for estimating reliance on whether the 

bivariate ordinariness assumption on the joint circulation does not hold. Furthermore, this strat-

egy encourages us in inspecting the reliance structure between business sectors when there 

exists a direct connection between the marginals of the arrangement under investigation. Be 

that as it may, when the connection between the marginals is not direct, this model will not 

have the option to restore the right outcomes. Considering, we lead our examination through a 

copula investigation that suitably portrays the reliance structure (also discussed in chapter 3) 

between financial resources (e.g., (McNeil and Frey, 2000; Jondeau and Rockinger, 2006; 

Frahm et al., 2005). Besides, we direct a steady and time-changing copula model, which per-

mits us to survey the time-fluctuating nature of the diverse and fence properties of Gold index 

and S&P500.   

 

There are in any event three preferences to utilizing copulas for investigating the reliance (the 

copula technique can catch the complex and non-straight reliance structure of a multivariate 

circulation; 2) the minor conduct and the reliance structure are isolated by the system of copu-

las, facilizing both the model specification and the model assessment (the assessment can be 

acted in independent strides for the peripheral models and copula capacities); and 3) copulas 

are invariant to expanding and ceaseless changes (De Lira et al., 2015) for example, the scaling 

of logarithm returns, which are generally utilized in financial matters and examines.  

 

The targets of the investigation are: 1st, to comprehend the relationship, assuming any, of the 

Gold index and S&P500 market with the significant securities exchanges on the market; sec-

ond, to build up the significance of copula capacities regarding direct connection in under-

standing this relationship; and third, to examine the conceivable outcomes of diverse cation 

and support that Gold and S&P500 market to financial specialists.  

 

Our paper adds to the writing in a few different ways. This paper is one of the studies to utilize 

time-fluctuating copula models for surveying the properties of Gold and S&P500 as a diverse 
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and support resource. Further, the investigation is exceptionally extensive data and the use of 

the ES-VaR model. 

 

The overall class of factor copula models proposed by De Oliveira et al. (2018) clarifies the 

reliance structure (for further details refer to chapter 3 section 3.1) of high dimensional factors 

regarding a couple of dormant factors. Because of the adaptability of copula capacities, factor 

copulas can catch well the connection alongside the tail co-development in outrageous func-

tions. Since the Gaussian factor copula model by Hull and White (2004), factor copulas have 

been stretched out to fit with various qualities of information, for instance, spatial reliance of 

temperatures in De Oliveira et al. (2018) spatio-transient reliance information in De Oliveira 

et al. (2018) mortality reliance of different populaces in Andersen (2001) conduct reliance of 

thing reaction in Abad and Benito (2013) extraordinary reliance of waterway streams , and 

money related time arrangement reliance in (De Michele et al., 2013; Creal et al., 2012; Oh 

and Patton, 2017; Nguyen et al., 2019) among others. In contrast with the shortened plant cop-

ulas proposed by Brechmann and Czado (2014) the factor copula model is an elective copula 

model which gives closefisted and interpretable financial implications. 

 

Bouri et al. (2017) looked into the dependence of a number of the global charges for gold, 

crude oil, the USD–INR alternate price, and the inventory market in India. The dynamic con-

temporary linkages have analysed the usage of popular, exponential, and beginning models, 

and also the lead-lag linkages have tested the usage of ordinary and uneven Non-Linear cau-

sality assessments. Empirical analyses show a decline in gold fees and crude oil charges pur-

pose a decline within the fee of the Indian Rupee and Sensex. 

 

Mensi et al. (2017) explore co-actions among three commodities implied volatility indexes 

such as oil, wheat, and corn. For this objective, they comprise the wavelet and copula method 

to analyse the moves of the tail dependence at diverse scales or funding horizons. Their finding 

helps the affirmation of time-various asymmetric tail dependence among oil and the two forms 

of cereal in addition to among the pair of cereals at exclusive time horizons. Long time horizon, 

medium-term horizon, and brief-time period horizon offering that the dependence shape is sen-

sitive to time horizons. Mishra (2019) explores the Time Varying relation between commodity 

shares by means of introducing a brand-new empirical technique that incorporates generalized 

autoregressive score copula capabilities with high-frequency statistics. 
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Exploration of the dynamic dependence amongst agricultural markets, international oil and 

steel markets is the work of Mishra (2019). For this reason, the wavelet squared coherence 

method is hired to inspect the interdependence stage and lag–lead relationship of three markets 

throughout time at exclusive horizons. Additionally, they include wavelet and copula to ob-

serve tail dependence among three markets at numerous time-frequencies. Their finding shows 

that the global commodity oil market leads metallic markets in parallel with agricultural raw 

fabric markets. He also explored the dynamic dependence among the worldwide oil market-

place and China’s commodity market on the industry level through the usage of a DCC-GJR-

GARCH model. Their finding suggests the lengthy-term time-various courting in volatility be-

tween the worldwide oil market and China’s commodity sectors. They discovered evidence 

that diverse portfolios can help us to decrease dangers correctly, and the performances of port-

folio diversification strategies range throughout specific time frequencies. Ma and Wang dis-

cover the co-moves between charges of crude oil, steam coal, herbal fuel and iron ore, the 

Chinese RMB, and the Australian dollar alternate rates. Dependence systems are tested and in 

comparison, using copula features. Their locating shows that the upward push in commodity 

fees coincides with an upward push in the Australian greenback and a drop inside the Chinese 

language. 

 

Ji et al. (2018) examined the dynamic dependence among WTI crude oil and the exchange 

quotes of the U.S. and China, thinking about structural adjustments of dependence with the aid 

of using six Time Varying copula fashions. Drawback and upside conditional Values-at-Risk 

are proposed exactly to measure the downward and upward risk dependencies among oil ex-

penses and alternate costs. Their consequences show that a structural wreck-point of depend-

ence exists between weekly or day by day commodity market prices and the U.S. dollar index. 

similarly, they determined extreme dependence between crude oil and change prices and proof 

of sizable danger spill-over from crude oil to Chinese language alternate charges is located. 

Further investigations on how oil as an international economic factor influences the charged 

conduct of agricultural commodities consisting of maize, wheat, rice, and soybeans, below ter-

rible and desirable market situations. They determined proof of symmetry in the tail depend-

ence among variables, and of asymmetry in the spill overs from oil to agricultural commodities 

that increase all through the monetary disaster. 

 

The research demanding situations of efficient market speculation in the context of Dow Jones 

quarter ETFs indices. For this reason, they appointed the generalized Hurst exponent and 
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multifractal de-trended fluctuation analysis (MF-DFA) techniques, to evaluate zone ETF indi-

ces in phrases of market efficiency, the usage of everyday records ranges from 2000 to 2015 

(Tiwari et al., 2017). Aloui et al. (2016) check out the volatility forecasting for crude oil and 

gasoline alternate-traded finances. Their examination employed the unique volatility forecast 

of crude oil or natural gas raised by means of the averaging model as an alternative consisting 

of facts handiest. 

 

Dependence between Gold index and S&P500 and different stock and commodity market has 

been defined in a great deal by using different methodologies such as GARCH and Copula 

methodologies. However, the copula method has not been used for exploring the connection 

among Gold and S&P500 costs. We have recognized that the research on Gold and S&P500 

costs has no longer been discussed up to now. therefore, exploration of this relationship to-

gether with using the GARCH-Copula GAS hybrid method along with the use of ES-VaR 

model is novel to this observation as there's no take a look at which deals with the effect of 

Gold index and S&P500. 

 

The Bayesian method can also help to retrieve the hidden structure in factor ES-VaR and cop-

ula models which indicates an advantage over the proposed maximum likelihood estimation. 

Starting with arbitrary bivariate connections, we obtain the posterior modes of the latent fac-

tors. Then, we seek for the best bivariate copula functions between the measurable variables 

and the latent variables considering that the values of the latent variables are set at their poste-

rior modes. We apply the new dependency structure to the results, estimate the factor model 

and conduct the copula selection until the bivariate copula linkages remain the same. We pro-

duce simulation experiments in various contexts to prove that the procedures of bivariate cop-

ula selection may be very effective. We also used the Hybrid Copula and ES-VaR model to 

make it easier to estimate the factor copula models.  

 

For the cross-asset diversification of investment portfolios, the pattern of dependency and risk-

sharing arrangement among commodities and international stock markets are extremely signif-

icant. Indeed, while countries may be partly affected by global economy volatility, reliance on 

country-specific stock markets and global commodity prices may be minor, particularly when 

share markets have not a substantial weighting composition of the particular commodity.  
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The structure of dependency between stock exchanges and gold returns is discussed in this 

document (tail versus average). Traditionally, gold is seen as a strong choice for savings with 

a long-term portfolio. The gold is distinguished by its clear negative relations between stock 

and Gold in times of highly volatile market conditions, by (Baur and Lucey, 2010; Boako and 

Alagidede, 2016). Although the literature about economics confirms that gold will be secure 

during stock-market downturns (Baur and Lucey, 2009; Baur and Lucey, 2010; Boako and 

Alagidede, 2016; Nguyen et al., 2016; Bouri et al., 2017; Troster et al., 2019) literature is quiet 

about how an investor tries to maximise the gold and equity portfolio. Understanding how the 

gold equity fund can allow literature to deepen and advise decisions on future investment.  

 

Several experiments have been conducted over time for multivariable GARCH models on de-

pendency in foreign capital markets (Yang and Hamori, 2013; Syllignakis and Kouretas, 2011; 

Boako and Alagidede, 2016; Mensi et al., 2017). A significant drawback of this method how-

ever is its assumption of a symmetric regular multivariate distribution or Student-t (Patton, 

2006; Garcia and Tsafack, 2011) as the return patterns on properties. The multivariate GARCH 

models can become unreliable if the distribution of financial returns is heavy, non-linear and 

asymmetric (Huang et al., 2009). 

 

In comparison to linear correlations in the multivariate analysis, the copula approach offers 

two main benefits. First, the marginal distributions can be modelled independently and their 

dependency arrangement can promote the differentiation of their respective factors. Second, 

the copula feature completely captures variability interaction between them (Jondeau and 

Rockinger, 2006; Basher et al., 2014; Aloui et al., 2016; Boako and Alagidede, 2016; Boako 

and Alagidede, 2018).  

 

Although these studies were successfully conducted to investigate certain types of addiction, 

the types of copula model used are based on the Gaussian properties that empirically lack a 

sufficient tail dependence (Bouyé and Salmon, 2009). The total tail dependency improves on 

current copulas, which can only model asymptotic dependency or asymptotic freedom. It calls, 

however, for a modern approach that models the upper and lower sides in a similar manner 

(Okimoto, 2008).  

 

The research discusses, in addition to the Stochastic copulas derived from Hafner and Manner, 

the dependency mechanism between the stock market returns and gold returns in eight 
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countries. In both lower and upper tails and asymmetry of tail, our full range copula models a 

broad range of tail dependency. We use two newly-developed complete tail dependencies, in 

particular. Firstly, one based on Hua (2017) built on the combination of two random gamma 

and two exponential variables. A random vector, the margin of which is combined with four 

independent Pareto mixture of a random variable, induces (Su and Hua, 2017). 

 

It is, nonetheless, obvious that the risk that some exchanging exercises differs to changes ac-

cording to the market conditions. Thus, it is crucial to survey that risk conditionally on some 

extra factors, reflecting the most recent accessible data about the financial climate (Chernozhu-

kov and Umantsev, 2001; McNeil and Frey, 2000; Huang et al., 2009). 

 

Our research adds significantly to the literature. In the best of our understanding, this is the 

first research to explore empirically the structure of depending on full-scope tail dependency 

between S&P500 and gold index since it was adopted in 2017 and to look at Hafner and Man-

ner's stochastic copula models (2012). The implementation of mixed copulas first helps ensure 

the modelling dependency, as copulas make marginal distributions (MD) modelling separately 

and the resulting dependence structure. So, we can model every MD and then use it in a par-

ticular copula to diagnose the dependence, so that dynamic non-normal distributions can catch 

addiction and probably show co-movements between financial variables. Second, Clayton, 

Frank and Gumbel 's findings in chapter 3 strengthen the degree and composition of the de-

pendency that means that the variables step together through a slowdown and / or upturn in the 

economy. Third, the functions of copulas are invariant under data transformation, which en-

sures that under some kind of transformation the dependency structure does not change, whilst 

linear correlation cannot do the necessary work. The Hybrid copula and ES-VaR models can 

also examine the stochastic functional dependency between the effects of gold index and 

S&P500.  

 

By expanding past thinks about within the setting of agrarian abdicate displaying and regular 

precipitation determining thinks about in the world (Nguyen-Huy et al., 2017, 2018), the points 

of the show ponder are as takes after. (1) To explore the viability of the GARCH diversification 

procedure in diminishing dangers in Gold index and S&P500. (2) To illustrate a vigorous fac-

tual strategy, the copula-based VaR show, for measuring ideal sum of expansion required for 

given level of chance. (3) To compare the conventional multivariate-ordinary, multivariate 

GAS copula demonstrate in re-enacting the extraordinary misfortunes. The copula-based 
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VaR approach is expected to perform way better and give encourage experiences into moving 

forward customary multivariate-normal models that belittle the least hazard levels at a given 

target of benefit.  

 

This chapter will assess the market risk measurement effect of GAS Copula when the market 

volatility changes and try to describe the test results from the perspective of volatility change. 

The first part is the introduction of this paper, expounding the two main development directions 

of the VaR method. The second part introduces the literature review on VaR and the discussion 

on calculation process of GAS Copula and Expected Shortfall ES replication method. The third 

part discusses the calculation principle of VaR and the calculation process of GAS Copula and 

Expected Shortfall ES replication method and the conducts a back testing test on the risk meas-

urement effect of the hybrid Copula method under the three conditions of constant market vol-

atility, market volatility and market volatility, and infers the empirical results from the per-

spective of volatility change. The last part gives the decision of the study. 

 

This paper selects the 7296 returns of Gold Price Index and S&P500 from the start of 1992 to 

the start of January 2020. The VaR value is calculated by the GAS Copula and the Expected 

Shortfall ES process for the two market. Then the probability ratio test method is used to con-

firm the risk of the two methods. The dependability of the forecast is compared in more detail, 

and the empirical results are explained from the view of volatility changes. 

 

Our methodology has certain advantages. First, it is known for their variety and asymmetric 

properties that a wide range of copula group, such as the two-parameter family of GAS copulas 

is collected. Second, it allows the study of the entire conditional distribution at different 

amounts instead of limiting the analysis of the intermarket reliance structure to standard tail 

region dependence tests. Third, it explores the static as well as the dynamic connexions, which 

show precisely possible extreme tail dependencies in asymmetrical quantities. Our starting 

point is the combined distribution of the non-Gaussian gold index and S&P500 implied vola-

tility (see the data section). The next segment explains the theoretical framework. 
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4.3 Theoretical Framework and Estimation Method 
 

VaR depends on the extreme value theory, which focuses on understanding the possibility of 

the extreme deviations from the median value of a given scenario. The EV (extreme value)7 

theory generally takes the scenario into account under the normal distribution, with the Gauss-

ian curve describing the probabilities of the deviation. The tail risk, which is the left extreme 

with the negative deviation, is taken into account, but the rest of the deviation on the negative 

side, which indicates loss, is ignored. This dependency of the VaR value on a theory that de-

pends on normal distribution is a drawback, as normal distribution fails to describe the scenar-

ios adequately all the time. 

 

 
Table 4. 1 Structure of ES-VaR model by Patton, Ziegel and Chen (2018) 

 

4.3.1 Data   

 

In this study, we utilized the data from two of indexes Gold Index and S&P500 index from the 

period of 1992–2020. The broad indexes of gold index and S&P500 portfolio management by 

investors throughout the world,  where the gap appear in different financial crisis situation for 

 
7  
Extreme value theory (EVT) is a tool used to determine probabilities (Risks) associated with extreme events. It 
is used by Investors in situations where there is/expected to occur higher stress on investment portfolios 
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each of  the individual investor regardless of the Economies. In many other research papers, 

some commodities are analysed which are not found in all countries and economies (Nguyen-

Huy et al., 2017, 2018) and unmistakable crossing are anticipated to uncover the diverse dan-

gers at distinctive times. But since Gold is one such commodity that it can be found in any 

country and is traded and plays vital role in fluctuation of many other stocks and commodities 

(as discussed in chapter 1 under the relevance and importance of gold as a commodity section 

1.2) and on the other hand S&P500 stock can be traded from any part of the world.  

 

 

 

Figure 4.1 demonstrates the return of both the indexes which can be seen in detail in chapter 2. 

The reason for discussing the returns here is to acknowledge the existence of volatility in the 

data. As discussed in chapter 2 (Section 2.4.1) about the data it can be seen that the infor-

mation as per midpoints, counting the Gold and the S&P500. The overall fetched comprises of 

the political, social, intrigued paid, economical, legal, financial, protections, and a few of the 

other related returns issue which are considered when gold is being considered as the main 

commodity in the formation of a portfolio.   

 

4.3.2 The benefit of CVaR as a measurement tool 
CvaR or ES is a strong adversary to VaR as a risk assessment tool or measure. The fact that 

the ES value is a measure that is derived from superior mathematical functions ensures that the 

ES value provides better risk assessment as compared to VaR, and the quantified results pro-

vide better support for financial institutions. The ES value provides the information on the 

return value at a particular percent level of performance of the investment, which enables the 
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investor to make appropriate choices of whether to buy or sell the assets. Further, ES needs a 

much larger sample size of data on the market to provide results as accurate as of that of VaR. 

