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Extreme Value Theory and Gold Price Extremes, 1975–2025: Long-Term 1 
Evidence on Value-at-Risk and Expected Shortfall 2 

 3 

1. Abstract 4 
We analyze extreme gold price movements between 1975 and 2025 using Extreme 5 

Value Theory (EVT). Using both the Block-Maxima and Peaks-over-Threshold approaches 6 
on a daily return basis, we estimate Value-at-Risk (VaR) and Expected Shortfall (ES) for 7 
the entire distribution focusing on a long-term view. Our results demonstrate that models 8 
based on the standard normal distribution systematically underestimate extreme risks, 9 
whereas EVT provides more reliable measures. In particular, EVT captures not only rare 10 
losses, but also sudden positive rallies, highlighting gold's dual function as a risk and op- 11 
portunity asset. Asymmetries emerge in the analysis: at the 0.99 quantile, losses appear 12 
larger in absolute value than gains. At the 0.995 quantile, in some episodes, upside ex- 13 
tremes dominate. Furthermore, we find that geopolitical and economic shocks, including 14 
the oil crises, the 2008 financial crisis and the COVD-19 pandemic, leave distinct signa- 15 
tures in the extremes. By covering five decades, our study provides the most extensive 16 
EVT-based assessment of gold risks to date. Our findings contribute to debates on finan- 17 
cial stability and provide practical guidance for investors seeking to manage tail risks 18 
while recognizing gold’s potential as both a safe haven and a speculative asset. 19 

 20 
Keywords: Gold, Extreme Value Theory (EVT), Value-at-Risk (VaR), Expected Shortfall 21 
(ES) 22 

 23 

1. Introduction 24 
Throughout history, gold has served as both a store of value and a refuge asset dur- 25 

ing episodes of monetary, political, and economic turbulence. Unlike fiat currencies or 26 
corporate assets, gold is not tied directly to the performance of any single economy. This 27 
makes it particularly appealing during periods of crisis, including armed conflicts, infla- 28 
tion, financial crises, and pandemics. (Gold's perceived stability and universal acceptabil- 29 
ity have established it as a hedge against systemic risk and currency devaluation (Capie 30 
et al., 2005; Beckmann et al., 2015).  31 

Over the past five decades, the global economy has experienced multiple severe dis- 32 
ruptions, including the collapse of the Bretton Woods system, the 1970s oil shocks, the 33 
dot-com bubble, the 2008 global financial crisis, the 2020s pandemic, and, more recently, 34 
geopolitical tensions resulting from the war in Ukraine and broader shifts in the global 35 
economic order (Eichengreen, 2008; Cheema et al., 2020; Smales, 2021). In each of these 36 
periods, gold has experienced significant price movements, driven in part by heightened 37 
investor demand for safe assets (Batten et al. 2010; Gkillas and Longin, 2019). 38 

In addition to private and institutional investors, central banks have emerged as key 39 
actors in the global gold market, significantly influencing price dynamics. Particularly in 40 
recent years, large-scale gold purchases by central banks—especially in emerging econo- 41 
mies seeking to diversify away from U.S. dollar holdings—have contributed to both the 42 
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upward trajectory and the volatility of gold prices (Aizenman and Inoue, 2013; Baur and 43 
McDermott, 2016; Ilesanmi and Tewari, 2020). Strategic factors—such as concerns over 44 
monetary sovereignty, inflation hedging, and geopolitical risk exposure—appear to in- 45 
creasingly drive central bank demand for gold. 46 

Despite its centrality in financial markets, the behavior of gold prices under extreme 47 
market conditions remains insufficiently explored, especially over long historical 48 
timeframes. While various studies have examined short- to medium-term gold price vol- 49 
atility, few have applied Extreme Value Theory (EVT) to comprehensively analyze both 50 
the downside risks and the upside potential (e.g., explosive rallies) associated with gold 51 
investments (Chinhamu et al., 2014; Khan et al., 2021; Gkillas and Longin, 2019). Further- 52 
more, existing EVT-based analyses tend to focus on short time periods or specific geo- 53 
graphic markets. This overlooks broader structural shifts in the global financial system. 54 

