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ABSTRACT

Commodities play a crucial role in investment portfolios, providing investors with opportunities to diversify their holdings and
potentially benefit from price movements in global markets. Among the most widely traded commodities are gold, silver, and crude
oil. Investing in commodities offers several benefits such as hedging against inflation and allowing portfolio diversification.
However, its prices may fluctuate substantially over time which introduces the risk on its own. In order to disclose the nature of
the risks, under extreme situations, and finally, to avoid the risks to the most degree, the investors need certain risk measures.
Extreme value theory (EVT) is for assessing the asymptotic probability distribution of extreme values for modeling the heavy tail
part of the distribution where the risk exists. EVT plays an important role in dealing with modeling unexpected events. There are
two types of methods under EVT which are Generalized Extreme Value (GEV) and Generalised Pareto Distribution (GPD). This
study will compare the best model between GEV and GPD by evaluating extreme observations of the commodities; gold, silver,
and crude oil. The study also continues with determining the potential loss by using the Value at Risk (VaR) in calculating the 95%
and 99% confidence interval level of extreme risk on gold, silver, and crude oil. Then, the Kupiec-POF (proportion of failures)
test is used to measure the accuracy of both models in the backtesting method. From the research, it is found that GPD model is
the best model compared to GEV due to the threshold selection.
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INTRODUCTION

Investing in commodities like gold, silver, and crude oil comes with certain risks that investors should be aware of. The main risk
associated with commodity assets, as highlighted by Hayes (2022) and Chen (2022) is price volatility. The prices of commodities
can experience significant and sudden fluctuations due to various factors, such as changes in supply and demand, geopolitical
tensions, weather patterns, or global economic conditions. Investors need to be prepared for these abrupt price movements, which
can result in substantial gains or losses.

Price volatility carries the risk of potential losses. If commodity prices move unfavourably, investors may experience losses.
Several factors can contribute to potential losses in the commodity market, such as price declines, market disruptions, currency
fluctuations, and market speculation. According to Igan et al. (2022), high and volatile commodity prices pose significant risks to
the global economy. Potential losses and risks are closely related, as higher market uncertainty increases the risk of potential losses.
It is crucial to understand this relationship to effectively manage risk when investing in the commodity market.

This study aims to determine the best method for calculating potential losses, specifically using the Value at Risk (VaR) technique.
To achieve this objective, the price return of the commodities will be measured by using log difference. Next, by using Generalised
Extreme Value (GEV) and Generalised Pareto Distribution (GPD) approaches, extreme observations will be obtained, and the
potential losses will then be calculated. GEV approach helps in modelling the distribution of extreme values by concentrating on
the maximum or minimum observations in a dataset, while GPD is used to models the tails of the distribution by focusing on
extreme events beyond a certain threshold. The comparison for the results of GEV and GPD will then be done by using backtesting
and the outcomes will be scrutinized to select the optimal method. Back testing is implemented to ensure that the models used to
calculate these VVaR are accurate. It is as essential as the risk measure's value itself (Brie et al., 2018).

The goal of this study is to implement Extreme Value Theory (EVT) in the calculation of value at Risk (VaR) to provide a more
accurate estimate of the risk of extreme events occurring in commodity market. Traditionally, VaR methods assume that asset
returns follow a normal distribution, which means that extreme events are rare, and their probability can be estimated based on
historical data. However, according to Bilandi & Kudla (2016), assuming a normal distribution of return data series is not a realistic
approach in financial markets. They stated that it is because the data series often exhibit thick tails, which indicate the occurrence
of extreme events that lie outside the boundaries of a normal distribution used in VaR modelling.

Moreover, this research can be particularly useful for future investors and portfolio managers in making better investment choices
especially to those who are considering to allocate their investment in commodities. This may help them better understand the
behaviour of commodity prices, which can improve their investment strategies and ultimately lead to better investment
performance. It serves as a guideline on whether they should continue to invest in commaodities, including gold, silver and crude

oil, as a protection against “bad economic times” or not.
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Since this research are using two different approaches based on EVT, which are block maxima method (BMM) and peaks-over-
threshold (POT), this study will certainly benefit for the education sector. The findings of this study will provide valuable insights
for future researchers, who choose to pursue this area of research. It is important to carefully evaluate the results obtained at the
end of this research and consider the assumptions and limitations of both models before deciding on which one is the best method
to be used in estimating accurate VaR.