While this may seem like a disadvantage, it isn’t one. A larger data set for similar accuracy 

means that the reliability of the result increases drastically as compared to that of the VaR 

measure. 

 

Both VaR and ES have their benefits and limitations when it comes to assessing Risk. There-

fore, studies indicate that the performance of risk assessment which accounts for both VaR and 

ES as a combined measure of the Risk in the investment, could help in the development of 

portfolios that are better equipped against Risk from the market fluctuations. Ensuring that 

back testing is done provides higher safety to an investment portfolio (Fissler et al., 2015). 

Apart from just assessing the portfolio for Risk, it is important to ensure that the investment is 

diversified. Equity, gold, real estate, cryptocurrency, etc. must be some elements in which in-

vestment has to be made such that market fluctuation does not affect the total value of the assets 

and the Risk is minimized (Gobler, 2022). 

 

4.3.3 Expected Shortfall (ES) and Value at Risk (VaR) 

 

Value at Risk and Expected Shortfall are two important risk assessment measures that financial 

institutions use to assess their investment portfolios and the Risk that is present concerning the 

assets they have invested in. VaR is an intuitive measure to some extent and relies on lesser 

data to predict the risk value based on a normal distribution of the value of the assets and their 

return using the extreme value theory. However, the EV theory doesn’t account for the com-

plete Risk that is present and only takes extreme values into account, which partly led to the 

2008 crisis and market crash. Since then, risk assessment measures have evolved, and ES is 

one of the important tools that currently exist. Using larger data set wit’ a better mathematical 

foundation provides better and more reliable results through ES. Along with ES, VaR can be 

used for back testing the results to ensure congruency and satisfaction of knowing that there is 

a particular amount of risk, or the lack thereof. 

 

The section 4.4 of Methodology will further discuss the estimations and the theory behind the 

models.  
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4.4 Methodology 
  
Value-at-risk, suppose that confidence level taking away the percentage will signify a misfor-

tune work depending upon the choice for example 95% is the confidence level then the risk 

will be 5%, to be chosen from a doable set of a chosen practical portfolio which in this case 

are the Gold Price Index and the S&P500, and an irregular measurement of the circumstances 

in the interval taken into account involving both the crisis and non-crisis time period. In this 

chapter we will be measuring the Conditional Value at risk (CvaR) as we have measured the 

VaR previously in chapter 2 (Section 2.4.1). Considering the equation below the probability of 

density is measured with the distribution and the break-down of the VaR has been set. And it 

can be related to the CVaR work αβ (x), which is the percentile of the misfortune dissemination 

at the certainty level β, proposed by Rockafellar and Uryasev (2000):  

 

	 	VaR	 = 	 (1	– 	Confidence	level) 	∗ 	Total	count	 (4.1)	

	

	
𝐶𝑉𝑎𝑅 = 	

1
1 − 𝑐 · 𝑥𝑝	(𝑥)	𝑑𝑥

`aV

7#
	 

(4.2)	
	

The formula in Equation 4.2 represents that the p(x)dx= to the probability density of getting 

the return along the 𝑥 value, and c is the cut-off point for the distribution on which the VaR is 

set at the break point and lastly VaR is the set level of confidence.  

 

By this definition, VaR is able to degree the expectation of the misfortunes more noteworthy 

than that sum α. In this manner, the VaR work φβ (x) is characterized scientifically as takes 

after Rockafellar and Uryasev (2000): ri = net income – add up to fetched net income. Where 

p(y) is the likelihood thickness work of the arbitrary vector y. It is evident that the VaR may 

be a more prominent bound for the VaR at the same certainty level.  

	 ∅b(χ) = 	 (1 − 𝛽)7#·𝑓(𝑥, 𝑦) > 𝛼b(c)𝑓(𝑥, 𝑦)𝑃(𝑦)𝑑𝑦 (4.3)	

 

Also, with numerous focal points expressed within the past data, VaR offers a steadier chance 

degree than VaR and generally results more proficient within the setting of portfolio advance-

ment (Mulvey and Erkan, 2006).  
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In expansion, CvaR can be communicated as an arched work permitting the development of the 

portfolio enhancement issue which can be productively illuminated by direct programming 

techniques as appeared in Rockafellar and Uryasev (2000) and will be described within 

the pending strategy area. In spite of the fact that VaR plays a part within the ideal portfolio ap-

proach, it uncovered a few characteristic restrictions as said over (Rockafellar and Uryasev, 

2000).  

 

4.4.1 Dynamic Models for ES and VaR   
   
In this part we propose some new powerful models for ES and Value-at-Risk (VaR). We do as 

such by using ongoing work in Fissler and Ziegel (2016) which shows that these factors are 

elicitable joint, notwithstanding the way that ES was known to be not elicitable all alone, see 

(Gneiting, 2011a). The models we propose depend on the GAS system of (Creal et a1., 2013; 

Harvey, 2013), which we will discuss briefly while discussing the GAS model along with VaR 

and ES.  

 

4.4.2 A Consistent Scoring Rule for ES and VaR   
   

(Fissler and Ziegel, 2016) show that the accompanying class of misfortune capacities (or “scor-

ing rule), recorded by the capacities 𝐺#and 𝐺5, is steady for VaR and ES. That is, limiting the 

normal misfortune utilizing any of these misfortune capacities restores the genuine VaR and 

ES. In the capacities beneath shown in Equation 4.6, we utilize the documentation 𝑣 and 𝑒	for 

VaR and ES.  

 

	 	𝐿de*𝑌, 𝑣, 𝑒; 𝛼, 𝐺#,𝐺5, = (1{𝑌 ≤ 𝑣} − 𝛼)	¥𝐺#(𝑣) −	𝐺#(𝑌) +	
1
𝛼	𝐺5

(𝑒)𝑣¦	

=	−𝐺5	(𝑒) �
#
f
1	{𝑌	 ≤ 𝑣}	𝑌 − 𝑒� −	𝐺5	(𝑒)	

(4.4)	

	

 where 𝐺# is weakly increasing, 𝐺5 is strictly increasing and strictly positive, and 𝑔′5= 𝐺5. We 

will refer to the above class as” FZ loss functions. Minimizing any member of this class yields 

VaR and ES:  

 

	 	(Va𝑅! , 𝐸𝑆!) = argmin(`,B)𝔼!7#[	𝐿de	(𝑌! , 𝑣, 𝑒; 	𝛼, 𝐺#, 𝐺5)] (4.5)	
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Using the FZ loss function for estimation and forecast evaluation requires choosing 𝐺# and 𝐺5. 

To do so, first define 𝑂𝐺	(𝑌𝑡, 𝑣𝑓𝑖𝑡, 𝑒𝑓𝑖𝑡, 𝑣𝑋𝑡, 𝑒𝑋𝑡) 	÷ 	𝐺	(𝑌𝑡, 𝑣𝑓𝑖𝑡, 𝑒𝑓𝑖𝑡)	— 	𝐺	(𝑌𝑡, 𝑣𝑋𝑡, 𝑒𝑋𝑡)	 

as the loss difference for two forecasts (𝑣𝑗, 𝑡, 𝑒𝑗, 𝑡),			𝑗		𝑐	(𝑓𝑖, 2) . We choose 𝐺#  and 𝐺5 so that 

the loss function generates OG that is homogeneous of degree zero, a property that has been 

shown in volatility forecasting applications to lead to higher power in Diebold-Mariano (1995) 

tests, see (Patton and Sheppard, 2009).  

 

The semiparametric dynamic model will be used for ES and VaR, having solved for the FZ0 

loss function.  

	 (Va𝑅! , 𝐸𝑆!) = (v	(Ζ!7#; 	θ), e	(Ζ!7#; 	θ))	 (4.6)	
 

𝐸𝑡—𝑓𝑖	𝑐	7𝑡—𝑓𝑖 should be used where the true VaR and ES are specified parametric function 

of elements of the information set. The parameters of this model are given as follows:  

	 θ¢> = argming	
#
>
∑ 𝐿de6>
!*# (	𝑌!,[(Ζ!7#; 	θ), e	(Ζ!7#; 	θ); 	𝛼) (4.7)	

 

To gain some insight into how past returns influence current ES and VaR predic-

tions in this model, consider this model’s ”news impact curve 𝑇𝑀, which presents 𝑌𝑡 as a func-

tion of 𝑌𝑡 via its effect on  𝑍𝑡  ÷  [𝑍𝑣,  𝑡,  𝑍 𝑒,  𝑡]𝑗 keeping all other variables constant. 

These two curves for alpha = 0.05 are shown in data analysis, using the approximate parame-

ters for this model when applied to daily returns on the Gold Index and the S&p500. 

For the current 𝑇𝑀 value of (𝑣,  𝑒)  two values are assumed (1:64; 2:06).  

 

4.4.3 Construction of the Copula-Based Model  
 

We utilize the hybrid copula approach that is the extended version already used in our prior 

distributed work but its more advanced to create copula-based models for this think about. 

Here, we briefly depict the most steps of the copula model development method.  

The primary step in developing the copula model and show choose the hypothetical distribu-

tion capacities that are able to around depict the historical negligible returns. This con-

sider adopts the parametric approach to fit the authentic marginal returns since afterward within 

the re-enacting prepare, the turnaround dissemination work should be utilized to convert the 

copula- demonstrated information back to the genuine scale values. A set of twenty-seven hy-

pothetical likelihood disseminations are fitted to the negligible return information, which takes 
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after prior thinks about (Nguyen-Huy et al., 2017, 2018). The candidate dissemination is cho-

sen based on a factual appraisal of the goodness-of-fit test, i.e., the Kolmogorov- 

Smirnov measurement (KS) this is additionally calculated in chapter 3(Section 3.6.3). 

 

 On the off chance that the p-value of the KS test is more noteworthy than 0.05, we cannot dis-

miss the invalid theory that the watched information takes after that specific conveyance. At 

that point, the dispersion with a lower Akaike In- arrangement Basis (AIC) is chosen for that in-

formation. Advance, the graphical investigation is additionally performed to back selecting the 

foremost appropriate dissemination work as in some of studies by (Nguyen-Huy et al., 2017, 

2018). In the moment step, the copula parameters are evaluated utilizing the greatest pseudo-

likelihood strategy Chowdhary et al. (2011) requiring the minimal return information to 

be changed within the unit hypercube. In common, this transformation can be performed by 

Favre et al. (2004) to guarantee that the reliance structure between the pairwise infor-

mation is free of the minimal conveyances. In this way, the negligible returns are changed into 

the pseudo-data utilizing the comparing experimental conveyance work F (.) as ui = F (ri). 

From now on, the copula parameters θ are assessed through the most extreme pseudo likelihood 

estimation strategy (Chowdhary et al., 2011). 

 

	
	𝜃¢ = argmax

gTg
Vln𝑐	(𝑢#! , … . . , 𝑢,!; 	𝜃)
>

!*#

 
	
(4.8)	

In this, the copula density is denoted by c(.). The Akaike Information Criterion AIC = −2 

ln(llmax) + 2k is constructed based on the majority of fitted copula model as the system of the 

most of the log-likelihood value (llmax) and the quantity of parameters are denoted by k.   

  

Later, a random vector  by making use of the selected copulas marginal 

distribution can bring out the marginal distribution. For acquiring data and samples from a 

fitted copulas process can be created. At last, with the help of inverse transformation the sim-

ulated understanding of every marginal return can be gathered by following the functions of 

six famous copula and for proper scanning rotated functions were involved as well as Gaussian, 

Student’s t (symmetric but heavier tails), Clayton, Gumbel, Frank, and Joe. In building multi-

variate Archimedean and Hybrid copula models both copula functions were worked and used. 

To gather more information on the multivariate elliptical and Archimedean copulas, as well as 

on copulas readers may opt for old issued books of (Zhang and Singh, 2014). The computations 
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can carry out with help of various packages of the copula Yang and Hamori, (2013) and Cop-

ula Schepsmeier (2016) and can also be accessed in R software (R Core Team, 2016).    

 

4.4.4 GARCH and ES and VaR Estimation 

In this segment, we consider two expansions of the models displayed over in an endeavour to 

combine the victory and niggardliness of GARCH models with this paper ‘s centre on ES and 

VaR estimating. 

4.4.5 Estimating a GARCH Model via FZ Minimization 
 

 On the off chance that an ARMA-GARCH model also discussed in chapter 2 (Section 2.4.1), 

counting the determination for the conveyance of standardized residuals, is accurately indicated 

for the conditional dispersion of an asset return, at that point, the most extreme probability is 

the foremost proficient estimation strategy and ought to be received. In case, on the other hand, 

we consider an ARMA-GARCH model as it were as a valuable estimation to the genuine con-

ditional dispersion, at that point, it is not clear that MLE is ideal. In specific studies and research 

by Francq and Zakoïan (2013), on the off chance that the application of the model is to ES and 

VaR forecasting, then we may well be able to move forward the fitted ARMA-GARCH demon-

strate by evaluating the parameters of that model utilizing FZ loss minimization.  

 

Model below demonstrates for asset returns: 

	 	𝑌! =	𝜎!𝜂!,				𝜂!,			~	𝑖𝑖𝑑	𝐹,	(0,1) (4.9)	

 

	 	𝜎!5 = 	𝜔 + 	𝛽𝜎!7#5 + 	𝛾𝑌!7#5  (4.10)	

The variable is the conditional change expected to take after a GARCH (1, 1) handle. This 

model infers a structure closely resembling the one-factor GAS model displayed as we dis-

cover: 

	 𝑣! = 	𝛼. 𝜎!,	𝑤ℎ𝑒𝑟𝑒	𝛼 = 	𝐹I7#(𝛼) (4.11)	
 
	 𝑒! = 	𝑏. 𝜎!,	𝑤ℎ𝑒𝑟𝑒	𝑏 = 	𝔼	[𝜂|𝜂 ≤ 𝛼]	 (4.12)	

	
	 𝑘! = 	𝜔. 𝛽<!7#	 + 	𝛾𝐻!7#7# 𝑆!7#) (4.13)	
	 	 	

A few assists come about on VaR and ES in dynamic location-scale. To apply this model to 

VaR and ES estimating, we need to gauge the VaR and ES of the standardized leftover, 
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indicated (a, b). Instead of evaluating the parameters of this model utilizing Q MLE, we con-

sider here evaluating through FZ loss minimization. As within the one-factor GAS show, is 

unidentified, and we set it to one, so the parameter vector to be estimated is . This 

estimation approach leads to a suited GARCH model that's custom-made to provide the best-

fitting ES and VaR estimate instead of the best-fitting instability figures. 

 
4.4.6 Gas Formula   
   
When filtering financial returns using such routine models, the cumulus of underlying assets 

does not differ. We used a total of six copula versions, including a two time-different copula 

model, i.e., the GAS copula rotated and the GAS copula t student, with four constant copula 

versions including regular copula, the copula student and the copula Gumbel rotated. For this 

reason, we used a total of six copula models. Creal et al (2012) can be used to widely adjust 

time-length parameters for dynamic volatility and correlations by generalised auto-regressive 

score dynamics. The GAS model specification that uses the lagged density model score as 

driving variables for Time Varying copula functions is added. Let yt denote the vector of de-

pendent variables, ft denotes the vector of time-changed parameters, xt represents the exoge-

nous covariates, and x is a fixed parameter vector. In view of the available knowledge collec-

tion, yt is assumed to be created by the observation density p (yt ft, Δ). In addition, the update 

of the time shift parameter ft is accomplished by the following auto-regressive update equation.  

	
𝑓!"# = 𝑤 +	V𝐴(𝑆!7("#

$

(*#

+	V 𝛽=𝑓!7="#
'

=*#
 

	
(4.14)	

 

Where Ai and Bj denote the metric coefficient, respectively. And st is set as a suitable feature 

of historical records, with the unidentified coefficient being the feature of st = st(yt, ft;θ).  

In the case of GAS (1,1), a restriction of 0 < A1 < B1 < 1 is enforced when estimating the 

variable. When conducting Yt measurements, the Time Varying vector ft parameter is modified 

to the next time t+1 by the following theorem of equation 4.17.  
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𝑠! = 𝑆(!,h!; 	𝜃).

𝜕 ln 𝑝	(𝑦!|𝑓!; 	𝜃)
𝜕𝑓!

 
(4.15)	

	 	 	
Where Et-1 represents the expectation with respect to p (yt ft, Δ). As a multivariate distribution 

function with a median uniform, the copula function ties the marginal distribution to the mar-

ginal distribution. Multivariate distribution by the theorem of Sklar. The GAS system intro-

duces a new model specification to modify the constant copula parameter. Eqs 4.18, Formulate 

the Gumbel copula and the student t copula distribution functions, respectively, where the Stu-

dent t copula is the copula function of the Student t distribution. 

CGumbel (u,v;δ) = exp(−((−ln u)δ + (−ln v)δ)1/δ), 1 ≤ δ < + ∞  

 

	
𝑆! =	𝐸!7#7# [

𝜕 ln 𝑝	(𝑦!|𝑓!; 	𝜃)	
𝜕𝑓!

. Ê
𝜕 ln 𝑝	(𝑦!|𝑓!; 	𝜃)	

𝜕𝑓!
Ë
i

] 
(4.16)	

 

Demonstrates a variety of typical static copula distribution functions in contour plots. The 

Gaussian copula has symmetrical tails with student copula.  