Given the dual function of gold—as both a source of potential loss during deflation- 55 
ary downturns and a vehicle for capital preservation or appreciation during crises—there 56 
is a compelling need to adopt a tail-focused statistical approach that concentrates on the 57 
most extreme price changes—those that occur only under extraordinary market stress. 58 
EVT shifts the analytical focus away from the average case to the most extreme outcomes, 59 
offering a well-suited statistical tool for evaluating rare but consequential events in finan- 60 
cial markets (McNeil et al., 2015; Gilli and Këllezi, 2006). When applied across a compre- 61 
hensive time horizon, EVT can offer unique insights into the evolving risk-return profile 62 
of gold under varying macroeconomic and geopolitical regimes. 63 

In response to the limitations of the existing literature, we propose an expanded em- 64 
pirical analysis that takes a long-term view of statistical analysis. We will apply EVT to 65 
gold price data over an extended period from 1975 to 2024. This approach will account for 66 
multiple economic cycles, crises, and structural transformations. In doing so, it aims not 67 
only to assess the extreme risks associated with gold investments but also to evaluate the 68 
opportunities, such as gold’s performance as a hedge or safe haven in times of systemic 69 
stress. Additionally, this analysis considers the influence of central bank demand and 70 
macro-financial dynamics, offering a nuanced understanding of gold’s behavior under 71 
financial stress and extreme tail events. 72 

2. Literature Review 73 
Extreme Valute Theory is a statistical framework developed for modeling rare 74 

events, especially extreme price fluctuations in financial markets. Unlike traditional mod- 75 
els, EVT focuses on the tails of distributions, which are critical for capturing the full extent 76 
of risk. EVT is useful for estimating risk measures such as Vlaue at Risk (VaR) and Ex- 77 
pected Shortfall (ES). These measures are critical for portfolio management and risk as- 78 
sessment (Khan et al., 2021; Chinhamu et al., 2014; Chaithep et al., 2012). EVT comprises, 79 
in particular, the following models: 80 

1. Block Maxima (BM) Method: This approach involves dividing the data into 81 
blocks (e.g., annual blocks) and analyzing the maximum or minimum values 82 
within each block. The generalized extreme value (GEV) distribution is often 83 
used to model these block maxima (Khan et al., 2021; Chaithep et al., 2012). 84 

2. Peak Over Threshold (POT) Method: This method focuses on extreme values 85 
above (or below) a certain threshold. The generalized Pareto distribution 86 
(GPD) is commonly used to model these exceedances (Chinhamu et al., 2014; 87 
Giles & Chen, 2014). 88 

The BM approach is widely used to model extreme gold price movements. For exam- 89 
ple, one study analyzed daily gold prices in the Pakistan Bullion Market from 2011 to 2021 90 
using this approach. The results showed that the GEV distribution effectively captured 91 
extreme price movements, enabling accurate VaR and ES estimates (Khan et al., 2021). 92 
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Similarly, another study used the BM method to forecast extreme price levels over the 93 
next 20 years based on historical gold prices (Chaithep et al., 2012). 94 

The POT approach has been used to model extreme tail behavior in gold prices. For 95 
instance, a study of gold, silver, and platinum prices employed the POT method to esti- 96 
mate VaR and ES for extreme daily price fluctuations. The results showed that silver had 97 
the highest risk of the three metals (Giles & Chen, 2014).  98 

Some studies have combined EVT with other models to improve the accuracy of gold 99 
price analysis. For example, one study integrated EVT with GARCH models to account 100 
for volatility persistence in gold prices. The results revealed that the hybrid model yielded 101 
more precise VaR and ES estimates than EVT models operating independently (Khan et 102 
al., 2023; Khemawanit & Tansuchat, 2016). Another study combined POT with GARCH 103 
models to estimate VaR and ES for gold prices, demonstrating EVT's superiority over tra- 104 
ditional models (Chinhamu et al., 2014). 105 

Multivariate extreme value theory (MVEVT) has been used to analyze the joint be- 106 
havior of gold prices with other assets or indices. For instance, one study employed ex- 107 
treme value copulas to investigate the dependence structure between gold prices and the 108 
U.S. dollar index. The results showed that gold and the U.S. dollar index were independ- 109 
ent of each other in extreme market conditions (Kaewkheaw et al., 2014). 110 