LITERATURE REVIEW

Volatile is a situation which are likely to change rapidly. VVolatility in gold can be shown as the way the price vary within a specific
span of time (Volatility | GoldPriceForecast.com, 2013). When the price of gold fluctuates significantly over a short period, the
gold can be said to have a high volatility. Similarly, when the price does not change dramatically, it can be said to have a low
volatility.

Silver, the most common precious metal besides gold, have been used in many industries. Namely jewellery, batteries, or even
dentistry tools, uses silver as the substance. According to The Silver Institute, this substance was also used as a currency back in
the old days. Even though silver is not used as a currency nowadays, the intrinsic value of the substance still exists, hence the
attraction of the investors in the market. Most of the commaodities have volatility, and this includes silver. Research by Kayal and
Maheswaran (2018) showed that there is price volatility for silver, alongside gold. The purpose of the study is to observe the excess
volatility that were caused by overreaction by using the extreme values estimator. The results observed shows that gold volatility
was dominated by silver volatility for all the periods, hence showing the presence of volatility in silver.

The volatility of crude oil prices indicates the extent to which oil prices have increased or decreased over time. The study of the
patterns in crude oil prices is crucial in providing guidance for the formulation of economic policies and decision-making processes
(Ren & Giles, 2010). The phenomenon of fluctuation in crude oil prices has been the subject of investigation in a scholarly study
conducted by Narayan and Narayan (2007). According to the study, the more unstable crude oil prices are, the more uncertainty it
creates, which makes both oil-exporting and oil-importing countries' economies less stable.

Log difference refers to the logarithm of the ratio or relative change between two quantities. It is a way to measure the proportional
difference between two values on a logarithmic scale. In the field of Extreme Value Theory (EVT), the log difference is used to
estimate and analyse extreme values of random variables. In a study by Baran and Jiri Witzany (2011), log difference is used in
estimating risk measures for Value at Risk (VaR) and Expected Shortfall (ES). The study highlights some empirical characteristics
often observed in portfolio return distributions, specifically addressing skewness, excess kurtosis, asymmetric market movements,
and clustered volatilities. The values obtained by using log difference later used to estimate volatility. By using the variance of the
returns, this study uses autoregressive models to forecast it from historical data. The values obtained from log difference also were
used to calculate parametric VaR, Historical Simulation, and calculating ES.

The Generalized Extreme Value (GEV) distribution is an indispensable tool for modelling extreme events such as stock market
collapses, offering invaluable insight into their behaviour and estimation of their extreme quantiles. According to Fisher and
Tippett's research in 1928, the Block Maxima Method (BMM) is employed to identify extreme events by extracting the maximum
values of a variable within a specific period. The generalized version of BMM follows distributions such as Fréchet, Weibull, and
Gumbel when the cumulative distribution function is non-degenerate. However, the BMM assumes that the random variable is
independent and identically distributed, which is not efficiently applicable in financial markets. To address this limitation, McNeil
and Frey (2005) proposed an alternative approach in year 2000 to model financial returns and measure tail risk.

In accordance with the principles of Extreme Value Theory, the Generalized Pareto Distribution serves as the limiting distribution
for certain exceedances. The Peak Over Threshold method emulates the behaviour of exceptional values that surpass a specified
threshold. Chen (2014) argued that this approach is more advantageous compared to the Block Maxima Method (BMM) due to its
reliance on robust statistical theory and provision of a parametric representation for the tail of a distribution. Moreover, it
maximizes the utility of available data by incorporating multiple large values in generating the Maximum Likelihood Estimation
(MLE).