 

The Gaussian copula is, among other aspects, insensitive to changes in upper and lower tails 

correlation and can only represent models of symmetric correspondence. While the student t 

copula is stronger and vulnerable to modification of variable structures related to tail, it can 

only explain the symmetric association of tail. The asymmetrical tail reliance is on Clayton and 

Gumbel copulas. Gumbel copula may describe, among them, the great dependences of the top 

tail, while the changes of the lower tail dependency cannot be represented, while copula Clay-

ton is the opposite. Gumbel copula can then be used to identify correlations of high tail de-

pendency in financial markets and to characterise correlations of lower tail dependency in fi-

nancial markets by using Clayton copula.  

 

And with the numerous upper tail parameters and lower tail, SJC copula is able to capture the 

asymmetric tail dependency separately. In particular, it was found that non-elliptic copulas 

would catch patterns of varied tail dependency by measuring and checking of tail dependency 

and risks distributed through various capital markets (Su, 2016). 
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Since, monetary resource returns arrangement will in general show certain common attributes, 

including sequential connection, thick tail circulation, and unpredictability grouping. The 

GARCH model is broadly perceived as an incredible asset for monetary time arrangement in-

vestigation and displaying (McNeil and Frey, 2000). The current written works Huang et al. 

(2009) indicated that the contingent conveyance of budgetary resource returns is likewise 

anomalous, with a fatter tail than that of the typical dispersion. It is suitable to pick hefty fol-

lowed conveyance in returns peripheral demonstrating for hazard the executives examines. Su 

et al. (2011) have discovered that the GJR-GARCH model functions admirably in the VaR 

expectation. Chang et al. (2010) introduced proof of unpredictability overflow impacts and 

unbalanced property on the contingent fluctuations for significant unrefined petroleum mar-

kets. Henceforth, the Skew t appropriation is utilized to fit the Gold and S&P500 prospects 

development circulation in this paper, and is contrasted and the student’s t dispersion and the 

summed-up blunder GED dissemination. The prospects returns measure following the 

ARMA(p,q)- GJR-GARCH(p,q) cycle to portray the minimal distribution, which is set in the 

accompanying.  

	 𝐶R]8^_B	(],[;	j) = exp(−((	− ln 𝑢)j)
#
+), 1≤ 	𝛿 < +∞ 

𝐶>(𝑈, 𝑉; 𝑃, 𝑉) = 	
1

2H√1 − 𝑃5
· · (1

!,
"#	(/)

7k

!,
"#	(/)

7k

+	
𝑠5 − 2$+! +	𝑡5

𝑣	(1 − 𝑝5) )7
["#
5 𝑑𝑠𝑑𝑡 

(4.17)	

 

where p and q are non-negative whole numbers, which separately speak to the autoregressive 

and moving normal request; It-s signifies the demonstrative capacity, when εt-s < 0 is esteem 

one, in any case zero. αi > 0, βj > 0 for the difference to stay positive, and α + β < 1 for the 

fluctuation cycle to be covariance fixed for the instance of p = q = 1. The slack request of the 

mean and difference successions is chosen by the BIC standard. The GJR model has imbalance, 

which means uplifting news has an impact on the instability of α, while terrible news has an 

effect on the unpredictability of α + δ. When δ = ̸0, the influence impact exists, if δ > 0, it 

implies that the negative returns of the past period will prompt higher unpredictability in the 

current time frame contrasted and the positive returns of a similar greatness in past period. The 

proper circulation setting of the development in GJR model and GARCH model depends on 

the KS test and Cramér–von Mises (CvM) test.  
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The normalized residuals are demonstrated parametrically, and there exist mellow presumption 

that the negligible dispersion boundaries are reliably respectable. Assume that the development 

term ηt individually follows the Skew t appropriation, Student t circulation and GED convey-

ance to depict the leptokurtic properties of profits.  

 

The Skew t dissemination has two shape boundaries, that is, the skewness boundary λ control-

ling the lop-sidedness degree, and the opportunity boundary ν controlling the thickness of the 

tails. When λ = 0, it prompts the normalized Student's t circulation. The more modest the op-

portunity boundary ν is, the more grounded the proof of high weakness the profits circulation 

shows. When λ < 1(λ > 1), the likelihood that the arbitrary variable acknowledgment esteem is 

lower than the dispersion mean is bigger (more modest), that is, the Skew t appropriation has 

a negative (positive) skewness.  

 
4.4.7 GAS Model for ES and VaR 
 
A major challenge faced when choosing a dynamic model for risk measurement or any other 

quantity is the mapping the current value of the variable from the lagged information available. 

A proposed solution to VaR and ES lapses dates back to the work of (Creal et al., 2012; Harvey, 

2013), who proposed a general class of models called” generalized autoregressive score (GAS) 

models by the former authors, and” dynamic conditional score models by the latter author. The 

similarity between the two models is in their assumption. They both assumes that the target 

variable has some parametric conditional distribution where the parameter (vector) of that dis-

tribution follows a GARCH-like equation which is further used in hybrid GAS/GARCH model.  

 

	

 

(4.18)	

	  	
In the model, the forcing component is the lagging score of the log-likelihood, scaled by a 

certain fixed-point matrix, for which the inverse Hessian is a common approach. Plenty of well-

known models, including ARMA, GARCH Bollerslev (1986), and ACD (Engle and Russell, 

1998) models, are perched within this specification. Refer to Creal et al. (2012) for a GAS 

(Generalized Autoregressive Score) and associated models summary.  
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We consider this to modelling and implement it to our issue of M-estimation. In this request, 

the forcing variable is a function, rather than a log probability of the derivative and Hessian of 

the GT 7O loss function. For the following GAS (1, 1) model for ES and VaR, we can consider. 

 

This empirical study is mainly based on the VaR model and ES, is represented to the formula: 

	 𝑉𝑎𝑅!S =	𝑄𝑢𝑎𝑛𝑡𝚤𝑙𝑒	{𝑌+}+*!78!S  (4.19)	

 

	
𝐸𝑆! =	

1
𝑎𝑚

S
V 𝑌S1	
!7#

+*!78

{𝑌+ ≤	𝑉𝑎𝑅+S	 
(4.20)	

 

The equation 4.20 represented in the formula is the confidential level, VaR is the combinations 

of the in-risk value and the loss suffered by the combination in the future holding period  

 

To calculate the VaR we need first to use the statistical distribution of the value in other to 

analyse the assets. In this distribution statistic the value that is equal to the confidence range 

represent the lowest value of the assets that will held during the holding period. 

 

	
 

(4.21)	

	  	
	

 
(4.22)	

 

For example, if an asset from the start of time and the yield represented by the end of the 

holding period assets, the assets value is given by the following formula in equation 4.23 and 

4.24.  

 
	

 
(4.23)	

	  	
	

 
(4.24)	

 
The real application of ARMA GARCH will be a set of discrete distribution. With that method 

it can be found the minimum possible return of the asset, under confidence. Similarly, with the 

formula, we can have the result of the lowest possible value of the asset under confidence.  
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One type of VaR is the absolute VaR which is the full loss of finance assets. The second one 

is the relative ES which consisted to the VaR of the asset relative to its expected value the 

formula in Equation 4.24 and 4.25. the VaR of the calculate asset is given by the lowest value 

and the Skewness. The VaR can be determined if we have the equation below.  

	  (4.25)	

	  	
	  (4.26)	

4.4.8  A One-Factor GAS Model for ES and VaR 
  

In Section 4.3.9, the specification enables ES and VaR to develop as two independents, corre-

lated, processes. A useful, simplified model for many risk forecasting applications is one fo-

cused on a framework with only one Time Varying risk measure, e.g., volatility.   

In this section, we will assume a one-factor model, and will call the model a two-factor-

GAS model in further sections. Consider the following one-factor GAS model for ES 

and VaR, where both risk measures are driven by a single variable, 𝑘𝑡	 

 

	 𝑣𝑡 =    𝑎 𝑒𝑥𝑝 (𝑘𝑡}	 (4.27)	
	  	
	 𝑒𝑡 =  𝑏	𝑒𝑥𝑝 (𝑘𝑡} , 𝑤ℎ𝑒𝑟𝑒	𝑏   < 𝑎 <  0 	 

 

(4.28)	

And  

 𝑘𝑡 =  𝑐	 Ø𝑛𝑡—𝑓𝑖  ‡  ç𝐻𝑡—𝑓𝑖 𝑠𝑡—𝑓𝑖  

    The forcing variable, 𝐻𝑡—𝑓𝑖 𝑠𝑡—𝑓𝑖, in the evolution equation for 𝑘𝑡 is obtained from the 

FZ0 loss function, plugging in (𝑎 𝑒𝑥𝑝 (𝑛𝑡} , 𝑏	𝑒𝑥𝑝 (𝑛𝑡}) 𝑓𝑜𝑟	(𝑣𝑡, 𝑒𝑡).    

					𝑠𝑡 7𝑂 (𝑌𝑡,  𝑎 𝑒𝑥𝑝 (𝑛𝑡} ,  𝑏 𝑒𝑥𝑝 (𝑛𝑡} ¡  𝛼)  =  —  𝑓𝑖 .  𝑓𝑖 1 (𝑌 	 ≤  𝑣 } 𝑌 	—  𝑒 𝛴(𝑓𝑖8) 	 

   

And 

 𝐼𝑡 ÷  	6𝑋𝐸𝑡—𝑓𝑖 [𝐺𝑇 7𝑂 (𝑌𝑡,  𝑎 𝑒𝑥𝑝 (𝑛𝑡} ,  𝑏 𝑒𝑥𝑝 (𝑛𝑡} ¡  𝛼)] 		6𝑛𝑋 	 =  𝛼 —  ℎ𝛼𝑎𝛼(𝑓𝑖9) 	𝛼 	 

 

Where 𝑘 𝑎𝑙 is a negative constant and between zero and one lies in all8.   

 
8 Note: In this example, the Hessian, It, turns out to be a constant, and since we estimate a fre   
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4.4.9 A Hybrid GAS/GARCH Model  
  

At last, we consider a coordinate combination of the constraining variable proposed by a GAS 

structure for a one-factor model of returns, depicted in condition of GARCH/ES Model with 

the valid GARCH model for instability. We specify:  

	
 

	(4.29)	

	  	
	

 
	(4.30)	

  

The variable  is the log-volatility, distinguished up to scale. As the idle variable in this model 

is log-volatility, we utilize the slacked log outright return instead of the slacked squared return 

so that the units stay in line for the advancement equation for . There are five parameters in 

this model , and we gauge them utilizing FZ loss minimization. 

 

4.4.10  Adjusted Assessment Strategy  
 

On account of the copula based multivariate model, it permits to determine the peripheral ap-

propriation and reliance structure independently, giving a lot more prominent level of adapta-

bility in assessing the model boundary independently. Fang et al. (2014) proposed a novel semi 

most extreme probability assessment strategy with non-Gaussian probability capacities for 

catching weighty followed returns, which gives better chance to the assessment of mix of non-

linear reliance with substantial followed instability. By and large, the multi-stage most extreme 

probability assessment empowers the assessment of joint dispersion for high dimensional cir-

culation in stages, subsequently enormously diminishing the calculation weight, and subtleties 

can be seen in Patton (2006). Characterize Θc the boundary vector of copula work, Θi, I = 

1,2, ...n speaks to the boundary vector of peripheral capacity Fn, c(u1,u2, ...,un) means the 

thickness capacity of copula work, at that point the thickness capacity of joint dispersion ca-

pacity can be communicated.  

 
coefficient on our forcing variable, we can set the scaling matrix, 𝐻𝑡, to one of any posi-

tive constants.  
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	(4.31)	

 

The two-venture most extreme probability assessment technique looks at the negligible con-

veyance work and the association work independently. The boundary Θi of the minimal appro-

priation is assessed basically, and afterward the likelihood basic change of the standard leftover 

is determined dependent on the assessment of the got negligible conveyance boundary. At last, 

the most extreme probability strategy is utilized to gauge the copula work boundary Θc as per 

the accompanying recipe. Also, the semi-Newton calculation is iteratively used until the ideal 

boundaries are gotten.  

 

In spite of the fact that the non-Gaussian most extreme probability assessor is generally utilized 

in the GARCH model with weighty tails, the assessor won't be reliable except if the thickness 

misspecification predisposition is amended. Luckily, Fang et al (2014) researched on another 

semi greatest probability (QML) system when the GARCH development has substantial tails, 

which has been demonstrated predictable and asymptotic.  

 

The model boundaries are summed up as Θ = {θ, γ}, where θ indicates the scale boundary, and 

γ signifies the heteroscedastic boundary. Assume κ is used to change the size of the semi prob-

ability, at that point the boundary κf as for a particular probability work f limits the contrast 

between the genuine development thickness g and the semi probability in the event of Kull-

back-Leibler data separation. Upon given κf, the non-Gaussian QMLE can be characterized 

through augmenting the adjusted semi probability with boundary κf. It has been demonstrated 

that fusing the inclination remedy factor κf into the probability can encourage the recognizable 

proof of instability scale boundaries θ notwithstanding revising the predisposition for basic 

non-Gaussian QMLE of the scale boundary. So as to gauge κf, the Gaussian QMLE is essen-

tially directed, and afterward the comparing κf is acquired with assessed residuals.  

	
Θ =  argmaxV𝐶

>

!*#

	(𝐹#(𝑥#!;Θ#),  𝐹5(𝑥5!;Θ5),  . . 𝐹,(𝑥,!;Θ,),  	;	Θ9 	) 
	(4.32)	

Along these lines, the non-Gaussian semi probability with amendment factor κf is expanded, 

subsequently acquiring the non-Gaussian semi probability assessor τ as follows.  
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𝐾h = 𝑎𝑟𝑔max

1
𝑇V𝑙	(𝑟! , 𝜛, 𝑘	)

>

!*#

 

                            = 𝑎𝑟𝑔max #
>
∑ 	�− log(𝑥) + log 𝑓(/!

<
	�)>

!*#  

(4.33)	

 

Incidentally, the weighty followed QLE assessor τ has unmistakable bit of leeway over the 

Gaussian partner, indicating lower change when the genuine development is substantial fol-

lowed. Its qualities can be concluded by the substantiable of the tails of assorted advancement 

mistakes deftly. In particular, the heavier the tails of the advancement mistake, the more modest 

worth the κf is. Also, the inclination revision factor κf doesn't fluctuate if changing distinctive 

contingent heteroscedastic models.  

 

Note that the probability assessment of GAS model for boundary assessment is clear because 

of the helpful property of perception driven in GAS model. Through using the standard forecast 

blunder deterioration, the augmentation issue of l = ln p (yt | ft, θ) can be communicated. It just 

includes the usage of the update condition of GAS model. On account of GAS detail, the incli-

nation is determined through the accompanying chain rule.  

	
𝜏 = 	𝑎𝑟𝑔max

1
𝑇V−𝑙𝑜𝑔	*𝑘hΘℎ!, + 𝑙𝑜𝑔𝑓	(

𝑟!
𝑘hΘℎ!

)
>

!*#

 
(4.34)	

where represents the vector with stacked section of framework A, and	denotes the Kronecker 

item. After the accessibility of boundaries, the tail reliance would then be able to be estimated 

to evaluate the disease chances.  

 

4.4.11  Back Testing Value at Risk  
 
The Kupiec test basically measures the order to determine the accuracy of the VaR. The initial 

measures introduced by Kupiec (1995) basically measures the amount of the exceptions of 

probability level. If the loss does not surpass the estimated VaR, the estimation is systemati-

cally over estimating the threat in the market, to conclude it is an inaccurate estimation.   

 

In prior learning commodity yield simulation can be studied in the papers by (e.g. (Nguyen-

Huy et al., 2017; Nguyen-Huy et al., 2018) and copula model usage and results these studies 

can be taken into consideration.  
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4.4.12 Portfolio Optimisation Problem  

 Suppose a portfolio comprises of n Stock and commodity with an irregular rate of the mini-

mal returns r1, ..., rn, the marginal expected return E [ri] and wi could be a share of the over-

all gold and stock distributed to the investment (i.e., the choice vector or weight). The investor's 

portfolio enhancement issue, within the setting of the different segment, is to expand the antici-

pated returns (whole of all negligible anticipated returns increase with the comparing weights) 

of the portfolio given a specified hazard level β. The portfolio advancement issue can at that 

point be defined as (Larsen et al., 2015). 

	
Maximise − −V𝑤(𝐸[𝑛]

,

(*#

		

Subject,	to	–	{
𝜙b 	(𝑤() ≤ 𝜙
∑ 𝑤(,
(*# = 1 	

(4.35)	

 

 

4.5 Results and Discussion    
 
This segment covers the outcome of Gold and S&P500 optimisation based on optimal copula-

statistical model problems that can be solved with help of physical interpretation based on the 

idea of the applied models and the cause of the problem. Firstly, in extreme volatile conditions 

variations are regarded as marginal returns. With the help of ES-VaR and hybrid copulas and 

GAS copula function outcomes of the copula, model selection can be determined. With help 

of multivariate copulas, hybrid copula and ES-VaR models, the conventional multivariate-nor-

mal model is evolved for the outcome of a comparison. In last, we talk about optimal portfolio 

allocation outcomes generated from distinct confidence levels models and the meaning 

of VaR optimisations.    