EVT is primarily used to estimate two key risk measures in gold price analysis. 111 
1. Value-at-Risk  112 
2. Expected Shortfall 113 
VaR is a measure of the maximum potential loss that a portfolio could incur within a 114 

given time frame and confidence level. EVT has been widely used to estimate VaR for 115 
gold prices. For instance, the study of Khan et. al. of gold prices in the Pakistan Bullion 116 
Market employed the GEV distribution to estimate VaR for extreme daily losses and gains 117 
(Khan et al., 2021). Another study used the generalized Pareto distribution (GPD) to 118 
model extreme gold price returns, demonstrating EVT's effectiveness in VaR estimation 119 
(Chinhamu et al., 2014). 120 

ES is a measure of the average potential loss in the worst (1 - confidence level) percent 121 
of cases. EVT has been used to estimate ES for gold prices, often in combination with VaR. 122 
For example, one study examined gold, silver, and platinum prices and used the GPD to 123 
estimate the expected shortfall for extreme daily price changes. The results showed plati- 124 
num to be riskier than gold for negative returns and gold to be riskier than platinum for 125 
positive returns (Giles and Chen, 2014). 126 

Several studies have used EVT to provide valuable insights into the behavior of gold 127 
prices.  128 

1. Volatility and Tail Behavior: Gold prices exhibit significant volatility with fat-tailed 129 
distributions that traditional models cannot capture. EVT has been used to effectively 130 
model these fat tails. For instance, one study of gold price returns showed that EVT mod- 131 
els outperformed Gaussian and Student's t models in capturing tail behavior (Chinhamu 132 
et al., 2014). 133 

2. Extreme Risk in Gold Markets: EVT has been used to analyze extreme risk in gold 134 
markets, particularly during periods of high volatility. For instance, a study of gold fu- 135 
tures markets found that incorporating tail risk indicators improved the predictive accu- 136 
racy of models of gold price volatility (Tang and Zhong, 2023). 137 

3. Comparison with Other Assets: EVT has also been used to compare the extreme 138 
risk of gold with that of other assets. For example, a study of bitcoin and gold prices found 139 
that both assets exhibited low extreme correlation, indicating their potential as diversifi- 140 
cation tools during market turbulence (Gkillas and Longin, 2019). 141 

4. Safe Haven Properties Gold is often considered a safe haven during market crises. 142 
EVT has been used to analyze gold’s safe haven properties during extreme market 143 
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conditions. For instance, one study examined the relationship between gold and the U.S. 144 
dollar index and found that gold effectively acted as a safe haven against extreme U.S. 145 
dollar rate fluctuations (Reboredo, 2013). Other studies have come to different conclu- 146 
sions. For example, in a quantile-specific study using extreme quantile regression, Liu 147 
(2013) showed that gold acts as a safe haven only in the U.S. market at moderate extreme 148 
values (e.g., the 5% quantile). However, this protective function does not exist in other 149 
markets, such as those in France, Australia, and South Korea. In a later study, Liu (2020) 150 
found that, during extreme market events (e.g., the 0.1% quantile), neither gold nor gov- 151 
ernment bonds act as reliable hedges; both asset classes fail as "ultimate" collateral. 152 

The applications of EVT in gold price analysis are diverse and include the following: 153 
1. Portfolio Risk Management: EVT can be used to estimate VaR and ES for gold port- 154 

folios, enabling investors to effectively manage tail risks. For instance, one study exam- 155 
ined precious metal portfolios and used EVT to calculate the VaR and ES of an equally 156 
weighted portfolio of gold, silver, palladium, and platinum (Khemawanit and Tansuchat, 157 
2016). 158 

2. Return-Level Forecasting: EVT has been used to forecast extreme gold price levels 159 
over specific time horizons. For instance, a study of gold prices in the Pakistan Bullion 160 
Market forecasted extreme price levels for the next five and ten years using the GEV dis- 161 
tribution (Khan et al., 2021). 162 

3. Hedging and Safe Haven Strategies: EVT has also been used to analyze gold's role 163 
as a hedge or safe haven against other assets. For example, one study examined the rela- 164 
tionship between gold and the U.S. dollar index and discovered that gold effectively 165 
hedges against fluctuations in the U.S. dollar exchange rate (Reboredo, 2013). 166 

4. Volatility Forecasting: EVT has been used to improve the accuracy of gold price 167 
volatility forecasts. For instance, a study of gold futures markets revealed that incorporat- 168 
ing tail risk indicators into volatility models significantly enhanced forecasting accuracy 169 
(Tang and Zhong, 2023). 170 