Based on a study conducted by Ren & Giles (2010), the application of Extreme Value Theory (EVT) to daily returns of spot crude
oil prices from 1998 to 2006 demonstrated that the Peak Over Threshold (POT) technique, which utilizes the Generalized Pareto
Distribution (GPD), provides an efficient risk measure such as Value at Risk (VaR) and Expected Shortfall (ES). This finding
suggests that the POT technique is valuable in assessing risk associated with crude oil prices.

Jang (2007) further explored the core concept of EVT and analysed the tail behaviour using daily gold price data from 1985 to
2006. By calculating VaR and ES using both the GPD distribution and the normal distribution, the study revealed that the GPD
distribution yields better estimates for VaR and ES compared to the normal distribution. This implies that the GPD-based approach
is more suitable for evaluating risk in the context of gold prices.

Chaithep et al. (2012) investigated EVT methods applied to daily gold prices in U.S. dollars from 1985 to 2011. The study
concluded that the GPD distribution model outperforms the Generalized Extreme Value (GEV) distribution model in estimating
VaR. This indicates that the GPD-based approach is more effective in quantifying risk associated with gold prices.
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Value at risk is a metric used to evaluate the long-term financial risk to an organization, investment portfolio, or open position. It
calculates the possibility of loss and the likelihood that this loss will happen (Chen, 2014). Considering that standard hedging
programmes focus on individual transactions, VaR is a substantial improvement over traditional hedging programmes in that it
offers a consistent measurement of the impact of hedging on total risk. VaR has been widely used in the banking sector and other
fields (Zhang & Nadarajah, 2018). VaR can also be used to evaluate models and set position limits for traders as well as to calculate
returns that have been adjusted for risk. Institutional investors are increasingly adopting VaR as a dynamic approach to mitigate
their exposure to risk factors, especially in situations where multiple external fund managers are involved.

Chen (2014) conducted a study on the volatility of gold prices, utilising the Value at Risk (VaR) approach to assess risk. The
methodology employed by the author was the Variance-Covariance method. In the study, the value obtained for 0.03 threshold of
99% and 95% confidence interval are 0.0472 and 0.0257 respectively. A comparable research was conducted by Jang (2007),
whose findings differ from those obtained in Chen’s study. The results obtained by HS for the 2.00 threshold of both the 99% and
95% confidence intervals are 1.511492 and 2.401366, respectively. From those two observations, we can see that the value of VaR
in Chen’s study is more stable compared to Jang’s which has a noticeable difference for 99% and 99% probabilities. The observed
difference between the two studies can be attributed to variations in sample size and the selected threshold value.

DATA AND METHODS

The data for daily gold, silver and crude oil prices are obtained from the website of Nasdag.com. The period of dataset is 5 years,
and the data obtained are from 1st of March 2018 until 1st of March 2023. The data extracted are cleaned to make sure there is no
null, incomplete, or corrupted values.

LOG DIFFERENCE

Price return can be defined as the rate of return for an investment portfolio. Displayed in percentage, price return can be calculated
by measuring the change of price over a specific period. The utilisation of logarithmic differentiation is utilised for the computation
of the price return and the price return is then negative. Negative returns are utilized prior to the implementation of the Extreme
Value Theory (EVT) approach due to their representation of downside risk in commodities market, allowing a specific examination
of extreme losses within the left tail distribution of returns. The logarithm of the closing price of commodities for tomorrow, (q1)
is subtracted from the closing price of commaodities for today, (g2).

Logarithmic Dif ference of commodities = log q1 — log q2 1)
EXTREME VALUE THEORY

BMM and POT are two approaches for modelling EVT. The primary distinction between these two is on how the extreme
observations are derived from the data.

GENERALISED EXTREME VALUE (GEV)

Block Maxima approach involves in dividing a data into non-overlapping blocks M (m=1, 2, ..., M) and selecting the maximum
value within each block M=max (Y1, Y2, ..., Yn). If such a non-degenerate cumulative distribution function exists, it belongs to
either Gumbel, Fréchet, or Weibull distributions (Szubzda & Chlebus, 2019) The cumulative density function can be defined as:

F(y) for all commodities =1 —exp [-(1 + By)Y8 ,B#0 2)
F(y) for all commodities=1—-exp [~(1 +y), =0 (3)

where B is the shape parameter that satisfies the boundary condition of the tail distribution (Tsay, 2010). The extreme value
parameters can be estimated by using maximum likelihood estimation.