 
4.5.1 Variations in the Marginal Return  

   

The historical marginal returns of Gold index and S&P500 are displayed in Fig 4.1 and 4.2 in 

data section. Except from 2007 to 2008 (financial crisis) the design marginal return Gold and 

S&P500 seems to be most appropriate. The prime financial crisis and losses in throughout the 

world during the year 2006-2007. It is been observed that the marginal return of every stock 

mostly moves in a different direction than that of in later years. This can be clearly noted in the 
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2006-2007 period of the financial crisis, and also observed that the S&P500 fluctuating mar-

ginal returns are increased and the Gold index and S&P500 margins are decreased ex-

tremely. In the 27 successive years of 1992–2020 of the financial boom, the marginal returns 

of Gold and S&P500 are noted to be varying every year. While the marginal return is seen 

increased or steady of Gold and S&P500 in the same years. In Table 4.1 it is seen that the low 

correlation coefficients indicate the distinct degrees of the dependence of every study which 

basically demonstrates the VaR values for the returns co-movement. The marginal returns sto-

chastic nature of these stock and commodity that to minimize the risk and losses of investors 

can be possible by using diversification strategy.    

 

The stock index indicates multiple chosen indexes in the market helping you to view stock 

change at a wide-scale. The stock index can be more thorough and general to minor specific 

weighting activity and adjustments to the market. The market share of the market is near the 

real business portion of the index. In USA this stock index is most typically used on the stock 

market, which can have a heavy impact when adjustments are made to the index. From the past 

27 years January 1, 1992 to January 1, 2020 the similar investigation shows the index devel-

opment when analysing the use of 7296 daily logs data. To measure the stock market the use 

of VaR data is taken from the Bloomberg providing you with the risk outcomes. Prior to figur-

ing the VaR value, we have to surmise the dissemination of the information collected. Prefer-

ably, the pace of return ought to be ordinary dispersion, yet the genuine issue will be influenced 

by market changes and by the policy aspect. 

 
Figure 4. 2 Quantile Dependence of Gold Price Index. 
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Fig. 4.2 and 4.3 shows the calculation of ordinary dispersal on chosen data. The diagram shown 

suggests the positioning of the data does not fit the quantile line and is remarkably different, 

implying the dispersal does not stay in the original quantile line. 

 

The distribution data within a Table 4.2, communicating a broad and clear distribution which 

fails to correspond. The kurtosis is fundamentally bigger than 0, demonstrating that the infor-

mation is more extreme than the ordinary distribution and is a "spike" distribution. The skew-

ness esteem Skewness is under 0, demonstrating that the information is marginally portrayed 

by a left-one-sided distribution. 

 

 
Figure 4. 3 Quantile Dependence of S&P500. 

 

In Fig. 4.4 copula-based frontiers are presented with the single portfolios of each stock relative 

to the CVaR. How the variation strategy can reduce risk is reveals in this figure 4.4. It’s clearly 

visible that farmer’s profitability for S&P500 are on the frontier curve on the other hand Gold 

index are under efficient limits and at S&P500 profitability currently growing investments. For 

a given degree of downside risk, profitability in likely to increase in both the S&P500 and Gold 

index. Therefore, rise in S&P500 may face the greatest risk as it is located at the highest point 

of the curve, but it also has the potential to achieve the highest profitability. 

 

 

 

0 500 1000 1500 2000 2500
0

2

4

6

8

10

12

Quantile 
 

 

Q
ua

nt
ile

 D
ep

en
de

nc
e 

 



 221 

Descriptive S&P500  Gold Prices 
 

Mean 7.297  5.071 
StdDev 17.604  15.730  
Skew -0.276  -0.110  
Kurt 12.077  11.143 
VaR-0.01 -3.132  -2.725 
VaR-0.025 -2.324  -2.050 
VaR-0.05 -1.728  -1.499 
VaR-0.10 -1.143  -1.039 
ES-0.01 -4.510  -3.870 
ES-0.025 -3.396  -2.957 
ES-0.05 -2.694  -2.352 
ES-0.10 -2.055 -1.797 

Table 4. 2 Descriptive Summary of S&P500 and Gold Price Index 

Table 4.2 elaborate the descriptive analysis along with VaR and ES calculations. The Basel 

Committee recommends confidence level of 99% should be used over a 10-day horizon. Since, 

this research is for a long-time interval hence measuring with different confidence level has 

been utilised. The results demonstrate the loss for S&P500 and Gold prices during a time in-

terval of 27 years which suggests the maximum loss during that time. For Expected Shortfall 

we can see the worst-case scenarios.  

 

Moreover, under the circumstances, through diversifying, investors may decide to be slightly 

less profitable in order to reduce the relatively large downside risk. For instance, by allocating 

about 10 percent of the investment to Gold index, S&P500 can change their expected profita-

bility. The VaR-0.01 is -3.132 for S&P500 and -2.725 for gold prices and ES-0.01 is -4.510 

for S&P500 and -3.870 is for gold Prices.  This has happened due in S&P500, the average 

marginal return (and the usual deviation) is 17.604 for S&P500 and 15.730 for Gold Prices 

(Gold standard deviation is 1.874 lower than S&P500) all the information can be seen in the 

(Table 4.2). By definition, the kurtosis factor is capable of measuring whether, compared to 

normal distribution, the data are heavy-tailed or light-tailed. We therefore deduce that in the 

lower tail, the S&P500 area is likely to have higher heavy tails or outliers (extreme losses) 

because the high negative skewness means the asymmetry of its marginal return distribution to 

the left. 
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Figure 4. 4 Hybrid ES-VaR Approach for S&P500. 

Figure 4.4 demonstrated that ES-VaR hybrid approach. The dips in the figure shows the worst-

case scenarios along with the maximum losses. This shows that S&P500 returns were quite 

low during the time of financial crisis which will be further discussed later in the analysis.  The 

effect of this model is the parametric structure it imposes on VaR and ES dynamics because of 

its connection with insulated information. There are certain assumptions made based on the 

information gathered which are not beyond the ordered condition stated for using this model, 

that is the conditional distribution of returns. Hence, this model is seen as semiparametric to a 

large extent. With the application of the theory for M-estimators see Hull and White (1998) for 

example. We establish figures 4.5 and 4.6 the asymptotic properties of such estimators. A new 

dynamic specification for VaR and ES will be considered.  

 
Figure 4. 5 Hybrid ES-VaR Approach for Gold Price Index 
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Figure 4.5 demonstrated the ups and downs of the Gold prices. It can be seen that the Hybrid 

ES-VaR model represents the volatility of the commodity prices. In the early 1990’s we can 

see dips and a major dip during mid of 2000s.  Primarily, figures 4.5 and 4.6 shows that most 

FZ loss of the back testing are more extensive than 5%, signifying that the models based on 

the combination of GARCH-type models, EVT and GAS copulas can measure the risk of 

S&P500 and Gold portfolio accurately. GARCH-GPD, RIN- 125, G-EDF, FZ1F, GFZ and 

Hybrid are the marginal distributions reported in figures as the results in S&P500 and Gold 

Price Index showing the back testing results for risk models also demonstrated in table 4.4 and 

4.5. 

 

Nolde and Ziegel (2017) demonstrate that there is usually no FZ loss function that produces 

degree zero homogeneous loss differences, but we demonstrate in Proposition 1 below that 

zero-degree homogeneity can be achieved by taking advantage of the fact that we can achieve 

a homogeneity for the values of a that are of interest in risk management applications (namely, 

values ranging from about 0.01 to 0.10). We may assume that HAS < 0 a.s. Vt. Proposition 1 

shows that if VaR < 0 a.s.Vt. is further enforced by us, V t, then, there is only one FZ loss 

function that produces loss variations that are degree zero homogeneous up to irrelevant posi-

tion and scale variables. Of course, the uniqueness of the loss function described in Proposition 

1 means that it also has the added advantage of not having to specify any remaining shape or 

tuning parameters. 

 

Proposition 1: Define the FZ loss difference for two forecasts (Vit, et) and (v2t, €21) as LFz 

(Y: Vit, eit; a, G1, G2) LFz (Yı, v2, €2t; a, G1, G2). Under the assumption that VaR and ES 

are both strictly negative, the loss differences generated by a FZ loss function are homogeneous 

of degree zero iff G (2) = 0 and G2(x) = -1/r. The resulting "FZ0" loss function is: 

1{Y < v} Y) + + Lezo (Y, v, e; a) = -1{Y <v} {v = + log (-e) – 1 

 

In further analysis, all evidence is provided. Lezo is plotted in Figure 4.4 and 4.5 when Y = -

1. We fix e = -2.06 in the left panel and change v, and we fix v = -1.64 in the right panel and 

change e. (These values for (v, e) are a = 0.05 VaR and ES from a regular Normal distribution.) 

The left panel shows that from quantile estimation, the implied VaR loss function resembles 

the 'tick' loss function, see, for example, (Komunjer, 2005). 
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S&P500 AVG LOSS MZ-VaR MZ-ES  

RW-125 0.907 0.004 0.024 
RW-250 0.935 0.001 0.035 
RW-500 1.011 0.000 0.003 
GCH-n NaN NaN NaN 

GCH-skt NaN NaN NaN 
GCH-edf NaN NaN NaN 

FZ2F 0.860 0.000 0.398 
FZ1F 0.838 0.000 0.001 

GCH-FZ NaN NaN NaN 
Hybrid 0.855 0.000 0.001 

Table 4. 3 Average losses and goodness-of-fit tests for S&P500. 

 
GOLD INDEX AVG LOSS MZ-VAR MZ-ES  

RW-125 0.853 0.066 0.050 
RW-250 0.887 0.029 0.026 
RW-500 0.876 0.127 0.097 
GCH-N NAN NAN NAN 

GCH-SKT NAN NAN NAN 
GCH-EDF NAN NAN NAN 

FZ2F 0.904 0.000 0.000 
FZ1F 0.837 0.000 0.002 

GCH-FZ NAN NAN NAN 
HYBRID 0.815 0.264 0.380 

Table 4. 4 Average losses and goodness-of-fit tests for Gold Index 

 
Determined from the dependence structure of S&P500 and Gold Index markets measured by 

copulas, the portfolio VaR and ES are calculated by hybrid GAS Copula conveyed in section 

of methodology. The data sample examined endured a sharp decrease in Gold price from more 

than quite a decent amount, the cost of gold then increased at a steady pace with a small chance 

of another large drop. Therefore, the short-position risk (upper-tail risk) is the leading market 

risk for Gold index investors in the near future. Tables 4.3 and 4.4 shows the values of average 

losses for the gold index and S&P500 portfolio the larger the p values, the better risk measuring 

precision is achieved. 

 

Mixed hybrid copula archives two out of four best performances among different hybrid cop-

ulas, as indicated in the figures. Mixed model of copulas is also found to be superior to the 

other two copulas in three out of four cases in both the data set used. This data firmly implies 

that mixed copula approach is very flexible and can be used as a powerful tool in describing 

the complex dependence structures of Gold index and S&P 500. 
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The figures 4.6 and 4.7 imply that there is no large difference of measurement accuracy across 

different marginal distribution models, i.e., GAS Copula, GARCH and ES. This result may 

indicate that the dependence modelling of S&P500 and Gold Prices assets instead of the mar-

ginal distribution is the other factor determining risk measurement. It should also be noted that 

a special case of portfolio investment is the portfolio with equal-weighted assets. 

 

To guarantee the precision of the findings, it is conjectured another new set of asset weights 

for S&P500 and Gold Prices to be between the range of 0 to -10, respectively. Figures 4.6 and 

4.7 demonstrates the back testing results under the new weights, and present similar results.  

 
Figure 4. 6 GARCH FZ parameters for Gold Price Index 
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Figure 4. 7 GARCH FZ parameters for S&P500 

 

The implied ES loss function is identical to the "QLIK" loss function from volatility forecasting 

in the right panel, see, for example, Patton (2011). The values of (v, e) in both panels, where v 

< e is presented with a dashed line, as described by ES, are below VaR, and so are those values 

that would never be considered in practise. For a regular Normal random variable, we plot the 

contours of the predicted FZ0 loss in Figure 4.7."The minimum value that is reached when (v, 

e) = (-1.64, -2.06), and we see that the implied ES loss function resembles the" volatility fore-

cast LIKETM loss function, see, for example, (Patton, 2017). 

 

Values of (v, e) in both panels, where v c e is presented with a dashed line, as ESt is below 

VaRt by definition, and so such values can never be considered in practise. For a regular normal 

random variable, we plot the contours of the predicted FZ0 loss in Figure 4.7. The minimum 

value reached when (v, e) = (-fi.64, -2.06) is marked with a star, and we see that the star is 

marked the limits of convex sets are the iso- expected loss TM contours (that is, the level sets) 

of the expected loss function. (Fissler and Ziegel, 2021) shows that under any distribution with 

finite first moments, unique alpha-quantiles, continuous densities, and negative ES, convexity 

of sublevel sets holds more generally for the FZ0 loss function. 
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The trade-off ratios between the goal risks and the anticipated returns change along the suc-

cessful frontiers in line with the results. In comparison to the high expected return targets, port-

folio investments are able to increase their expected returns without placing themselves at 

higher risk by geographically spreading wheat farms to lower expected profitability levels. The 

balancing of the hectares allocated to the S&P500 and Gold Index. This result is anticipated 

between the S&P500 and Gold Index for the reasons described above. Importantly, S&P500 

has the lowest marginal average return and the highest (absolute) skewness and kurtosis. The 

key advantages of Gold Index development are therefore essentially de-derived from the low 

relationship (or opposite co-movement) of the marginal returns with S&P500 and Gold Index 

(see Figs.  4.6 and 4.7).  

 

4.5.2 Optimal Allocation using Hybrid FZ  

We examine the optimal percentage allocation between the S&P500 and Gold Index in this 

chapter. Firstly, the variations between a feasible asset allocation of equal weight (i.e., the total 

equally divided into two assets) and an effective portfolio of VaR are examined. This compar-

ison is carried out by determining the estimated return goal and then optimising the portfolio 

for both cases with the lowest risk. The findings illustrated in Table 4.5 and 4.6 show that for 

the same target return, the risk of the optimised effective VaR was reduced since this is based 

on simulation results for Normal innovations which are defined in the tables below.  

 
     

 𝜷 𝜸 𝒃𝜶 

True     0.9420 0.0129 72.8394 

Median      0.0000 0.0019 0.0000 

Avg bias     0.0489 0.0048 10.3018 

St Dev    -3.0214 1.9964 -1.5134 

Coverage    -4.2524 2.7324 -1.5563 

Table 4. 5 Hybrid FZ Parameters for Gold Price Index 

 
 𝜷 𝜸 𝒃𝜶 

True      0.9773 0.0051 192.4852 

Median     0.0025 0.0019 1.3216 

Avg bia     0.0168 0.0015 11.3206 
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We are further investigating the optimum allocation with efficient Hybrid Copula bounda-

ries. Figure 4.8 shows the efficient allocation (i.e., optimal weight) (a), the weighted returns 

(b) and the covariance risk budgets (c) for the copula-based portfolios corresponding to the 

various VaR-mean effective border goals (95 % confidence level). Since the weighted yield is 

the product of the optimum weight and the corresponding marginal yield, its value represents 

the proportion of each index contributing to the estimated marginal yield. These figures there-

fore tend to display a pattern similar to the figure (4.6 and 4.7).  

 

 
 

The historical marginal returns are adapted to the theoretical distribution curves as the first step 

of the model construction (Nguyen-Huy et al., 2017, 2018). All 2 historical marginal return 

data are capable of being. The generalized logistic distribution with the estimated parameters 

shown in Tables 4.6 and 4.7. The graphical evaluation includes the plots of density, cumulative 

distribution function, quantile-quantile, and probability-probability, which are analysed to val-

idate the effects of the marginal distribution. Fig. 4.8 shows the density and quantile-quantile 

graphs while the graphical analysis of the hybrid copula in combination with the statistical FZ 

tests supports the selection of the generalized logistic distribution in Gold and S&P500 to fit 

the returns. The summary results of the multivariate copula functions with the corresponding 

parameters, maximum log likelihood (llmax), and AIC are represented the results show that 

St Dev    -2.5133 3.9522 -0.6359 

Coverage    -3.7415 5.9449 -0.6294 

Table 4. 6 Hybrid FZ Parameters for S&P500 
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with regard to the case of multivariate copulas, the Gumbel copula is the most suitable copula 

model. For copula growth, the same set of copula functions are used, and the selected model 

of Hybrid copula is illustrated in Table 4.5 and 4.6.  

 

In this analysis, we have applied hybrid copula to help the selection of the most acceptable 

copula, similar to the procedure adopted for fitting the marginal distributions. Fig 4.8 plots the 

contours of the chosen bivariate copulas, superimposed on empirical observations and simu-

lated data extracted from the corresponding copulas, for each pair of returns. Fig. 4.8 further 

plots the contours of the chosen multivariate copulas, superimposed on empirical observations 

and simulated data extracted from the corresponding copulas, for each pair of returns. It is 

necessary to create three unique drawable and canonical copulas Aas et al., (2009) since there 

are two indexes in this analysis. Among the three measures used, the copula with the construc-

tion data of the Gold and S&P500 combinations is selected as this construction yields the low-

est AIC. It is notable that the nodes of the copula model with the corresponding order are im-

plied by the indexes, while the symbols denote the edges of the copula model constructions. 