3. Research Gap 171 
Despite EVT being widely used to analyze extreme risks in the gold market, existing 172 

studies tend to focus on specific time periods, regions or risk perspectives (e.g. loss anal- 173 
ysis without opportunity analysis). 174 

A major limitation of existing research is the lack of a comprehensive EVT-based 175 
analysis of gold price extremes spanning the period from 1975 to 2024. This period en- 176 
compasses major global economic and geopolitical events, including oil crises, the end of 177 
the gold standard, the 2008 financial crisis, the pandemic, the war in Ukraine, and recent 178 
economic changes driven by digitalization, energy and climate policy. 179 

Moreover, existing studies tend to adopt a unidimensional focus on downside risks, 180 
with limited attention to potential gains, upside opportunities, and in particular sudden 181 
rallies. 182 

Consequently, the research fails to consider either the dual perspective of risk and 183 
opportunity, or the long-term view and broad historical context that would be crucial for 184 
a sound investment assessment of gold. 185 

Based on this research gap, the following key research questions can be derived: 186 
1. How have extreme movements in gold prices evolved between 1975 and 2024, 187 

and to what extent can these be associated with major geopolitical and macro- 188 
economic events? 189 

Objective: The historically sound application of EVT to an exceptionally long period. 190 
2. To what extent can EVT simultaneously capture downside risks and upside 191 

opportunities in gold investments, including safe haven behavior and 192 
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protective characteristics? What symmetries and asymmetries are present in 193 
long-term VaR and ES estimates based on EVT? 194 

Objective: Extending the use of EVT to positive extreme values, not just extreme 195 
losses. 196 
3. What methodological differences arise when analyzing long-term gold price 197 
extremes using the Block-Maxima method and the Peaks-over-Threshold method? 198 
 Objective: Comparing EVT methods in long-term use. 199 
4. How do VaR and ES estimates based on EVT compare with a purely statistical 200 
approach in a long-term view? 201 
 Objective: Providing an in-sample test and validating EVT methods in long-term use. 202 
5. What long-term time-dependence characteristics and statistical dependencies 203 

influencing the long-term dependence of extreme events can be deduced from 204 
EVT estimates? 205 

 Objective: Deriving long-term time dependencies of EVT methods. 206 
6. How can EVT be used to derive long-term predications for VaR and ES 207 

measures? 208 
Objective: Testing the hypothesis that EVT methods based on one decade can be em- 209 
ployed to predict VaR and ES for the following decade. 210 
7. How do the risk and opportunity assessments of gold differ across different 211 

geopolitical and economic phases (e.g. oil crises, financial crises, pandemics 212 
and wars)? 213 

Objective: Contextualizing extreme value analyses across multiple economic eras. 214 
 215 
 216 
Our paper is structured as follows: Building on the formulation of the quantiative 217 

research questions 2 to 6 , Chapter 4 outlines the methodological framework. Chapter 5 218 
then introduces the underlying dataset and presents the empirical analysis, in which the 219 
main results are reported, systematically interpreted, and discussed in light of the re- 220 
search questions. This part constitutes the core of the paper, as it connects the theoretical 221 
considerations with the empirical evidence and tests the validity of the applied methods. 222 
Finally, Chapter 6 summarizes the central findings, highlights the implications for inves- 223 
tors and regulators, and identifies potential avenues for future research. 224 

4. Theoretical background: return statistics and Extreme Value Theory 225 
In this section we outline the theoretical background and the fundamental results 226 

relevant for our empricial analysis in Chapter 5, in particular from EVT. For a more de- 227 
tailed and profound overview we refer to (Coles, 2001; Embrechts et al., 1997; McNeil et 228 
al., 2015). 229 

4.1. Logarithmic returns 230 
Our basic data is a time series of prices from initial time 0 to final time 𝑇 231 

𝑃!, 𝑃", 𝑃#, … , 𝑃$	 234 
From this time series we derive the time series of returns 232 

𝑋", 𝑋#, …𝑋$	 235 
using logarithmic returns, thus we set 233 

𝑋% = ln𝑃% − ln𝑃% 236 
We use logarithmic returns due to the fact that they are time-additive, see (Ruppert 237 

and Matteson, 2015), and more importantly due to their symmetry. One of our main ques- 238 
tions concerns symmetric properties of EVT estimates. Logarithmic returns are symmetric 239 
in the following sense: A price change by a factor 𝑎 > 1, i.e. 𝑃" = 𝑎 ⋅ 𝑃!, leads to a return 240 