GENERALISED PARETO DISTRIBUTION (GPD)
The GPD CDF can be defined as:

GPD(y; o, u, B) for all commodities =1 — (1+B((y- u)/ o)), B #0 4
GPD(y; o, i, B) for all commodities =1 —exp(-((y- 1)/ 0)), B =0 )

where series of identically independent distributed random variable and certain level of threshold is considered by implementing
mean excess plot, 8 is the shape parameter, u is the location parameter and o is the scale parameter. The shape parameter 8 exhibits
a correlation with the degree of fatness in the tail. As the shape parameter increases, the tail of the distribution becomes more
pronounced. The shape parameter 8 could be positive, negative, or zero values. If the value of S is less than zero, it indicates that
the underlying distribution has an upper limit. If 8 is greater than zero, it indicates that the distribution has a heavy-tailed
characteristic (Tsay, 2010). Assuming that the left tail of the data distribution is of interest, the following equation is used to
determine the value of exceedances for all realisation yi above the threshold u:

xi=yi—u (6)
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The distribution of exceedances above u threshold is defined as:

Fu(y;u) for all commodities = P(Y =u + x| Y > u) @)
Fu(y;u) for all commodities = [ F(x + u) — F(u) ]/ 1 — F(u) (8)

Assuming that for a certain threshold u the distribution of observations being above u the distribution of observations being above
the threshold is the GPD(x;o,u,8) (Szubzda & Chlebus, 2019), the tail of the distribution function can be written as follows:

F(y) = F(x+u) = [1 - F(u)] GPD(y;o,u,B) + F(u) ©)
VALUE AT RISK (VaR)
Halilbegovic (2016) defined VaR as a tool that calculates the possibility of loss and the likelihood that the loss will happen. The
estimation of Value at Risk that will be implemented in Extreme Value Theory is the parametric approach. The estimation of Value
at Risk used in this study is parametric approach:

A) GENERALISED EXTREME VALUE (GEV)

To find the quantiles of the GEV distribution is by setting F(x) = p, where p is the chosen probability which in this study used 0.01
and 0.05.

xp(hat) of GEV = pu—alB (1 —(-Inp)F) (10)

The VaR estimator formula can be obtained by substituting in p=an, since VaR is the density distribution quantile. « is the
confidence level for the VaR.

GEV of VaRy for all commodities=u—a/f (1 —(—nlna)B),L#0 (12)
GEV of VaRy for all commodities=yu—oln(-nlna), =0 (12)
B) GENERALISED PARETO DISTRIBUTION (GPD)

The percentile obtained from (4) is:
xp of GPD = u +a(hat)/B(hat) ((k/ku) p)#®0 -1) (10)
Hence, the formula for the VaR estimator:

GPD of VaRy for all commodities = p +o(hat)/g(hat) ((k/ku) p)#00-1), B+ 0 (11
GPD of VaRy, for all commodities = u +a(hat)In ((k/ku) p), 8 =0 (12)

BACKTEST

Backtesting is the process where the real gains and losses are compared to the forecasted VaR estimates (Zhang & Nadarajah,
2018). The most used backtesting method which will be used in this study is Kupiec POF test. The proportion of failures (POF)
test, which Kupiec proposed, examines the frequency with which a financial institution's VVaR is violated during a specified period
of time. To determine if the VaR model may be accepted or rejected, the range of VVaR value will be computed in the backtesting
method. The equation is given by:

LRkupiec = —2In ((uex"(1 — uex)") / (uobs"(1 — pobs)"0)) (13)

Where n is the length of the time series backtested, no is the number of zero when the loss exceeds VaR, and na is the number of
ones when the loss exceeds VaR. It needs to be determined whether the observed failure rate, pobs, differs considerably from the
failure rate suggested by the confidence level, uex. LR Kupiec is asymptotically chi-squared distributed with one degree of freedom
when the model is assumed to be accurate. The backtest aims to demonstrate that the chance of an exception occurring is equal to
the value that is anticipated. As a result, accepting null hypothesis is needed, which is opposed to the general statistical test, which
rejects null hypothesis. Therefore, testing the hypothesis using the p-value approach is chosen, since the higher the p-value, the
more accurate the model.