Following the creation of optimal copula-statistical models, from the chosen Gumbel and cop-

ula models, we apply the copula-based GAS measure and obtain 1000 bootstrap simulations 

(i.e., simulation is repeated in 100 times for the sample size of 7296 points) of the marginal 

returns for each index (Nguyen-Huy et al., 2017, 2018). For the purpose of comparison, this 

analysis also uses the standard multivariate-normal distribution to produce another collection 

of simulated data using the simulation technique of ARCHGARCH. In this case, a multivariate-

normal distribution (i.e., the individual marginal return distributions and their dependencies are 

presumed to be normal) is presumed to obey the marginal returns. These Gold and S&P500 

sets of randomly simulated data (transformed back to the actual values) are used in the follow-

ing study and interpretation of portfolio diversification VaR efficient frontiers 

 
 

Gold Index  S&P 500 

CVaR (95) 0.021% 0.023% 

CVaR (99) -0.040% -0.037% 

CVaR (99.9) 0.271% -0.071% 

Table 4.7 CVaR For Gold Price Index and S&P500 
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This section describes the mean optimizations of CVaR where the ex-pegged return of the 

portfolio of Gold index and S& 500 is maximized subject to the restriction of the target risk 

(CVaR). Examples of optimal portfolios at three common confidence levels (i.e. 95%, 99% 

and 99.9%) from copula-based and traditional multivariate normal models are shown in table 

4.7. It is found that, by definition, the CVaR risk measure measures the out-comes versus the 

zero and, therefore, it is likely to have positive and negative values. The recorded values of the 

positive or greater than zero CVaR (similar to the positive VaR) applies to the certain negative 

outcomes (i.e., losses), and the negative CVaR correspond to certain positive outcomes (i.e., 

the gains or the returns). For example, a 95 percent CVaR value of 0.10(a positive value) refers 

to the scenario in which the expected return of the worst scenarios (i.e., 5 percent * 7296) is 

equal to -10 percent, and conversely, a 95 percent CVaR value of -0.10 (a negative value) refers 

to the scenarios in which the expected return of the -0.021% for gold and 0.023 for S&P500 

worst scenarios is equal to 10 percent. In order to compare the optimized mean CVaR values 

under different distribution assumptions, for each confidence level, the same targets of the ex-

pected returns are chosen. A higher mean-CVaR value than the traditional multivariate-normal 

portfolio is provided by the two copula-based portfolios.  

 

It is obvious that, depending on the different expected marginal returns and risk levels, the 

optimal share assigned to each asset. The optimal decision, as expected, is to assign to the 

highest expected marginal return, i.e., S&P500 in this case, resulting in the maximum level of 

risk. Operating in both S&P500 and Gold Index with the highest proportion of rising invest-

ment allocated to S&P500 (50 percent) is the optimal option for the minimum CVaR portfo-

lio. Investment should be grown mainly in S&P500 and not at all in Gold, in order to achieve 

a medium to high level of planned profitability. When targeting low to medium levels of prof-

itability and risk, it is also desirable to assign most of the stock return to S&P500 and Gold 

Index.  

 

However, for the 90 percent and 99 percent confidence rate, refer Table 4.8. It can be easily 

seen that the patterns of allocation S&P500 and Gold Price index returns. To maximise the 

minimum risk, for the very worst cases (i.e. at the 99 percent trust level), the ES measured the 

worst cases in S&P500 (55 percent) and less in Gold Index (5 percent) because S&P500  has 

the lowest standard deviation.  
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Accordingly, the findings in Table 4.7show that Gold and S&P500 are likely to underestimate 

the minimum level of risk calculated by CVaR for a given expected return using the multivar-

iate-normal method if the joint distribution of marginal returns is properly followed by a non-

normal distribution modelled as a copula. Underestimation of the risk under the multivariate-

normal distribution assumption can be detected by the CVaR results. The CVaR efficient 

boundary acquired from the standard multivariate-normal portfolio is plotted for different lev-

els of trust against those from the copula-based portfolios. As one can see from Table 4.6, 4.7 

and 4.8, from copula-based models, substantially higher frontier values can be observed com-

pared to the multivariate-normal model. This is because the copula-based models are able to 

account for the dependence of the tails, while the multivariate-normal distribution assumes that 

the tail dependency coefficient is zero, and thus ignores the co-movement of the joint distribu-

tions in the tail. As such, the portfolio optimisation approach relying on the traditional multi-

variate-normal assumption may be less defensive, while copula-based models are more suitable 

for investors who are concerned with the extreme losses of their index’s profitability.  

 

We now turn to forecast performance of the models discussed above, as well as some compet-

itor models from the existing literature. We will focus initially on the results for that in all of 

the one-factor models, the intercept (c) in the GAS equation is unidentified. We fix it at zero 

for the GAS-fiF and Hybrid models, and at one for the GARCH-FZ model. This has no impact 

on the fit of these models for VaR and ES, but it means that we cannot interpret the estimated 

(a, b) parameters as the VaR and ES of the standardized residuals, and we no longer expect the 

estimated values to match the sample estimates in Tables 4.8 and 4.9. 

 
 𝜷 𝜸 𝒃𝜶 
True     0.9420 0.0554 17.0187 
Median     0.1036 0.0326 3.1770 
Avg bias    -1.1900 0.1102 -10.7970 
St dev    -1.7504 0.2618 -6.6859 

Table 4. 8 GARCH FZ Parameter for S&P500 
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 𝜷 𝜸 𝒃𝜶 
True     0.9484 0.0472 20.0774 
Median     0.0835 0.0213 3.9256 
Avg bias    -1.2598 0.1123 -11.2180 
St dev    -1.8129 0.2399 -7.5556 

Table 4. 9 GARCH FZ Parameter for Gold Price Index 

α = 0.05, given the focus on that percentile in the extant VaR literature. (Results for other 

values of α are considered below, with details provided in this detailed analysis.) We will con-

sider a total of ten models for forecasting ES and VaR. Firstly, we consider three rolling win-

dow methods, using window lengths of FZ1Fand 500 days. We next consider ARMA-GARCH 

models, with the ARMA model orders selected using the BIC, and assuming that the distribu-

tion of the innovations is standard Normal or skew t, or estimating it nonparametrically using 

the sample ES and VaR of the estimated standardized residuals. Finally, we consider four new 

semiparametric dynamic models for ES and VaR: the two-factor GAS model presented in 

methodology section 4.3.9, the one-factor GAS model presented in methodology section 4.3.7, 

a GARCH model estimated using FZ loss minimization, and the hybrid GAS/GARCH model 

presented in methodology section 4.3.11. We estimate these models using the first ten years as 

our in-sample period, and retain those parameter estimates throughout the OOS period. 

 

In Figure 4.10 below we plot the fitted 5% ES and VaR for the S&P500 and Gold Index return 

series, using three models: the rolling window model using a window of 125 days, the 

GARCH-EDF model, and the one-factor GAS model. This figure 4.12 covers both the in-sam-

ple periods. The figure shows that the average ES was estimated at around -2%, rising as high 

as around -1% in the mid 90s and mid 00s, and falling to its most extreme values of around -

10% during the financial crisis in late 2008. Thus, like volatility, ES fluctuates substantially 

over time. 
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The copula mutually attached evaluates for S&P500 and Gold Index prices portray. Powerful 

admiring involving reliance among subsets of the episodes are specified the life by the entrance 

from lowest row. The outcome generated by Ciaian et al. (2016) or Corbet et al. (2018) are 

comparable. An intense mutually attached among stock and commodities is discussed in the 

analysis. The reliance is all great with the significant maintenance everywhere, founded among 

S&P500 and Gold Index. Developing proof of dominant equivalence between them the non-

astonishing fact. 

 

We at the moment think hybrid copulas more detailed compare of the two options, since GAS 

copulas present more flexibility than Constant copulas. It is known that GAS copula frame-

works outstand the constant structures. The two categories of markets are analysed quite 

closely. 

0 1000 2000 3000 4000 5000 6000 7000 8000
-8

-7

-6

-5

-4

-3

-2

-1

0

0 1000 2000 3000 4000 5000 6000 7000 8000
-12

-10

-8

-6

-4

-2

0

Figure 4. 9 The Hybrid Copula along with GAS, GARCH, CVaR, FZ loss estimations for Gold Price Index and S&P500 

FZ
 L

os
s 

 

FZ
 L

os
s 

 

Returns  
 

Returns  
 



 234 

 
Figure 4. 10 5% VaR and ES forecasts for S&P500 daily returns. 

Figure 4.10 demonstrated the VaR and ES results of the past 27 years. We can see the downfalls 

during 2008 and 2009 which could be because of the financial crisis during that time. The 

results show that S&P500 was highly affected by the financial turmoil. Other than this other 

dips and ups are not quite significant but another thing that can be well noted is that it recovered 

in 2010. Companies of finance, use risk measuring method Ciaian et al. (2016) for the inves-

tors. Ciaian et al. (2016) have mentioned that some of the practical notes use hybrid system 

copula mechanisms. As the hybrid approach of copula used in this study the GAS mechanism 

for the original gold distribution to investors, the hybrid system based on the copula strategy 

will fix the question of the initial investment on commodity related risk.  Later, the GAS mech-

anism is eventually taken over the Copula along with VaR mechanism. Therefore, combining 

the strategies to rectify the risk when reducing the total expense of the investors to invest in 

much safer and secure financial market. 
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Figure 4. 11 VaR and ES for S&P500 

Figure 4.11 focuses on the last two years of our sample period, to better reveal the differences 

in the estimates from these models. We observe the usual step-like movements in the rolling 

window estimate of VaR and ES, as the more extreme observations enter and leave the estima-

tion window. Comparing the GARCH and GAS estimates, we see how they differ in reacting 

to returns: the GARCH estimates are driven by lagged squared returns, and thus move stochas-

tically each day. The GAS estimates, on the other hand, only use information from returns 

when the VaR is violated, and on other days the estimates revert deterministically to the long-

run mean. This generates a smoother time series of VaR and ES estimates. We investigate 

below which of these estimates provides a better fit to the data. 

Respectively, the Hybrid ES-VaR model outline and identification form is displayed figure 

4.11. We talk about outcome which tell of the kind of copula suited to get the reliance among 

diverse couples, for compactness. And so forth, we monitor column 1 from deep down that the 

Clayton copula (number3) suits to get the reliance diverse S&P500 and Gold Prices, provided 

by returns, which in contact with Clayton. Just half of the copula line is consumed with the 

main copula clan overall turned up 4 times: shoving up 5 timer, existing 3(Clayton) and super-

vened by Frank (5). Using the techniques above supplies forecasts to the VaR (Value at Risk) 

which is time-invariant. This also has the benefit of the commodities in the portfolio having 
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co-dependency. This framework is used as a manifestation of a practical application of the co-

dependencies which are then captured by the flexible VaR Copula approach. This is applied so 

that VaR forecasts can be confirmed. Fig. 4.11 portrays the 5% VaR forecasts and Estimated 

shortfall. It also portrays original portfolio return series which are taken from the procedure 

which shows a 7296-day rolling window sample in full. Judging by the plot, it shows us that 

the VaR forecasts closely follow the daily returns from January 1992- January 2020 to the early 

days.  

For a much better contrast on how the copula VaR forecasts perform, we use a series of 

S&P500 and gold returns. We also join this with an equally-weighted portfolio. This is to create 

a simulation and would give a suitable analysis on the use of GARCH (1,1) model presenting 

200 daily rolling windows. The violation number which is most relevant of the VaR set at 5% 

shows us that our copula approach captures the complex structure of dependencies more effec-

tively and would be the best option for a VaR analysis. 

 

We also use these instructions here. First of all, change the sample data so it’s in log returns 

form. Then select 7296 returns as the moving window. The second step would be to fit normal 

innovation into the GARCH (1,1). This would lead to a change of the log returns into an IID 

series. Thirdly, after extracting the fit from the previous step, we would then simulate 1000 

returns per asset. Once this is completed, the fourth step is to repeat the process of fitting the 

GARCH, converting the log returns and extracting the fit for all the stocks and Gold Index. 

Following this step, we then complete the calculations of the portfolio return from the simu-

lated series. Step five is to generate a series of simulated daily portfolio returns which would 

forecast 5% VaR (Value at Risk) and estimated shortfalls (ES). The sixth and final step would 

be to then repeat from the first step to the fifth step for a moving window. There are study 

reports that show the plots (Fig. 4.9) use of the GARCH model has led to numerous violations 

of the VaR 5% and Estimated Shortfall 5% in comparison of the forecasts of VaR constructed 

on the application of copulas. Thus, our copula GAS models are more suitable to calculate the 

portfolio VaR for the selected time frame.  
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Figure 4. 12 5% VaR and ES forecasts for Gold Price Index daily returns.  

In figure 4.12 we track Ciaian et al. (2016) to display the main aspect of cash. Similar to Gold, 

highest returns own a fixed higher distribution of the Gold conceivably rich (put in circulation). 

The slight supply growth of produced gold cutdown over the stage and meets to zero when it 

comes to peak, the acceleration differs from commodity to commodity. With respect to the 

transaction performance/proof mechanism, various commodities have distinctive generating 

mechanisms. The Value at risk figure is used for practical demonstration, S&P500 risk meas-

urement. Investors who complete the measure the risk by using the measurement of VaR earn 

compensation in shape of that they can forecast the risk involved in the asset that they wish to 

invest in. The ethic of VaR and ES, is that it is that these both are inter connected with the 

computing power, but on the other hand, straightforward to be identified by network partici-

pants. The investment in commodities fulfil the risk first, for the network to allow their pro-

posed block of transaction. In other words, an investor must consider the risk factor, so that a 

new block can be added with the order of investment. The limitation of identifying a risk in-

vestment system is that it results in a significant expenditure in computing power and energy 

usage, with its only benefit of checking risk involved in the investment of the asset (Chowdhary 

et al., 2011). 
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The average sample losses, using the FZ0 loss function for each of the ten models, for the two 

equity return series. The lowest values in each column are highlighted in bold, and the second-

lowest are in italics. We observe that the one-factor GAS model, labelled FZ1Fis the preferred 

model for the one US equity indices, while the Hybrid model is the preferred model for the 

S&P500 and Gold Index. The worst model is the rolling window with a window length of 7296 

days. 

 RW-125 RW-250 RW-500 FZ2F FZ1F Hybrid 
RW-125 
 

    - 
 

-1.364 
 

-3.432 
 

2.133 
 

4.193 
 

3.569  
 

RW-250 
   

   1.364 
 

- 
 

-3.501 
 

2.403 
 

3.861 
 

3.388  
 

RW-500 
 

 3.432 
 

3.501 
 

- 
 

4.005 
 

5.365 
 

5.048  
 

FZ2F 
 

-2.133 
 

-2.403 
 

-4.005 
 

- 
 

1.762 
 

0.334  
 

FZ1F 
 

-4.193 
 

-3.861 
 

-5.365 
 

-1.762 
 

- 
 

-  1.784  
 

Hybrid -3.569 -3.388 -5.048 -0.334 1.784 - 

Table 4. 10 Diebold-Mariano t-statistics on average loss differences alpha=0.05, S&P500 returns 

 

. RW-125 RW-250 RW-
500 

FZ2F 
 

FZ1F 
 

Hybrid 

RW-125 - -2.823 -1.185 -2.579 1.617 2.161  

RW-250 2.823 - 0.754 -0.776 3.520 3.693  

RW-500 1.185 -0.754 - -1.124 2.191 2.642  

FZ2F 2.579 0.776 1.124 - 4.086 3.807  

FZ1F -1.617 -3.520 -2.191 -4.086 - 1.400  

Hybrid -2.161 -3.693 -2.642 -3.807 -1.400 - 

Table 4. 11 Diebold-Mariano t-statistics on average loss differences alpha=0.05, Gold Price Index returns 
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While average losses are useful for an initial look at sample forecast performance, they do not 

reveal whether the gains are statistically significant. Table 4.10 and 4.11 presents Diebold-

Mariano (1995) t-statistics on the loss differences, for the Gold Index and S&P500 index. Cor-

responding tables for the other equity return series are presented in Table 4.4 and 4.5 of the 

supplemental. The tests are conducted as row model minus column model and so a  positive  

number  indicates  that  the  column  model outperforms  the  row  model. The column FZ1F 

corresponding to  the  one-factor  GAS  model contains all positive entries, revealing that this 

model out-performed all competing models. This outperformance is strongly significant for the 

comparisons to the rolling window forecasts, as well as the GARCH model with Normal inno-

vations. The gains relative to the GARCH model with skew t or nonparametric innovations are 

not significant, with DM t-statistics 1.79 and 1.53 respectively. Similar results are found for 

the best models for each of the equity return series. Thus, the worst models are easily separated 

from the better models, but the best few models are generally not significantly different. The 

supplemental results analogous in both the table, but with alpha=0.025, which is the value for 

ES that is the focus of the Basel III accord. The rankings and results are qualitatively similar 

to those for alpha=0.05 discussed here. 

 

From the outcomes in the table 4.9 and 4.10, it tends to be seen that the Rotated Gumbel GAS 

copula model presentations higher support proficiency than the student t GAS copula model, 

in which the RGG-Skew t model accomplishes the supporting productivity as high as 90.6%. 

While the utilization of the student t GAS copula model joined with various peripheral models 

doesn't show huge danger decrease. Among them, the StG-Student t model gets the most min-

imal positioning of supporting impact, that is, 75%. It shows that there is uneven unique reli-

ance between unrefined gold index and S&P500 fates, and the thick-followed prospects returns 

circulation is deviated. The supporting technique considering the above qualities of Gold Price 

index and S&P500 prospects returns can accomplish higher fence proficiency.   
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Figure 4. 13 VaR and ES for Gold Price Index 

Figure 4.13 puts light on the last two years of VaR and ES results for Gold prices. It can be 

observed that the gold prices have remained quite stagnant during the last years. We can see 

that the maximum losses during the time interval is not quite significant and the worst-case 

scenario seems good as well.  