𝑋" = ln𝑎	 241 
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While a price change by a factor 1 𝑎⁄ , i.e. 𝑃" =
"
&
⋅ 𝑃!, leads to a return 242 

𝑋" = − ln𝑎		 245 
For example, if the price doubles the return is ln 2 = 0.693 while if the prices halves the 243 
return is − ln2 = −0.693. 244 

For any subperiod 𝑖 = 𝑡", … , 𝑡' the mean return is given by the average 246 

𝑋 =
1
𝑛9𝑋%!

'

()"

	 249 

and the volatility is given by the standard deviation 247 

𝜎 = ;
1
𝑛9<𝑋%! − 𝑋=

#
'

()"

	 250 

which is to square root of the average quadratic deviation from the mean. 248 

4.2. Formal definitions of Value-at-Risk and Expected Shortfall 251 
Formally, the risk measure VaR is defined to be a quantile of the return distribution. 252 

Given a distribution function 𝐹* for the distribution of returns 𝑋 and a level 0 < 𝛼 < 1, 253 
then the Value at Risk at level 𝛼 (𝑉𝑎𝑅+) is defined to be 254 

𝑉𝑎𝑅	+ = inf{𝑥 ∈ ℝ	|	𝐹*(𝑥) ≥ 1 − 𝛼}	 258 
That means the probability that the return is less than 𝑉𝑎𝑅+ is less or equal than 1 − 𝛼. 255 
In other words a loss that is in absolute value greater than 𝑉𝑎𝑅+ only happens with a 256 
probability 1 − 𝛼. 257 

The risk measure Expected Shortfall is closely related to the Value at Risk. It is de- 259 
fined to be the expected value of the return given that the return is less or equal than the 260 
VaR. Using conditional expected value, the formal definition given a level 0 < 𝛼 < 1 is 261 

𝐸𝑆+ = E[𝑋	|	𝑋 ≤ 𝑉𝑎𝑅+]	 264 
The ES can be calculated analytically from the VaR 262 

𝐸𝑆+ =
1

1 − 𝛼 ⋅ T 𝑉𝑎𝑅-
".+

!
	𝑑𝑧	 265 

Thus, the expected shortfall is the expected loss in case the VaR is breached. 263 
In our analysis we are interested in symmetric properties of VaR and ES estimates. 266 

Typically, the definitions above are applied for levels 𝛼 greater than 0.9. Then the defi- 267 
nitions above measure the left tail of the return distribution and thus concern losses. 268 

Formally, the definition of the VaR can also be applied for small levels 𝛼. If 𝛼 is 269 
taken to be less than 0.1, then the VaR measures the right tail and thus concerns gains. 270 
Thus, if we are interested in the positive tail for a given level 𝛼, in order to analyze sym- 271 
metric properties of the VaR, we apply the same definition but switch from 𝛼 to 1 − 𝛼 272 

𝑉𝑎𝑅	+ = inf{𝑥 ∈ ℝ	|	𝐹*(𝑥) ≥ 𝛼}	 280 
In order to define a measure analogous to ES for the right tail, i.e. for gains we put 273 

𝐸𝑆+ = E[𝑋	|	𝑋 ≥ 𝑉𝑎𝑅+]	 281 
and in this case, for gains, we have 274 

𝐸𝑆+ =
1

1 − 𝛼 ⋅ T 𝑉𝑎𝑅-	𝑑𝑧
"

+
	 282 

Thus, for gains, we let ES be the expected gain if the return is larger than the VaR. Note 275 
that the definitions above are symmetric. If applied to the return series directly, the de- 276 
fined measures give extreme values for the gains. However, if we multiply the return se- 277 
ries with −1 in order to change the sign, then these measures are equivalent to the origi- 278 
nally defined ones and measure extreme values for the losses. 279 

4.3. Historical Value at Risk and Expected Shortfall 283 
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Given a return series 284 
𝑋", 𝑋#, … , 𝑋$	 291 

the VaR and ES can be estimated directly from the data. This is called the historical (or 285 
sample) VaR and ES and is based only on quantiles. The historical VaR is defined to be 286 
the (1 − 𝛼) sample quantile of the return series: Let 287 