RESULT AND DISCUSSION
LOG DIFFERENCE
To implement the Extreme Value Theory method in this study, the commodities need to be volatile. The volatility is observed by

various results using log difference, such as the values of standard deviation, and kurtosis that indicates the presence of extreme
values. The table below shows the statistics for price return of gold, silver, and crude oil.
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Table 1: Descriptive Statistic for Return Price of Gold, Silver, and Crude Oil

Gold Silver Crude Oil
Mean -0.03350 -0.03005 -0.06202
Minimum -5.80527 -8.89601 -41.93491
Maximum 5.11396 12.34543 28.22061
Standard deviation 0.99828 2.00235 3.49919
Kurtosis 7.25434 8.71152 34.11061
Skewness 0.25630 0.49621 0.80721

The central tendency of the distribution that indicate the most common representative value are shown by the mean value. The
most common value for gold is -0.03350, for silver is -0.03005 and for crude oil is -0.06202. A negative mean return in these
values indicates that, over that period, the assets, on average, has experienced losses or declines (Kenton, 2019). For the dispersion
of the distribution, gold and silver show a narrower histogram that indicates more consistent returns. On the other hand, wider
histograms as shown by crude oil distributions indicates that there is greater variability and volatility in the returns. Other method
that can be used to analyse the dispersion is by using the value of standard deviation. The higher the value, the wider the dispersions
will be (Demirer & Jategaonkar, 2013).

Based on Table 1, return for gold and silver shown a positive value for skewness with 0.2562959 and 0.4962145 respectively. The
return for crude oil shown a negative value of skewness with -0.8072122. Positive skewness indicates a distribution with a longer
tail on the right, suggesting a higher probability of positive returns (Chen, 2023). Negative skewness implies a longer left tail,
suggesting a higher probability of negative returns.

On the other hand, the fatness of a tail in a distribution can be described by kurtosis value. Kurtosis value for gold, silver and crude
oil returns are 7.254338, 8.711519, and 34.11061 respectively. Higher positive kurtosis indicates a distribution with fat tails,
suggesting it has more extreme values than a normal distribution, while being more volatile (Kenton, 2022). Hence, according to
the values, crude oil is the most volatile asset compared to gold and silver. Crude oil also shows the lowest minimum and the
highest maximum compared to gold and silver with -41.93491 and 28.22061 respectively.

Based on the table above, the higher the value of standard deviation, the wider the dispersion and the volatility of it. For kurtosis,
higher positive values indicate that there are more extreme values than a normal distribution, while being more volatile.

EXTREME VALUE THEORY
GENERALISED EXTREME VALUE (GEV)

VaR estimate requires the right block size and number since the block maxima approach seeks out one extreme value for each
block. Andersson (2020) stated that a bigger block size with fewer blocks will only resemble block maxima distribution better than
GEV distribution. However, more blocks with smaller block sizes will reduce variance parameter estimations. Thus, these ideals
must be reconciled.

This study examines weekly and monthly block size for five trading days. Weekly and monthly data will be separated into 252 and
60 blocks, respectively, with 5 and 21 observations per block. Weekly blocks help smooth out daily noise or short-term price
changes that may not be directly related to long-term risk analysis. This can clarify the risk profile and uncover major patterns or
anomalies that affect VVaR estimation.