From fig 4.9, it is instinctively observed that the tail dependence between Gold and S&P500 

has commerce dramatically in addition to nonlinear dependence over time. On the other hand, 

the indexes confirm a strong correlation at the tail and in extreme events, it shows a strong 

Time Varying spill-over effect between the Gold and S&P500. The probability of synchronous 

slump between the markets gets greater due to the existence of tail dependence which also 

indicates that the tail risk is getting more contagious between markets. Therefore, it also ex-

plains that when conducting tail risk management, investors need to take in mind the impacts 

of extreme events on risk assessment.  
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4.5.3 Tail Risk Evaluation  

In this section, we are going to evaluate the one-day-ahead VaR and ES of an equally weighted 

portfolio consist of Gold and S&P500 returns as our objective. It requires investigating the 

joint distribution of returns to estimate the portfolio risk. And since the best choice for captur-

ing the heaviness of tail is skew t marginal distribution. Thereafter we will calculate the VaR 

and ES risk measurement with the help of the Rotated Gumbel GAS copula model and the 

Student GAS copula model with skew t marginal distribution for index returns on average. Fig 

4.16 shows the risk variation trend. The copula simulation method is utilized to forecast risk 

measurements as there is no analytic formula to switch from.  

At the beginning of the sample, it can be seen that the VaR ranges from about -5% to about -

02% in financial crisis. At the beginning of the sample, the ES ranges about -7% and at the 

height of financial crisis it ranges as low as -20%. The risk estimated by Rotated Gumbel GAS 

copula model are lower than that which was estimated from Student GAS copula model on 

average for indexes return, which is stable with lower tail dependence implied from this GAS 

copula. Furthermore, we found from our analysis that the VaR means of S&P500 at the same 

confidence levels are larger than that of Gold Index no matter the returns increase or goes 

down. Therefore, it reveals that more risk reserves should be prepared by S&P500 market.  

The coverage degree of the actual losses by the model risk value should be examined to assess 

the prediction accuracy under different models. Prediction performance of VaR which are es-

timated from different models are compared by using backtesting. The Christoffersen Likeli-

hood Ratio Test (CLR) and the Berkowitz Likelihood Ratio Test (BLR) are used in VaR 

backtesting. The number of violations where true loss exceeds the predicted VaR are calculated 

by CLR test which includes unconditional coverage of the CLR test (CLRuc), CLR independ-

ence test (CLRind), and the joint test CLRcc. The BLR test which is based on the density 

calculation performs the BLR independence test (BLRind) and the tail distribution prediction 

(BLRtail) by calculating the inverse function of the cumulative distribution functions. Using 

the out-of-sample dataset at 99% confidence level, table depicts the statistical result and the 

corresponding p-value of forecasting performances with different models.  

From Table 4.5 and 4,6 , it is clear that the StG-GED model does not pass the CLRuc test, the 

CLRcc test, and the BLRind test at the 1% confidence level. And also, the StG-Student t model 

does not pass the CLRuc test and BLRtail test at the 1% confidence level. Whereas the RGG-
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Skew t model and the RGG-GED model pass both the CLR test and the BLR test. According 

to consequences of number of violations it is clear that the estimated effect of the Rot Gumbel 

copula model is considerably better than that of the student t copula model, therefore it verifies 

that the Rot Gumbel copula model is suitable for measuring financial risks which was the con-

clusion procured in the previous section.  

4.5.4 Hedging for Indexes Return with GJR-GARCH-Skew t-GAS-Copula 

Model   

Hedging is one of the key functionalities of the financial future in terms to avoid price risk. 

Due to the derivative products and their complexity, hedging strategy is critical and its effec-

tivity depends upon the accurate estimation of the hedging ratio. As known the effect of hedg-

ing depends on the changes of basis and hedging of future is mainly conducted on the basis. 

Hedging strategy is perfect only if the basis is zero or the expected basis is achieved. The 

existence of perfect hedging is very rare because in real trading the basis is variable. Changes 

in the investment profits and losses are caused by the small probability events in the futures 

investment field or the thick-tailed phenomenon. Therefore, it is necessary to consider the 

aforementioned financial stylized phenomenon while constructing a hedging portfolio.  

The joint distribution of assets is Time Varying, and the static hedging is no longer appropriate 

with the introduction of new information shocks. Adopting hedge strategies can lead to better 

risk aversion efficiency based on dynamic dependence to characterize relationships between 

spot and futures (Bhatia et al., 2018) Presently there is a small amount of research done on 

future hedging based on Time Varying copula models. Brandtner (2013) stated that the ad-

vantage of Time Varying hedging strategy is achieved from accommodating the changing joint 

distribution of spot and futures returns. In this section to investigate the hedge ratio and the 

efficiency of both indexes in the circumstances of dynamic copula based nonlinear dependence 

structure, leptokurtic, and asymmetric marginal distribution we will examine the performances 

of the GJR-GARCH-Skew t-GAS-copula model for hedging both indexes.  

As per the definition of hedge ratio, the dynamic risk ratio (HR) taking into consideration the 

conditional variance-covariance matrix can be defined as HR = ρtσsσf/(σf). For the GAS cop-

ula models, instead of ρt; the mean value of dynamic tail correlation is used to calculate HR. 

Here we define the hedging efficiency (HE) as the reduction percentage of the spot variance 

after entering the futures hedge. It can be seen that HE is larger values correspond to higher 
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hedging efficiency and more risks reduction of the spot variance, with a positive number be-

tween 0 and 1. The results of hedge ratio and the hedge efficiency of both the assets is been 

depicted in Tables 4.4 and 4.5.  

This study focuses out a few challenges in copula development that seem shape the subject of 

encourage examination to address these impediments. One such challenge is that basic insta-

bilities within the demonstration that may influence of results when estimating copula param-

eters, counting the potential sources of blunder that are inferred from information administra-

tion and model structures created by absolutely factual approach. This might lead to major is-

sues, where a few of the copula parameters may equally fit the factual goodness-of-fit test 

Schepsmeier, (2016) but may in truth carry mistakes inside them to confound the overall and 

precision of the recreated information. This issue seems to influence the method of find-

ing an interesting combi- country of copula parameters that are significantly prevalent to the 

others. Moreover, one combination of copula parameters may be either be superior than the 

others based on the goodness-of-fit degree or it may be more regrettable in regard to another 

parameter. For instance, in case a copula family is chosen agreeing to the Bayesian Data Cri-

teria (BIC), the punishment for a two-parameter copula (e.g., student’s t, BB1, BB6, etc.) might 

be more prominent than that based on the AIC esteem (Schepsmeier, 2016). 

 

It is additionally worth noticing that the estimation of copula parameters depends on the period 

of watched information (Nguyen-Huy et al., 2018; Schepsmeier, 2016). This implies that the 

reliance structure between any perceptions seem change with the time calculate, resulting in 

diverse selection of copula for demonstrating the relationship between same objects. For in-

stance, in our past study (chapter 2 and 3), the copula combination was distinctive in each k-

fold cross-validation prepare where the dataset was split into distinctive preparing and testing 

subsamples. In this manner, the utilize of a satisfactory gather of tests to reflect more infor-

mation about the framework behaviour is energized rather than finding the leading parameter 

combination which is inferred as the true representative of the framework (Schepsmeier, 2016). 

In expansion, according to Schepsmeier (2016) choosing the most excellent copula parameter 

combination may lead to an underestimation of the vulnerabilities of the complete framework. 

At long last, the constrained length of the data can conceivably influence the precision of the 

parameter estimation by expanding the uncertainties (Francq and Zakoïan, 2015). All these 

reasons, and others, war-rage an encourage examination to moderate the complications in 
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selecting the most excellent copula demonstrate as well as the best parameters of the ideal 

copula function.  

 

The current study too comes with common presumptions that have been detailed in distributed 

writing. To begin with, this thought does not account for the taken a toll of developing in in-

vestment stocks (Larsen et al., 2015). Moment, it is accepted that the minimal conveyance does 

not alter over the entry of time (Schepsmeier, 2016). At last, since the measurable demonstrate 

was developed utilizing verifiable information, this information isn’t able to account for the 

scenarios which have not been happened some time recently. This implies the show cannot be 

effortlessly balanced to suit for the changes in factors such as financial changes, innovation, 

and development of new techniques. In this manner, in arrange to attain more strongness di-

versification benefits, it is imperative to join the impacts of all the costs which will happen in 

geological conveying the portfolio management on the basis of stocks and commodities as well 

as performing the show with beneath numerous anticipated scenarios.  

 
Effectiveness of applying portfolio diversification strategy has been mainly explored in the 

current research for risk management in the commodity and stock sector. It has revealed that 

mean-CVaR is among the most famous methods for measuring down side risks that occur, 

which was calculated through the use of copula-based approach. Comparing the performance 

of the copula-statistical mode with the traditional multivariate-normal model, the former was 

able to carrying out modelling of joint distribution for various type of datasets in a flexible 

manner and even include account the non-normal distributions. Study also revealed that the 

hybrid copula statistical model was able to successful capture of variety of dependencies struc-

tures that were present, especially in the case where joint distribution of marginal returns ex-

hibited a dependence of tails which were pointed out in the studies carried out earlier relating 

to perception and forecasting relating to Gold Price Index and S&P500 (Nguyem-Huy et al, 

2017, 2018).   

 

Also, on our investigation of commodities and stock, we concluded that VaR is the best option 

as it is the one that will provide the ideal economical risk-reward trade-off for those who utilize 

efficient frontier portfolios. This research will be a useful revelation for investors who are con-

sidering to speculate or hedge positions using commodities and stocks, and is based on the 

shortage of a posteriori research on the stock and commodity market. However, this document 

does not analyse the price breaks of 1992/2020, so we suggest that any potential structural 
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breaks are considered in prospective studies.  Our methods isolate parameters that would be of 

use in drawing up dependence risk and investment risk strategies aimed at potential investors, 

in particular when the markets are heavily fluctuating. Policymakers who wish to contribute to 

the decrease of systemic risks and regulators such as financial market authorities or central 

banks rely on such dependence and relations. 

 

In this chapter, conductive frontier of the both the assets under the short-selling pressure is 

used to explore the mean-variance portfolio expansion framework. Two largest liquid and 

highly capitalized stock and commodity, are based on the profitable frontier, showing the max-

imum and minimum predicted returns among all the stock and commodities considered, re-

spectively, are observed in Fig 4.12. Over logical asset allocation across the virtual funds, the 

highest Sharpe scale and highest utility can be accomplished on the profitable frontier in Fig. 

4.12. In Fig. 4.13 and 4.14, we take out the short-selling constraints and conspire the profitable 

frontier again. The figure 4.12 represents that none of the stock now lie on the frontier. 

 

Results of the research showed important implication for two important investment aspects in 

S&P500 and Gold Index, dividing the indexes carefully keeping under consideration even the 

external factors such as recession, financial turmoil and political aspects but the findings of the 

research can also be extended to other basis of stable economical and unstable economical 

countries. Feature of the model to calculate joint dependencies as well as analysing the poten-

tial investment stocks where diversification of portfolio can be offered to investors in optimiz-

ing their mapping of getting greater return which will result in reduction of risks. Such ap-

proach has gained importance as a broad modelling method mainly due to its multivariate joint 

distribution ability and the marginal return which is generated by the copula function, and then 

for comparison persons, evaluated with the multivariate-normal approach. CVaR criteria was 

calculated by using scenarios form the copula simulation methods for achieving optimization 

of this method. Maximizing the expected marginal return at the target levels as specific by 

CVaR helped to achieve portfolio optimization.  

 

Using daily data from January 1992 to January 2020, we cover hybrid copula surrounds to 

model the co-dependence and portfolio value-at-risk (VaR) of commodity and stock in this 

paper. Evidence of strong dependencies was established among the commodity and the stock 

exchange with a dependency format that changes in a problematic manner. Gold index allows 

the best optimal and economically risk-reward trade-off substance to a no-shorting constraint 



 246 

for portfolio investors using the profitable frontier was found among the class of commodity 

and stock examined. The findings imply capable dependencies between Gold Index and 

S&P500, which represent the highly substance and most capitalized virtual currency. S&P500 

and Gold Index are most connected to commodity with stock having the only direct dependence 

with Gold are observed. 

 

Commodities are related to Stock in terms of supply characteristics and type of valuation mech-

anism, this paradox can partly be explained by the fact that among the category of commodities 

in our fragment Ciaian et al. (2018) We create portfolio VaR based on the dependencies ob-

tained, relying on the resilience of the hybrid copula approach and the prevalence of the Stu-

dent-t copula family in modelling dependence. As results show the VaR calculations closely 

follow the periodic returns with few violations. By matching these with results given from the 

same data using GARCH (1,1) distribution, we conclude that our GAS copula models and 

estimated shortfalls are best suited to gauge the VaR during the considered time period.   

 

Use of portfolio distribution to downside the risk is deemed as valuable as indicated through 

the optimization of CVaR results as described by the corresponding efficient frontier and opti-

mal stock allocation. Findings of the research and application in risk reduction is particular 

applicable for investors present in S&P500 and Gold Index given that these are located below 

efficient frontiers. S&P500 investors at the frontier curve was taken for explaining this phe-

nomenon, which was able to generate significant benefit from portfolio diversification. Two 

optimal portfolio models were used in the current study for showing the benefit which can be 

derived from diversification strategy, which is an achievable tool for risk modelling and man-

agement. Portfolio allocation for stock was not the same but depended on the profitability 

which investors expected and the target amount of risk that was desired to be taken up.  

 

Ability of the copula method for addressing the lower tail dependence on joint return distribu-

tion was found to be advantageous. In the case where marginal returns are not normally dis-

tributed, as was shown the case, multivariate normal model holds potential for pointing out the 

minimum level of downside risk that can be expected at a given target, mainly through dis-

counting of the existence present at lower tail dependencies. Results clearly show that the hy-

brid copula and GAS has outperformed the Gumbel copula, given that it had allowed different 

variable pairs to be modelled by different copula functions. Based on the results that have been 

achieved and their discussion made, it can be said that yield of investors can be significantly 
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enhanced at the same level of risk by dividing index in two that is Gold Index and S&P500 that 

have been identified. Results have been discussed mainly at a portfolio diversification but the 

method can be extended further at different levels such as other stocks and commodities. Few 

drawbacks are also present in the research such as failing to take into account the cost associ-

ated with brokers that are working at different places to sell the stocks to investors, which could 

significantly influence the modelling strategy mentioned in this paper. Need is also present to 

explore the cost related components that are associated with different stocks and can be ex-

plored for different indexes diversification strategy. Last potential value that can be derived for 

future research is exploring the spatiotemporal impact which political conditions have on mar-

ginal returns across different countries.  

 
4.5.5 Ranking of Models: 
 
Two comparative techniques have been used to rate and measure the variables after the results 

were achieved. Firstly, the rate of the best evaluation on the index, were used similarly, for 

both VaR and ES results. The purpose of the calculation is to determine the most efficient 

model with the most indices. This ranking system may, however, ignore models that regularly 

have decent estimates, but hardly produce the best index estimates. The second method-the 

average results-has been used to address this problem. Under VaR, the sum of every LR in the 

duration, not only for LR, was calculated while for ES the sum of actual values was calculated 

from Z, [Z], since the overview of external and internal factors may produce confusing out-

comes. The evaluation should be capable of capturing that model being represented in individ-

ual indices, and also on average using all these attributes for both VaR and ES. To evaluate 

which distributions are most useful, every variant belonging to a particular distribution has 

statistics indicated for each duration as LR and |Z|. In order to demonstrate the absolute relia-

bility of the models. Models in which all results are appropriate as statistically valid at a 5% 

confidence level were found to be more trustworthy than those which did not. The crucial sig-

nificance for LR statistics at the 5% level of confidence is 3.84; for LR, it is 10.  

 

18.31. 18.31 is extracted from χ210 – allocation, since LRi ∼ χ21 ⇒ LRi ∼ χ210. The value of 

LR i=1 was not checked but used only for specific contrast. The Z-statists were compared to 

the crucial 5%-confidence standard −0.7 as (Acerbi and Szekely, 2014) suggested, while |Z| 

and |Z| and have no critical value and function simply as resources to compare the precision of 

the model internally. 



 248 

Regarding the copula-based portfolios, we can conclude that for all considered confidence lev-

els, the copula is able to calculate the risk much better than the Gumbel copula. This is because 

the hybrid copula models the dependencies of each variable pair more flexibly than the multi-

variate Archimedean copula by the construction approach (Bedford and Cooke, 2002; Zhang 

and Singh, 2014). We also analyse the preservative ability of the two models to model the 

dependencies between variable pairs in order to examine this. For the three models, a compar-

ison of simulated and observed rank-based correlation coefficients (Kendall's τ). It is obvious 

that, compared with the multivariate Gumbel and multivariate-normal model, the Hybrid 

method is able to reserve the dependencies of all variable pairs. Therefore, provided the same 

target expected returns relative to the copula model, the Gumbel model could overestimate the 

risks. Please refer to figure 4.9.  

 

There’s modern talk about among the specialists with respect to the enhancement of efficiency 

of diversification strategies in finance industry. In the worst case when an arrangement of fi-

nancial turmoil occasions is exceedingly connected, it is apparent there may be no advantage 

of broadening. Agreeing Li (2011), we cannot broaden systematic hazard on the off chance 

that normal fiascos happen concurrently among an expansive number of financial losses. Some 

significant ideas may be drawn from the study of Xu et al. (2010) in German, expressing those 

systematic risks shifts of investment are not conceivable to be broadened at recession basis. 