𝑋(") ≤ 𝑋(#) ≤ ⋯ ≤ 𝑋($)	 292 
be the order statistics of the return series. Then for a given level 𝛼 288 

𝑉𝑎𝑅+ = 𝑋(⌈$⋅(".+)⌉)	 293 
and 289 

𝐸𝑆+ =
1

⌈𝑇 ⋅ (1 − 𝛼)⌉ 9 𝑋(()

⌈$⋅(".+)⌉

()"

	 294 

The historical VaR and ES estimates are non-parametric and use only statistical methods. 290 

4.4. The normal model 295 
The standard way of estimating the VaR and ES is based on the assumption that the 296 

return distribution is close to a normal distribution. This normal model is a simple para- 297 
metric method using only the parameters 298 

𝜇 = 𝑋	 303 
the mean of the returns and 299 

𝜎 = [(𝑥 − 𝜇)#	 304 
the volatility of returns. Then for a given level 𝛼 300 

𝑉𝑎𝑅+ = 𝜇 + 𝜎 ⋅ Φ."(1 − 𝛼)	 305 
and 301 

𝐸𝑆+ = 𝜇 +
𝜎
𝛼 ⋅ 𝜙(Φ

."(1 − 𝛼))	 306 
where Φ is the distribution function and 𝜙 is the density of the normal distribution. 302 

4.5. The Block-Maxima method 307 
The Block-Maxima method is based on the idea to partition the return series in blocks 308 

of a certain length take the maximum for each block and model the distribution of these. 309 
The VaR and ES is then calculated from this extreme value distribution. Here we follow 310 
(Embrechts et al., 1997) to summarize the theoretical background. 311 

In this section we analyze a general time series  312 
𝑋", 𝑋#, …𝑋$	 315 

This can be either a return series or a time series of losses where each return is multiplied 313 
by -1 to change the sign. 314 
4.5.1. The iid approach 316 

Let 𝑋", 𝑋#, …𝑋$ be the time series and assume 𝑇 = 𝑚 ⋅ 𝑛, where 𝑚 ∈ ℕ is the num- 317 
ber of blocks and 𝑛 ∈ ℕ is the length of each block. Note that we shorten the time series 318 
from the beginning, if necessary, in order to have only blocks of length 𝑛. Then for 𝑖 = 319 
1,… ,𝑚 and 𝑗 = 1,… , 𝑛, let 𝑋4

(() = 𝑋'((.")54 and define 320 
𝑀'
(() = maxf𝑋"

((), … , 𝑋'
(()g	 322 

to be the maximum of each block. 321 
For the remainder of this section, let us assume that the time series 𝑋", 𝑋#, …𝑋$ con- 323 

sist of independent, identically random variables with distribution function 𝐹. Then the 324 
distribution function of 𝑀'

(() is given by  325 
Pr<𝑀'

(() ≤ 𝑧= = Pr<𝑋"
(() ≤ 𝑧,… , 𝑋'

(() ≤ 𝑧= = 𝐹(𝑧)'	 328 
for all 𝑧 ∈ ℝ and all 𝑖 = 1,… ,𝑚. Under the assumption of independent and identically 326 
distributed random variables the distribution 𝐹 can be estimated asymptotically in the 327 



Commodities 2025 8 of 31 
 

limit 𝑛 → ∞. This result is known as the Fisher-Tippet-Gnedenko Theorem (Embrechts et 329 
al., 1997, p. 122). If there are 𝑎' > 0, 𝑏' ∈ ℝ, and a non-degenerate distribution 𝐺, then 330 
for all 𝑧 ∈ ℝ and all 𝑖 = 1,… ,𝑚 331 

lim
6→8

Prn
𝑀'
(() − 𝑏'
𝑎'

< 𝑧o = 𝐺(𝑧)	 337 

with 332 

𝐺(𝑧) = expr−s1 +
𝜉(𝑧 − 𝜇)

𝜎 u
."9
v	 338 

and 333 

1 +
𝜉(𝑧 − 𝜇)

𝜎 > 0	 339 
where 𝜇 ∈ ℝ, 𝜉 ∈ ℝ, and 𝜎 > 0. The distribution 𝐺 is called generalized extreme value 334 
distribution (GED), 𝜉 is called shape parameter, 𝜇 location parameter, and 𝜎 scale pa- 335 
rameter. 336 