Given the block size selected for all commaodities, the estimated scale and shape parameters of the corresponding GEV are as
below:

Table 2: GEV Maximum Likelihood Estimates for weekly block size

Maximum Likelihood Estimates (Weekly, n = 5)

Gold Silver Crude Oil
Location, u 0.7649 1.3159 1.8193
Scale, o 0.6327 1.1526 1.4041
Shape, B8 -0.0148 0.0888 0.1803
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Table Table 3: GEV Maximum Likelihood Estimates for monthly block size

Maximum Likelihood Estimates (Monthly, n = 21)

Gold Silver Crude Oil
Location, u 1.5145 2.8299 3.3568
Scale, o 0.6072 1.3697 1.5573
Shape, B 0.0561 0.0734 0.3784

The shape parameter in GEV influences the tail behaviour and determines the distribution’s suitability for modelling extreme
events. The specific value and interpretation of the shape parameter depend on the chosen distribution, and its estimation helps
determine which distribution (Fréchet, Weibull or Gumbel) best fits the block maxima data.

Table 2 and 3 show that the GEV distribution is characterized by three parameters, which includes location (p), scale (o), and
shape (B). Hence, these parameters determine the central tendency, spread, and shape of the extreme value distribution.

GENERALISED PARETO DISTRIBUTION (GPD)

To determine the extreme data points from the daily records of gold, silver, and crude oil for GPD, the first step is to determine the
appropriate number of thresholds.

According to Tsay (2010), it is preferable to choose a threshold that is as high as possible. However, selecting a higher threshold
leads to fewer extreme observations, which in turn increases the variances in estimating the distribution's parameters. Therefore, it
is important to choose a threshold that is as low as possible while still reasonably satisfying the assumptions of the theorem.
Andersson (2020) found that considering 10% of the data as extreme is the best level for threshold selection. In this study, the
selection of thresholds for all three commodities varies depending on the number of exceedances observed as shown below:

Table 4: GPD Maximum Likelihood Estimates for Gold, Silver, and Crude Oil

Maximum Likelihood Estimates

Gold Silver Crude oil
Threshold, u 1.0914 0.5463 2.4485 1.4426 2.7789 1.0637
No. Exceedances 126 318 92 208 123 410
Probability less than threshold 0.8999 0.7474 0.9269 0.8348 0.9023 0.9023
Shape parameter, 8 0.0459 0.0871 0.1183 0.092 0.5088 0.5089
Scale parameter, o 0.6626 0.5723 0.3112 1.2899 1.3832 1.3832

As the maximum likelihood estimator is asymptotically normal, the corresponding maximum likelihood estimates of the parameters
for the chosen thresholds are statistically significant at a 5% significance level. The table includes the second, fourth, and sixth
columns, which present different thresholds for comparison with the optimal level. It is observed that higher exceedances yield a
higher percentage of observations, which can potentially lead to increased variance.

VALUE AT RISK (VaR)

The VaR metric quantifies the most unfavourable outcome for each commodity, expressed in ounces, within a single trading day,
under a predetermined level of confidence, typically 95% and 99%. This confidence level represents the probability that the actual
loss will not exceed the estimated VaR

A) GEV - VaR

The VaR for GEV is divided into two block sizes. Table below shows the VVaR values for weekly and monthly block size, under
the 95% and 99% confidence interval:

Table 5: Value at Risk for weekly block size

Value at Risk (Weekly, n =5)

P Gold Silver Crude Oil
0.950 0.0260 0.0523 0.0734
0.990 0.0357 0.0786 0.1188
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Table 6: Value at Risk for monthly block size

Value at Risk (Monthly, n = 21)

P Gold Silver Crude Oil
0.950 0.0348 0.0738 0.1190
0.990 0.0470 0.1033 0.2271

The VaR metric is used to identify the potential loss or downside risk associated with investment in gold, silver and crude oil. The
VaR obtained measures the maximum unfavourable outcome in terms of ounces of gold that can be expected within a single trading
day, under predetermined level of confidence, 95% and 99%. This confidence level represents the probability that the actual loss
will not exceed the estimated VaR. For example, a 95% confidence level implies that there is a 5% chance that the actual loss will
be greater than the VaR, while a 99% confidence level indicates a 1% chance of exceeding the VaR.