Based on a study within United States, Wang and Zhang (2003) expressed that an investment 

system can be broadened at the international level. In the same manner, the behaviour of sys-

tematic risks of investments may be different over a worldwide scale since of the contrasts in 
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economically stable and unstable countries (Okhrin et al., 2012). In this study, investment 

broadening has been inspected as a possibly compelling technique for an unsystematic system. 

This study is critical since risk along with correlation methodology can accomplish a suitable 

measure with specially required target dangers and expected returns through the proposed cop-

ula-based CVaR approach. This may be performed by altering the extent of the proportion to 

developing portfolio management to obtain an ideal return-risk trade-off.  

 

In respects to the strategy, the copula- based ES-VaR model is found to be prevalent to the 

ordinary multivariate normal approach. It is anticipated since the distribution of the negligi-

ble returns isn’t normal and our results about are in understanding with the study of (Larsen et 

al., 2015). However, whereas the author connected only the multivariate copulas with lower 

tail, our study is about utilizing copula capacities that have either lower tail or upper tail for 

more adaptable and appropriate depiction of information dependences. Moreover, the hybrid 

copula is found to be way better than the multivariate copula (as used within the ponder of 

Larsen et al. (2015) in demonstrating the reliance structures of the joint dissemination by re-

serving the dependences among variable sets. This finding reconfirms the focal points of the 

copulas expressed in Brechmann (2010) and found by Zhang and Singh (2014).   

 

4.6 Conclusion  
 
In this paper, the GJR-GARCH-Skew t model, Hybrid Copula, GAS estimations and Expected 

Shortfall (ES-VaR model) is utilized for catching the deviation and hefty tail impacts of the 

negligible returns’ appropriation of the Gold Price Index and S&P500. So as to at the same 

time fuse the uneven and dynamic reliance structure of advantages, the GAS strategy is ac-

quainted into copula capacities with make the boundaries time fluctuating for tail reliance of 

prospects returns in high measurements. In this way, we give a bound together and reliable 

structure by consolidating dynamic GAS copula model with fat tail followed model for de-

scribing the joint appropriation. Also, the traditional two-stage most extreme probability as-

sessment technique is adjusted with the non-Gaussian QML assessor for hefty followed ad-

vancement mistakes. Further, under the recently developed model structure, the tail risk de-

pendence of financial assets (Gold Price index and S&P500) market is investigated. At that 

point we process the time changing supporting proficiency of stock and commodity prospects 

under the GAS copula model with the thick tail followed minimal dispersion.   
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The examinations have discovered that the S&P500 and Gold Price index prospects display 

solid tail reliance, which demonstrates that there exist time differing overflow impacts between 

the volatility of S&P500 and Gold Prices in outrageous functions. A further investigation of 

the dynamic tail dependence between the two financial sectors uncovers that the tail reliance 

is unbalanced. It tends to be discovered that the time shifting copulas show improvement over 

the consistent copulas, which suggests that there exist dynamic copula boundaries and it creates 

significant consequences for the GOF of copula for both the indexes. The assessment of integ-

rity of fit trial of GAS copula and the Skew t minimal appropriation find that the GJR-GARCH-

Skew t-Rot Gumbel GAS copula model can successfully fit the multivariate joint conveyance, 

with the fitting exactness getting higher than that of other time changing copula models and 

thick-followed dissemination detail structures. Upon this premise, the VaR and ES patterns of 

the danger of stock and commodity portfolio and the supporting effectiveness of returns of both 

markets on spot are introduced. The outcomes acquired give proposals to speculators and ad-

ministrators: when performing supporting technique, the GJR-GARCH-Skew t-Rot Gumbel 

GAS copula model can be utilized to direct the computation of supporting proportion and the 

execution of supporting methodologies so as to get higher productivity. 

 

4.7 Contribution to Knowledge  
 

The findings of this study contribute to the existing body of knowledge in three distinct ways. 

To get started, we are going to discuss a variety of modelling methodologies that are tailored 

to ES and VaR. in particular. These systems depend on the GAS system that was established 

by Creal et al. (2013), in addition to excellent concepts that can be found in the literature rele-

vant to instability. Creal et al. (for additional details about this topic, check Andersen et al., 

2006). in the sense that they impose parametric frameworks for the dynamics of ES and VaR., 

the techniques that we provide fall into the category of being semi-parametric. On the other 

hand, these models are totally indifferent to the dependent variable, which is a collection of 

return probabilities. We explicitly fine-tune the probability density function (pdf) of risks that 

are of concern, and as a result, we eliminate the need to express a conditional probability for 

return outcomes. The models that are offered in this research have a connection to the category 

of CAViaR models that Engle and Manganelli first presented (2004a). Because of the models 

that we are looking at, estimating and forecasting can now be done in a way that is both fast 

and straightforward. Because our method of curve fitting does not need the user to specify and 
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compute a contingent density, we are able to remove the possibility that such a model is con-

structed in an incorrect manner. On the other hand, this results in a decrease in quality when 

compared to a density model that has been given in the correct format. 

 

The exponential growth theory for a broad category of lively semi-parametric designs for ES 

and VaR is our second contribution to the area and forms our second effect. This theory is a 

component of the outcomes for VaR. that were proposed in Weiss (1991) and Engle and Man-

ganelli (2004a), and it makes an attempt to draw on the recognizing results found in Fissler and 

Ziegel (2016) as well as the results found in Newey and McFadden's research on M-estimators. 

This theory is a component of the outcomes for VaR. that were proposed in Weiss (1991) and 

Engle and Manganelli (2004, 1994). We provide the conditions that need to be satisfied for the 

model coefficients of the VaR. and ES models to be consistent with one another and to be 

approximation normal. This is done so that the approximation normality may be achieved. In 

addition, we propose an estimate that is compatible with the covariance matrix for exponential 

growth. Through the use of a thorough Monte Carlo research that we carried out, we were able 

to demonstrate that the asymptotic findings do, in fact, yield realistic approximations when 

applied to robust modelling designs. The asymptotic theory that we existing not only has im-

plementations for the new designs that we propose, but it also provides a basic outline that 

other researchers can use to design, guesstimate, and examine new models for value at risk and 

expected shortfall. We present this theory because it not only has requests for the new models 

that we recommend, but also because it is applicable to the new models that designers propose. 

Additionally, the asymptotic theory that we provide has applicability for the newer products 

that we suggest, which is something else that we have to mention. 

 

Our biggest accomplishment is an expanded use of innovative concepts and estimating ap-

proaches in this assessment of prognostications of ES and VaR. S&P500 and Gold price in-

dexes were used throughout the span of time beginning in January 1992 and 01 in January 

2020. This analysis covers the entire period of time from 1992 to 2020. This inquiry was carried 

out continuously over the course of twenty-seven years, during which time it encompassed. In 

comparison to more conventional methods that have been gleaned from the research literature, 

we evaluate the efficacy of these novel models over a broad spectrum of terminal odds ratios 

that are relevant to risk management. We determine the best concepts for ES and VaR. by 

making use of tests that were published by Diebold and Mariano (1995), and we back test the 

ES predictions by making use of simple linear extrapolation techniques. These techniques are 
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comparable to those developed by Engle and Manganelli (2004a) and Nolde and Ziegel (2017). 

These scholars' previous work provided as a source of motivation for the development of these 

different tactics. 

 

As a main element of the downstream refined products cost, the Gold index and S&P500 re-

turns have displayed volatility with extensive volume, making the Gold Index and S&P500 

returns become an important financial instrument for risk evaluation used in this thesis. The 

study of both indexes’ volatility is one of the significant importance for related companies and 

investors in the financial markets. The large volatility in financial markets is caused by linkage 

effects among Gold Index and various stocks hence markets tend to cause risks transmission.  

 

The research gives three commitments to the writing. To begin with, our investigation gives 

another comprehension of the danger overflow between budgetary market vulnerability and 

the gold market by considering securities exchange and stock market vulnerability contrast. 

Consequently, they can comprehend their unmistakable impacts on the market by recognizing 

the danger and risk involved in moving component. Second, as opposed to utilizing the 

GARCH model, they offered another econometric apparatus to address the tail circulation im-

balance that exists in monetary market vulnerability and the S&P500 and the Gold Price market 

alongside a direct assessment measure. Third, by stretching out the CVaR way to deal with 

potential gain and drawback hazard overflow, they further investigated extraordinary vulnera-

bility development in both the market. Rather than past investigations, they distinguish the 

greatness and direction of danger overflow by utilizing the Kolmogorov Smirnov test. The 

research along these lines gives the main hybrid copula model of overflow between vulnera-

bility changes and both returns as far as outrageous economic situations. 

   

The monetary fates market is a nonlinear complex unique framework and the outrageous tail 

between two indexes shows solid co-developments. Examining the extraordinary tail between 

index markets and the risk reliance structure between finance sectors is of incredible hugeness 

for speculators and controllers to fortify risk the board, maintaining a strategic distance from 

the event of money related emergency. Finding the proper model that precisely portrays the 

connections of these factors is likewise an essential for leading nonlinear tail dependence.  

 

The ongoing writing on transmission impacts is as yet worried about the effect of functions in 

financial factors, or about the distinguishing proof of components that spread risk among 
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existing indexes investment and with the emergency, too. In any case, this examination grows 

the writing giving uncovering answers to a perplexing period. It is imperative to fortify the 

period examined speaks to a characteristic investigation to contemplate the time priority and 

association of political, monetary and, worldwide functions in a single market.   

4.8 Discussion 
 

Stock markets play a vital role in the economic growth and development of any country. It 

organizes and collects the surplus money from investor party and channels them into produc-

tive means.  An efficient market works as an escalation towards industrialization and economic 

development. Investors has always showed interest in gold prices investments that play a vital 

role and therefore many arguments have been raised for the analysis of investment in the com-

modity markets. The S&P500 Index data was one of the unique data which has been analysed 

by most of the researchers therefore this research will be beneficial for people investing in the 

international Financial Markets.  There are economy wide factors such as interest rates, tax 

rates, laws, policies, wages, and governmental activities that affect the stock market by most 

and cannot be ignored. However, there are some macroeconomic variables such as Inflation, 

gross domestic product (GDP), national income, and unemployment levels that affects the 

stock prices in one way or the other and continuously challenging Efficient Market Hypothesis 

(EMH). Therefore, the area remains favourite for the researchers and has spaces for organizing 

such studies.  

 

The first stock market was formed in 1773 in London and after industrial revolution in 1800s 

and in late 1860’s commodity market was evolved in America. When the industries increased 

there was felt a need for high level of capital provision, for which the concept of stock exchange 

was developed. In the same way the need for trading of commodities like Gold, Wheat, Silver 

and Corn took place in 1864 through the standard instruments on the Chicago Board of Trade 

(CBOT). Hereafter the stock market and commodity markets were developed and are consid-

ered as an economic and financial indicator in most of developed and developing countries 

(Al-Raimony and El-Nader, 2012). To use the word stock index as a financial indicator is sub-

ject to controversy. Per Fama (1965) an efficient market is that market in which the stock prices 

reflect all the available information in the market. 
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In this thesis, we are remitting the research on the prices of stock and index market, called 

S&P500 and Gold Price Index, the one common trait of all stocks and index is the volatility of 

their prices which makes the investors to take certain actions such as to hedge against downside 

losses and to forecasts losses using volatility measures such ARCH/GARCH, expected short-

falls and Value at risk (VaR) to minimise the risk of loss. Since we are using stock and index 

both in this research, we commence by explaining S&P500 which is a stock market index, 

created to bring trading online which focuses mainly on technological, retail and healthcare-

based companies but not financial business like commercial or financial banks. S&P500 is also 

known as the second largest stock exchange in the world with more than 83% of the total 

domestic U.S. equity market capitalization enriched with a predominant technological set of 

layouts, which helps in making the companies more organised and well productive (spglobal, 

2022).  On one hand, S&P500 is the modern modified index which is used for the capitalization 

of the stock in a very technologically accurate manner. Whereas, on the other hand Gold index 

is one of the biggest market in commodities. The prices of the Gold have always been of quite 

surprise for the investors. Gold is one of the oldest commodities which has been used as one 

of the common trading tools since quite a long time. This commodity has been of great interest 

due to its exclusivity and value. Since, stock and indexes restore their volatility to operate in 

different types of conditions. Measuring the conditional heteroscedasticity is a good way of 

measuring the basic risk involved in the stocks and commodity indexes since it demonstrates 

volatility which is signifies about the fluctuations of indexes’ prices. The presence of volatility 

further identifies risk.   

 

During the last decades, financial organisations, as well as regulators, use Value-at-Risk (VaR) 

in terms of determining the market risk that is associated with any financial framework (Nieto 

& Ruiz, 2016). It is important for the financial organisations to estimate the proper market risk 

to determine the overall success as well as sustainability of their stock investments.  Value-at-

Risk (VaR) models highlight the fact that how can the value of a portfolio be decreased over a 

period of time. VaR summarizes the worst expected loss over a target horizon and within a 

given confidence interval (Jorion, 1996).  The risk management models termed as ARCH 

GARCH, constant Copula, Time Varying Copula and VaR model assists the financial regula-

tors to estimate the proper loss in the assets. Financial organisations can use the models in term 

of analysing the financial database which will assist the financial regulators to understand how 

things can go bad in the financial assets of the stocks and indexes. Through using these models, 

financial markets can be able to regulate the daily day and intraday financial database which 
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assist the Financial investors to understand the financial strength and drawback of their choice 

of investment markets. By the analysation of the practical risk measures for any investments 

these models assist the organisation to analyse how they are safe in the financial condition in 

terms of dealing with the international financial market. Moreover, the use of these models’ 

adept to recognise the loss and asset returns of an organisation.  The rectification of the daily 

day portfolio, enables the models to assist financial investors to understand the financial trend 

in the stock market which is important for operating proper transaction and financial functions. 
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Chapter 5 

Conclusion and Further research 
 
 
5.1  Conclusion 

We conclude that the research is based on three empirical chapters. First chapter measures 

volatility of commodity gold index along with the stocks S&P500. The results suggest the ex-

istence of volatility and predict the most realistic and meaningful outcomes for the investors, 

policy makers and financial regulators. The chapter provides with good basis of measuring the 

risk for further assessment. The use of the model ARCH and GARCH along with some basic 

measurement of VaR suggest that investors and regulators can measure volatility using these 

models to capture the existence of fluctuation between Gold index and S&P500. The optimal 

results are from t distribution of ARCH and GARCH. The second empirical chapter measures 

time varying copula.  Correlation gives an estimate that if one asset will go down will the other 

one goes down or up. Correlation helps in identifying risk further as two variables are nega-

tively correlated one variable decreases as the other increases and vice versa. Negative corre-

lation between two investments determines the risk management to diversify, mitigate the risk 

associated with a stock or commodity. From the time interval of 1992 to 2006 it can be seen 

that the correlation decreased. However, prior to 2008 the correlation increased which suggest 

that during financial turmoil the commodity and stock were correlated. Again, this could be 

dependent on the financial crisis. After 2009, there was again a decline in the correlation. Fi-

nally, the last empirical chapter measure the ES-VaR model. Financial investment for individ-

uals or banks needs to be balanced adequately to ensure better returns for the invested amount. 

More necessary is the fact that the investment must be made in such a way that the Risk in the 

assets invested must be minimal. Market conditions have a large effect on the Risk associated 

with investments, and therefore, understanding the market conditions for various forms of as-

sets and investments must be understood, along with the Risk associated with the elements in 

the stocks and commodities. This chapter is beneficial for investors and financial regulators as 

they would be able to answer the question of the worst-case scenario and losses.   

5.2  Further Research 
This part briefly reviews the important studies that have been carried where applied methods 

are being highlighted and gold is kept as a major domain asset. The study carried by Alameer 

et al. (2019) entitled “the effect of fluctuation of gold price on stock prices” found that ARCH 
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effect is in both Gold price and stock market and moreover, both the variables were affected 

by the shock of their own assets. GARCH model used in different multivariate by Arouri et al. 

(2012) shows that there is significant return and volatility cross effects between gold prices and 

stock prices in China. More specifically in order to predict future stock return of Chinese mar-

ket past GR should be used to explain the dynamics of conditional return and volatility of 

Chinese stock market. The study of gold into a portfolio Chinese stock market improves the 

risk-adjusted return which proves that amongst BEKK-CCC/DCC, diagonal BEKK and VAR-

GARCH, the VAR-GARCH model works better than the other. In addition, the study carried 

by Mishra (2010) using Granger Causality test found that there is a casual relationship between 

the gold price and stock market return in India and also it can be used for predicting each 

other’s assets. EWMA/Risk-metrics (1996) presented a less complex approach to volatility 

forecasting. The version, referred to as both EWMA or Risk-metrics after its authors, it is an 

easier version to comprehend the GARCH which eliminates the need for coefficient estima-

tions.   

Barone-Adesi et al. (2008) carried out analysis from another viewpoint by applying the Vector 

Autoregressive VAR (1)-Bekk-AGARCH (Baba, Engle, Kraft, and Kroner) specifications 

when examining the spill overs that arose from Bitcoin particularly focusing on technology 

and energy companies precisely in the period August 2011 to February 2018. This proves that 

spill over effect is present in the technology companies on bitcoin market. Bidirectional asym-

metric shock spill overs were also found between equity indices and bitcoin. Weak linkage that 

is present between bitcoin and stock indices present opportunity of profitable trading. 