These parameters can be estimated, e.g. applying the maximum likelihood method. 340 
This parameter fitting is well-suited for 𝜉 > 0 (Longin, 1996; Smith, 1985). 341 
 342 
4.5.2 The extreme index 343 

To apply the Block-Maxima method to return series 𝑋", 𝑋#, …𝑋$ that are stationary 344 
but not necessarily independent, identically distributed, a so-called extreme index is used 345 
to account for clustering of the extreme values (McNeil et al., 2015). 346 

Let 𝐹 be the marginal distribution function of 𝑋%, 𝑡 = 1,… , 𝑇, and 𝑌", 𝑌#, … , 𝑌$ be a 347 
series of independent, identically distributed random variables with distribution function 348 
𝐹. For 𝑖 = 1,… ,𝑚 define 349 

𝑀'
(:)	x = max<𝑌"

((), … , 𝑌$
(()=	 353 

to be the block maxima of 𝑌", 𝑌#, … , 𝑌$. Then for each 0 < 𝜃 < 1^and each 𝜏 > 0 there is 350 
a series (𝑢')')"8 ∈ ℝ8 such that  351 
lim
'→8

𝑛<1 − 𝐹(𝑢')= = 𝜏 , lim
'→8

Pr(𝑀'
(:)	x ≤ 𝑢') = exp(−𝜏) , lim

'→8
Pr(𝑀'

(() ≤ 𝑢') = exp(−𝜃𝜏)			 354 
The exponent 𝜃 is the extreme index and independent of (𝑢')')"8  (McNeil, 1998). 352 

By the definition of the extreme index we have asymptotically 355 

Pr(𝑀'
(() ≤ 𝑢') ≈ Pr }𝑀'

(:)	x ≤ 𝑢'~
;
= 𝐹(𝑢')'⋅;	 360 

Based on these results the VaR for a given level 𝛼	 can be estimated. Let 𝑧+ be the 𝛼- 356 
quantile of the GED, that means 𝐺(𝑧+) = 𝛼, hence 357 

𝑧+ = 𝐺."(𝛼) = 𝜇 −
𝜎
𝜉
(1 − (1 − log(𝛼)).9)	 361 

Asymptotically for 𝑛 → ∞ we have 358 
𝐺(𝑧+) = Pr<𝑀'

(() ≤ 𝑧+= = 𝐹(𝑧+)'⋅;	 362 
We estimate 359 

𝑉𝑎𝑅+ = 𝐺."<𝛼'⋅;=	 365 
then asymptotically the marginal distribution yields 363 

𝐺(𝑉𝑎𝑅+) = 𝐹'⋅;(𝑉𝑎𝑅+) = 𝛼'⋅;	 366 
thus 𝐹(𝑉𝑎𝑅+) = 𝛼 as claimed by the definition of Value-at-Risk. 364 

The estimate for 𝐸𝑆+ is then based on the estimate for 𝑉𝑎𝑅+ and the analytical in- 367 
tegration, see Section 4.2 368 

 369 
4.5.3. Parameter settings 370 

To estimate the extreme index 𝜃 that accounts for extreme value clustering, we fol- 371 
low (Embrechts et al., 1997; McNeil, 1998). For a threshold 𝑢 > 0 let 𝑁< be the number 372 
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of values 𝑋% larger than 𝑢, 𝑋% > 𝑢 for 𝑡 = 1,… , 𝑇 and let 𝐾< be the number of blocks 373 
that contain at least one value larger than 𝑢, 𝑀'

(() > 𝑢 for 𝑖 = 1,… ,𝑚. Then the estimate 374 
for the extreme index is given by 375 

𝜃� =
1
𝑛 ⋅

log }1 − 𝐾<𝑚~

log }1 − 𝑁<𝑇 ~
	 377 

For the threshold 𝑢 a suitable quantile of the time series is chosen. 376 
 378 
Finally, the block length 𝑛 is chosen as a compromise: on the one hand the GED 379 

approximates the block maxima only in the limit 𝑛 → ∞. On the other hand, the number 380 
of blocks 𝑚 should not be too small to have enough data to fit the distribution. 381 

To test whether the parameter setting is appropriate, the Sherman goodness of fit test 382 
(Longin, 2000; Sherman, 1957) is used with 383 

Ω= =
1
29�𝐺<𝑀',(5"= − 𝐺<𝑀',(= −

1
𝑚 + 1�

=

4)!