Table 6 displays the VaR of weekly block size, n = 5, for gold, silver and crude oil under 95% and 99% confidence interval. The
estimated VaR for each commodity with a 5% probability (95th percentile) are 0.0260, 0.0523 and 0.0734 respectively. These
estimates show that the maximum potential loss for gold, silver and crude oil within a single trading day will be 2.6%, 5.2% and
7.3%. To put this into perspective, suppose there was an investment of 10 million USD in gold, the maximum potential loss within
a single trading day would be USD260,000. Same goes to the other commaodities, silver, and crude oil, we can expect the market
value of both investments to not exceed USD520,000 and USD730,000 accordingly.

However, the estimated VaR for each commodity with a 1% probability (99th percentile) this time, will be 0.0357, 0.0786 and
0.1188 respectively. It is important to note that by using a 99% confidence level, a greater level of confidence is being placed in
capturing extreme events or tail risk in the market. This study is taking into account the possibility of larger losses that might occur
less frequently but can have a significant impact on the investment. These estimates that the maximum potential loss for gold,
silver and crude oil within a single trading day will be 3.5%, 7.9% and 11.9%. In practical term, similar to the previous example,
suppose there was an investment of 10 million USD Dollars in gold, the maximum potential loss within a single trading day would
be USD 350,000. Silver and crude oil will now follow suit, hence, there is a possibility the market value of both investments to not
exceed USD790,000 and USD1,190,000 accordingly.

Moving on to Table 7, this following table shows the VVaR of monthly block size, n = 21, for gold, silver and crude oil under 95%
and 99% confidence interval. The calculated VaR for each commodity with a 5% probability (95th percentile) are 0.0348, 0.0738
and 0.1190 respectively. This means that with 95% confidence level, there is a 5% probability that the market value of the
investment in gold, silver and crude oil could decline by 3.4%, 7.3% and 11.9% accordingly in a single trading day. Finally, the
calculated VaR for the same commodities but with a 1% probability (99th percentile) will be 0.0470 for gold, 0.1033 for silver and
0.2271 for crude oil. This also mean that the expected maximum potential loss in the of commodities prices for gold, silver and
crude oil, within a single trading day will be 4.7%, 10.3% and 22.7% accordingly.

B) GPD - VaR
The VaR for GPD under 95% and 99% confidence interval are shown in the table below:

Table 7: Value at Risk for Gold, Silver, and Crude Qil

P Gold Silver Crude Qil
0.950 0.0156 0.0318 0.0338
0.990 0.0270 0.0573 0.0887

The VaR metric quantifies the most unfavourable outcome for each commodity, expressed in ounces, within a single trading day,
under a predetermined level of confidence, typically 95% and 99%.

Given that this study focuses on the negative returns of gold, silver, and crude oil, attention is directed towards the left tail of the
distribution. The calculated VaR values for a 5% probability (95th percentile) are 0.0156, 0.0318, and 0.0338, respectively. This
implies that there is an expectation of a worst-case daily loss in the value of ounce commaodities prices that could exceed 1.56%,
3.18%, and 3.38% consecutively. To put it differently, with a 5% probability, the market value is expected to not exceed
USD156,000 or more for gold, USD318,000 or more for silver, and USD338,000 or more for crude oil, considering a market
investment of USD10million.

Likewise, the VaR at a 1% probability level (99th percentile) for gold, silver, and crude oil is calculated as 0.0270, 0.0573, and

0.0887, respectively, representing the left tail of the distribution. This implies that there is a possibility for the market value of
gold, silver, and crude oil to experience daily losses exceeding 2.70%, 5.73%, and 8.87% respectively. In alternative terms, in the

event of a USD10 million.
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Overall, it is observed that the VVaR remains relatively stable for all commodities under the two different probabilities, indicating
no significant changes in the values.

BACKTESTING

After applying Extreme Value Theory on gold, silver, and crude oil, we compute the interval estimates of VVaR by using Kupiec
test. Estimates of risk measures are at 95th and 99th percentile confidence interval, for both EVT and all commaodities. The value
obtained by using Kupiec test will be compared to the p-value. The result will be accepted if only the value of Kupiec is lower
compared to the p-value and vice versa.