The use of high-frequency data could be expanded to other classes of models as well as to other 

measures of intraday volatility (such as bi-power variation, quadratic variance, and Markov 

chains). Using Monte Carlo simulation methods, intra-night volatility measurements can be 

simulated and incorporated into new realized volatility models. Several types of data could be 

used in the studies, such as commodity data (oil, gold, etc.) or exchange rates, as well as multi-

period horizon forecasts.  

 

Head part augmentations might be considered to bigger classes of stocks, that might be con-

trolled to fewer factors as per the most noteworthy pertinent head parts. In that capacity, a 

potential application is considering the 500 stocks intensifying the S&P list, to apply the PC 

calculation to every one of the 500 factors, finding the 500 symmetrical head parts and 
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afterward choosing just those with the most noteworthy effect on the underlying factors. 

Thusly, it might acquire another file, with many less factors than S&P500, however close con-

cerning importance, with which it could be additionally worked. It could be shaped another 

arrangement of stocks with the new factors to which the new PC-models might be applied to 

track down their change covariance lattice, and thusly to track down their instability. 

 

Added intranight volatility measures to bivariate modelling can enhance it. Some new models 

may be proposed, such as models that include day and night, as well as estimates of intranight 

and intraday volatility. At long last, the ongoing work could be reached out by assessing dif-

ferent univariate and multivariate GARCH models with Bayesian insights methods. Further 

exploration could likewise incorporate expansions of utilizing high-recurrence data, or of night 

instability data to other multivariate GARCH models, as VEC, BEKK, CCC, TVC and DCC 

models, and the work of new improvements like semi-parametric assessment, more adaptable 

DCC and factor models, limited combinations of GARCH models. 

 

Frequency dependence approach, DCC-GARCH and CCC-GARCH was applied by Chan et 

al.  (2019) for checking the hedging capabilities in the period between October 2010 to October 

2017. Bitcoin proved to be a strong hedging tool against the Euro-Index, Shanghai A-Share, 

TSX Index and Nikkei Index (Beneki et al., 2019). Contrary researches are also present as 

indicated by Al-Yahyaee et al.  (2018) that Bitcoin is not a safe-have due to its weak correlation 

with stocks, commodities and bonds in normal as well as distressed periods. Statistical proper-

ties of Bitcoin were explored by Lahmiri and Bekiros (2018) through the use of 1-min data 

between January 2014 to December 2106 through the use of MF-DFA, GARCH and RGARCH 

model. Results obtained from the research indicate that prices of Bitcoin indicate a multifrac-

tality that emerges from temporal correlation as well as fat-tailed distribution which indicated 

several inefficiencies present in the Bitcoin market. Little impact was seen on the Brexit inci-

dent on bitcoin. Heavy tailed GARCH and GAS models were used by Troster et al. (2019) on 

predictive conditional density for measuring returns earned from Bitcoins. Several benefits 

were discovered in the heavy-tailed GAS models such as the coverage of risk derived from 

bitcoin as well as goodness-of-fit. Chan et al. (2019) explored the hedging capabilities of 

bitcoin which revealed that hedging capabilities of Bitcoin s strong aged Euro Index, Shanghai 

Index, S&P, TSX index and Nikkei. 
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Chapter 6 

Summary and Contribution to Knowledge 

6.1  Summary 
 
The thesis proposed to offer some insights on the volatility forecasting topic, by addressing to 

three main objectives. The first is to measure the volatility of commodity and stock by utilising 

univariate ARCH and GARCH model. The purpose of measuring the volatility in the first 

empirical chapter is to identify the ups and downs in the Gold prices and S&P500 which will 

identify the volatility of both the indexes. Volatility is one of basic measure to identify the 

existence of risk. The first empirical chapter also include some of calculations of basic VaR. 

This is to further stress the existence of risk and some measures to mitigate the worst-case 

scenario.  The second chapter establishes the interdependence between the two variable which 

is the bivariate time series modelling. This chapter focuses on the investigation of asymmetric 

conditional dependence between gold prices and S&P500 to access the impact of the indices 

on each other using Copula approach. The chapter begins with proposing methods for the 

optimal model selection while constructing the conditional margins. By the use of time-vary-

ing copula the join conditional distribution is modelled, where generalised autoregressive 

score (GAS) model of Creal et al. (2013) is utilised to measure the evolution of copula param-

eters. Upper and lower parts of bivariate tail is estimated to capture the asymmetric property. 

The results suggest that conditional dependence between the two variables is strongly time-

varying.  

 

Though the chapter does not cater of measuring the pre and post crisis but the results clearly 

demonstrate the existence of financial contagion between the two markets during the time 

period prior to 2008. Results also demonstrates slightly stronger bivariate upper tail, which 

further suggests the conditional dependence of the variables return is more significantly influ-

ences by positive shocks in gold prices and S&P500. We further confirmed the findings by a 

test of asymmetry which further stresses on the slight difference between the upper and lower 

joint tails. The last empirical chapter focuses on the use of ES-VaR model proposed by Patton, 

Ziegel and Chen (2018). Since, the use of Expected Shortfall along with VaR is less signifi-

cantly used in researches, this model stresses to measure the worst outcomes at bad times. This 

chapter adds to Patton, Ziegel and Chen (2018) which suggests that implementation of the 

third Basel Accord in coming years, will stress the risk managers and the regulators to focus 
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on expected shortfall (ES) as a measure of risk, which complements and to a partial extent 

substituting emphasis on Value-at-Risk (VaR). From recent results of (Fissler and Ziegel, 

2016); Patton, Ziegel and Chen (2018) has proposed this new dynamic model for ES and VaR. 

By applying the model on gold prices and S&P500 we can see the expected shortfalls and 

worst-case scenario quite significantly. It can be seen from the results that gold prices seemed 

to be a good choice in a portfolio for financial investors to minimise the risk of their investment 

from other stocks during all times.  Overall, the thesis contributes to knowledge that volatility 

alone is not sufficient in assessing risk and interdependence is good to measure the depend-

ency of one variable over the other while investing in commodity or stock or both. Lastly, the 

use of ES-VaR further enables the financial regulators and investors to measure risk in worst 

case scenario and worst outcomes forecasts to mitigate their losses.  

 

6.2  Findings of the Thesis 
 
The Thesis is based on the main three questions proposed in chapter 1. The findings suggest 

answers to these questions as follow: 

Question 1 (Chapter 2): What are the different kinds of volatility measures? How volatility 

is effective in measuring risk? What is the volatility of S&P500 and Gold Price Index? Why 

volatility alone is not a good indicator of risk?   

The finding for the chapter 2 proposes a VaR model technique, by using parametric and non-

Parametric techniques which include VaR calculations, Expected shortfall, Historical VaR 

ARCH GARCH, GJR GARCH and constant copula model, for estimating VaR for Gold Prices 

index and S&P500 Index. Empirical results demonstrated that the methodologies have certainly 

measured volatility (ARCH GARCH, GJR GARCH) in estimating the existence of risk. In 

terms of measuring accurate volatility, ARCH and GARCH models have demonstrated a good 

standing of univariate methods for measuring the sudden ups and downs in the returns of gold 

prices and S&p500.  

The factors of risk are the turmoil periods in which the shifts in the market are unpredictable. 

On the other hand, the volatility of assets is unpredictable and the VaR techniques have sug-

gested that risk in certain quantity will mitigate losses. The theoretical aspects of parametric 

and non-parametric VaR techniques are good for understanding but practical implementation 

and use.  



 261 

Question 2 (Chapter 3): Does the prices of S&P500 depends on the changes in the prices 

of Gold price? What is the correlation between the two indexes? Will sudden rises during dif-

ferent time intervals will affect either of the indexes? How independent are both indexes? 

Which market is safer choice for investing in for a profitable gain using the Time Varying 

copula? 

In fact, our result of chapter 3 showed that there was extreme reliance on a tail with proof of 

an asymmetrical effect in lower and upper quantiles. Such proof of predictability has not been 

previously reported, from the option-implied volatility of S&P500 to that of gold price index 

in particular amounts and regimes of cross volatility and provides a nice extension to some 

earlier researches. The relationship between stock and commodity market suggests to be neu-

tral and mainly depends on the condition of the external factors like the shifts in economy and 

financial recessions etc. Financial market participants frequently manage many financial assets 

at the same time in the financial world. In practise, this is accomplished by diversifying across 

multiple stock markets or asset classes. Asymmetric Conditional Dependence aims to measure 

the correlation between competing stock markets to more clearly understand recent trends. In 

this empirical chapter We run an asymmetrical conditional dependence analysis between the 

stock market and commodity index in S&P500and Gold prices. We use the time-varying cop-

ular. Patton (2006) theorized that the time-varying copula model should consider both the past 

and historical parameters to explain the current parameters. Once the time-varying copular pa-

rameters have been applied, the correlational coefficient can be measured. In the case of com-

paring the stock market in USA to that of commodity market we observe a decrease in corre-

lation leading up to the 2008 financial crisis. This correlation can be seen as S&P500 was more 

open to “foreign investors” where Gold prices had fewer stock devoted toward “foreign capi-

tal.” The research further signifies the importance of tail dependence. Tail dependence is a 

prime factor in measuring the shift of financial benefits. In the ongoing process of calculating 

the asymmetric dependence, it is crucial to find the upper and lower 

Question 3 (Chapter 4): How does ES-VaR relate to investors’ risk management? What is 

the effectiveness of value-at-risk (VaR) and Expected Shortfall (ES) in measuring the uncer-

tainty involved in Gold prices and S&P500?  

The findings of chapter 3 suggest that among the suite of tried copula-based models, the hybrid 

copula in this consider is found to be a prevalent in capturing the tail conditions compared to 

the other multivariate copula models examined. There are numerous complex 
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variables influencing the investment of Gold and consequent investors like counting cost vari-

ances, government approach and portfolio management extremes. Portfolio enhancement is 

distinguished as a potential risk adjustment and choice back instrument that might help makers 

to decrease ominous money related impacts due to the variability volatility of the stocks, as as-

sociated with political varieties. There has been constrained investigate performed on the via-

bility of this procedure. This chapter findings proposes a modern measurable approach to ex-

plore whether the financial turmoil of investing portfolios over stock markets might possibly 

decrease monetary dangers for master spread within the stock markets. A suite of well-

known and measurably vigorous instruments connected within the budgetary division based on 

the well-established factual speculations, comprised of the Value-at-Risk (VaR) and the joint 

copula models were utilized to assess the adequacy risk involved in investing on stocks and 

commodities. VaR and copula measures is used to benchmark the misfortunes (i.e., the draw-

back chance), whereas the copula work is utilized to show the joint conveyance among negli-

gible returns (i.e., benefit in each stock). The VaR improvements show that portfolio expansion 

can be a doable agrarian hazard administration approach for Gold Stock portfolio supervisors 

in accomplishing their advanced anticipated returns whereas controlling the dangers (i.e., sud-

den financial turmoil and political risks). Advance, in this think about, the copula-based 

VaR demonstrate is seen to superior mimic extraordinary misfortunes compared to the ordi-

nary multivariate-normal models, which think little of the least chance levels at a given target 

of anticipated return. The findings suggest that copula measurement shows effective and prac-

tical results and that the investment organizations should use this for mitigating risks.  

The display consider gives inventive arrangements to Copula GAS VaR approach chance ad-

ministration with progressed factual models utilizing stock markets as a case consider lo-

cale, too with broader suggestions to other districts were investing the stocks may be optimized 

through copula-statistical models.  

 

For illustration, the fluctuation metric may be a symmetrical degree that does take into thought 

the course of the co-movement. Limiting the fluctuation drawback, the risk in a way appearing 

the same as the high volatility risk of the portfolio return dissemination. Usually, an issue since 

a resource that encounters superior than the expected return is regarded to be an unsafe situation 

relative to resource that's suffering from a lower than anticipated return. To address this issue, 

change local risk-based measures such as the Value-at-Risk (VaR) have been presented in this 

chapter and the results show the superiority of hybrid Copula technique along with GAS. The 
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results show practical results and good findings. The ES-VaR approach along with copula 

makes the findings quite clear and this technique is most superior.   

6.3  Contribution to Knowledge and Implications 
 
The risk of a commodity or stock refers to the chance of financial loss due to the joint move-

ment of systematic economic variables such as interest, exchange rates and commodity prices. 

Quantifying risk is significant to financial regulators, policy makers and investors in assessing 

solvency and to risk managers in allocating scarce capital. Furthermore, risk is often centrally 

faced by financial institutions. Value-at-risk (VaR) is a valuable risk measure broadly used by 

financial institutions all over the world. VaR is admired among researchers, practitioners, reg-

ulators and risk managers of financial institutions.  VaR has been widely used for to measure 

risk exposure in developed markets like of the US, Europe and Asia. 

 

Regarding the policy implications, we are using our research as useful tools for commodity 

and stock diversification, as well as for tail or catastrophic event coverage, in particular to 

support investors and risk managers. Basically, our empirical studies can be used by computa-

tional finance practitioners, financial regulators and investors in the formation of tail and quan-

tile trade strategies. Consequently, they are able to take into account the implicit heterogeneity 

of insecurity between Gold Price Index S&P500 Index and avoid potential losses arising from 

an unfairly widespread assumption that Gold price Index and S&P500 stock markets have ho-

mogenous market types.  

 

First empirical chapter hypothesis recommends that the investment enhancement procedure 

might help investors in decreasing the impacts of the variabilities confronted in regard to the 

volatility of the stock related with financial variabilities and the changes in other sorts of com-

ponents (Bradshaw et al., 2004; Mishra et al., 2004). This implies that investing frameworks 

and strategies are diversified over space to decrease the effect of systemic dangers. Volatility 

isn't necessarily a bad thing; it can occasionally create entry possibilities for investors to profit 

from. Investors who feel markets will perform well in the long run might benefit from lower 

market volatility by purchasing extra stocks in companies they like at cheaper prices. When a 

stock or commodity increases rapidly, the procedure is the same. Investors might take ad-

vantage of this by selling their holdings and investing the cash in other sectors with better 

potential. Investing when markets are volatile, and values are lower having the potential to 

provide investors with excellent long-term profits. The first empirical chapter is beneficial for 
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the investors, policy makers and financial regulators to determine the volatile during the time 

period 1992 to 2020. But since, it is critical to consider the same in the long run. Long-term 

investors are less worried with volatility than short-term investors. Therefore, the chapter em-

phasises on the three factors which are challenging for the investors, financial regulators and 

the policy makers to access. The first is the unstable time period in the market - It's nearly hard 

to anticipate when a market will reach its top or bottom. Attempting to 'time the market' exposes 

investors to the risk of purchasing high and selling low. During volatile times, improper timing 

can increase losses, which is why investors would be better off sticking the course than than 

attempting to time things incorrectly. The second is the significant impact of the best days - 

Stock markets tend to correct after three bearish waves, according to history. This means that 

exiting investors may lose out on the greatest recovery days and most appealing buying 

chances, which can have a big impact on long-term profits. If policy makers, investors and the 

financial regulators take a long-term view, staying involved when markets are tumultuous usu-

ally pays off. The last factors are successful businesses require time- When economic condi-

tions slow or market volatility rises, quality companies with good fundamentals tend to do 

better. Investors may be better off weathering the storm because these companies often emerge 

stronger, even if it takes time for the stock price to reflect this. Similarly, the stock values of 

rising companies or the prices of the commodity performing well can get ahead of themselves 

and rise at an unsustainable rate. As prices vary, investors can take advantage of cheap oppor-

tunities to invest in a rising company or commodity in this case it is the S&p500 and gold 

process and then wait for long-term growth. The chapter focuses on the most important thing 

to remember is that market volatility is natural, and it should not be used to determine whether 

or not to abandon your investment. Understanding volatility and its causes can help investors 

take advantage of the investing possibilities it creates, resulting in higher long-term returns. 

 

Second empirical chapter focuses on accessing the time varying copula. In times of crisis, stock 

and commodity markets are often more volatile for financial instruments than when financial 

markets are considered stable. As a result, investors may lose more money than they intended. 

Even though basic volatility models like ARCH, GARCH and risk model like basic VaR do 

not capture market dynamics, it is essential that financial institutions deliver reliable financial 

market information. This information is fed into the models by risk managers. When models 

are unable to completely reflect market shifts, it might lead to risk underestimating. Several 

simulations using VaR models have been conducted to several crises in recent decades in order 

to estimate the VaR. The models produced varying findings, some of which were more accurate 
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than others, due in part to the various financial instruments used and in part to the various time 

factors. This thesis adds information to this discussion as other financial instruments have been 

studied. To narrow the problem even more, the time varying copula has been investigated to 

see which correlation better during the financial time period utilised for the research. This will 

further help the investors to further access the relationship between the stock and the commod-

ity.  

 

The final empirical chapter used the ES-VaR model. The largest loss that may be avoided with 

a certain probability within a specific time horizon is known as Value-at-Risk (VaR). VaR has 

grown in relevance as a primary risk indicator. Its popularity stems from the fact that it is very 

intuitive, and its numerical values are easier to grasp than other risk metrics. Another reason is 

because regulators have approved it in the Basel II and Basel III agreements. Although con-

ceptually easy, calculating the VaR can be difficult. Because this risk measure concentrates on 

infrequent events, there are only a few historical observations on which to calibrate models. 

Parametric distributions, on the other hand, appear to function well for most of the distribution 

but not so well for the tails.  Along with VaR ES which is the expected shortfalls has been 

utilised. This further gave the results of the worst-case scenarios. This chapter further adds to 

the contribution to knowledge by providing sufficient knowledge to the investors, policy mak-

ers and the financial regulators to access and utilise the models to measure risk in different time 

intervals to get the best for their investments or even to take good decisions.   
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