Table 8: Result of Backtesting on GEV-VaR (Weekly)

Gold
Confidence Interval Kupiec p-value Result
95% 49.1328 2.39¢12 Rejected
99% 13.9107 1.92¢* Rejected
Silver
Confidence Interval Kupiec p-value Result
95% 37.0292 1.16¢° Rejected
99% 13.9107 1.92¢* Rejected
Crude Oil
Confidence Interval Kupiec p-value Result
95% 51.8873 5.88e13 Rejected
99% 1.9415 0.1635 Rejected

Table 9: Result of Backtesting on GEV-VaR (Monthly)

Gold
Confidence Interval Kupiec p-value Result
95% 104.5935 1.49¢1? Rejected
99% 13.9107 1.92¢* Rejected
Silver
Confidence Interval Kupiec p-value Result
95% 111.1577 5.46¢2° Rejected
99% 1.1481 0.2839 Rejected
Crude Qil
Confidence Interval Kupiec p-value Result
95% 79.3803 5.12¢1° Rejected
99% 18.2216 1.96¢e° Rejected

Table 10: Result of Backtesting on GPD-VaR

Gold
Confidence Interval Kupiec p-value Result
95% 0.2689 0.6041 Accepted
99% 0.0284 0.8662 Accepted
Silver
Confidence Interval Kupiec p-value Result
95% 0.2662 0.6058 Accepted
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99% 0.4390 0.5796 Accepted
Crude Oil
Confidence Interval Kupiec p-value Result
95% 8.012 0.004 Rejected
99% 0.5790 0.4467 Rejected

Based on the table above, all the results are rejected because the Kupiec value exceeds the p-value of the model. The rejected value
suggests that the VaR model does not performing adequately and the actual losses exceeding the VaR estimates. Hence, it can be
concluded that the VaR model built by using GEV method does not accurately capture the potential losses and risks associated
with the commodities.

Based on the table above, gold and silver values are accepted for both 95% and 99% confidence interval. However, the values of
crude oil are rejected for both confidence interval. This may be caused by the high volatility of crude oil that subject to sudden
changes and contribute to pose challenges in accurately modelling the VaR. Similarly, it can be said that the results for gold and
silver are accepted because of the lower volatility, hence indicates these commaodities as a safe haven asset. Investors may be using
GPD-VaR model to model their investments accurately because the back testing results align with the expected performance of
the model.

In previous studies, such as Cerovic and Karadzic (2015), GPD-POT outperformed GEV-BM when backtesting VaR. This is
because the block maxima method, GEV-BM, has a significant drawback of wasting a substantial amount of data during analysis.
Hence, only the maximum losses are retrained in large blocks. Numerous other studies have also concluded that GPD-POT is
superior to GEV-BM, which aligns with the findings of this study. GPD-POT is preferred since it does not discard valuable data
like extreme events. Consequently, the GPD-VaR method is considered the optimal approach for assessing potential losses during
extreme events.

CONCLUSION

This study estimates the Value at Risk (VaR) of gold, silver, and crude oil prices using Extreme Value Theory (EVT) methods.
The findings suggest that the Peaks Over Threshold (POT) model outperforms the Block Maxima Method (BMM) in model in
accurately capturing potential losses, particularly for crude oil due to its high volatility. The backtesting results using the Kupiec
test support the accuracy of the GPD-VaR model in capturing extreme events. Therefore, the research objectives have been met,
through the comparison of GEV and GPD models and the assessment of backtesting results. The study also highlights the
importance of understanding extreme return distributions and their implications for risk management. During the COVID-19 crisis,
estimating parameters became challenging, and stock market VaR values became riskier. Recognizing extreme behavior in
commodity returns can improve return forecasts.

Significant contribution of this study is it will give an insightful information to the government on the potential risks associated
with commaodities. Governments and policy-making bodies craft regulations and policies to ensure economic stability and manage
crises effectively. Insights from this research assist policymakers in understanding the vulnerability of commodity markets to
extreme events and enable them to design and implement policies that mitigate the adverse impacts of such events on the economy.
Future research could explore larger datasets or alternative methods for distribution estimation beyond Maximum Likelihood
Estimation (MLE). Additionally, investigating different alpha values may provide further insights.
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