	 390 

Here G is the fitted GED and <𝑀',(=()"
=  is the order statistics of the block maxima 𝑀'

(() 384 
with 𝐺<𝑀',!= = 0 and 𝐺<𝑀',=5"= = 1. The test statistics 385 

Ω= − 𝐸=
�𝐷=

	 391 

is approximately normally distributed with 𝐸= = } =
=5"

~
=5"

 and 𝐷= ≈ "
=
⋅ #?.@

?"
 (Sher- 386 

man, 1957). This test statistics can be used to test the hypotheses that the fitted GED mod- 387 
els the distribution of the block maxima (Longin, 2000). Only if the test statistics yields 388 
large values the hypothesis is rejected. 389 

 392 

4.6. The Peaks over Threshold method 393 
The idea of the Peaks-over-Threshold method is to model the distribution of extreme 394 

values that excess a certain threshold. This has the advantage that all these extreme values 395 
are used to fit the distribution, while the Block-Maxima method only uses one extreme 396 
value for each block. Again, we analyze a time series  397 

𝑋", 𝑋#, …𝑋$	 399 
that can be either a return series or a time series of losses. 398 

 400 
4.6.1. The iid approach 401 

Firstly, we consider a time series  402 
𝑍", 𝑍#, … , 𝑍$	 408 

and for this section we assume that this time series consists of independent and identically 403 
distributed random variables. For a given threshold 𝑢 > 0 let 𝑁< ∈ ℕ be the number of 404 
values 𝑍%, 𝑡 = 1,… , 𝑇, that are larger than the threshold, 𝑍% > 𝑢, and let 𝑌", … , 𝑌A# be the 405 
excesses so that  406 

𝑍4 = 𝑌4 + 𝑢	 409 
for 𝑗 = 1,… ,𝑁<. 407 

Let 𝐹 be the distribution function of the random variables 𝑍%. The distribution of 410 
excesses is then given by the conditional probability 411 

𝐹<(𝑦) = Pr(𝑌 ≤ 𝑦	|	𝑋 > 𝑢) =
𝐹(𝑦 + 𝑢) − 𝐹(𝑢)

1 − 𝐹(𝑢)  412 

In the limit 𝑢 → ∞ this distribution is given by the Generalized Pareto Distribution. 413 
This result is known as the Pickands-Balkema-de Haan Theorem (Embrechts et al., 1997, 414 
p. 165) 415 

𝐹<(𝑦)
<→8
�⎯⎯� 𝐺(𝑦)	 416 
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with 417 

𝐺(𝑦) = 1 − �1 + 𝜉 ⋅
𝑦
𝛽�

."9 	 419 

for 𝜉 ≠ 0 and  418 
𝐺(𝑦) = 1 − exp �−

𝑦
𝛽�	 424 

for 𝜉 = 0. Here 𝜉 ∈ ℝ is the shape parameter, 𝛽 > 0	is the scale parameter and 𝑦 ≥ 0 420 
for 𝜉 ≥ 0 and 𝑦 ∈ �0,− B

9
� for 𝜉 < 0. Under the assumption of independent identically 421 

distributed random variables these two parameters can be estimated using maximum 422 
likelihood estimation.  423 

To estimate the VaR we rewrite the definition of 𝐹< 425 
𝐹(𝑥) = 𝐹(𝑦 + 𝑢) = 1 − <1 − 𝐹(𝑢)= ⋅ <1 − 𝐹<(𝑦)=	 428 

The expression 1 − 𝐹(𝑢) is the probability Pr(𝑋 > 𝑢) and can be estimated with A#
$

. 426 
Thus, we can approximate 427 

𝐹(𝑥) ≈ 1 −
𝑁<
𝑇 ⋅ <1 − 𝐺(𝑦)=	 433 

Inserting the definition of the GPD 𝐺(𝑦) we can estimate 𝑉𝑎𝑅+ for a given level 𝛼 as 429 
the 𝛼-quantile of 𝐹, namely 430 

𝑉𝑎𝑅+ = 𝑢 +
𝛽
𝜉 ns

𝑇 ⋅ (1 − 𝛼)
𝑁<

u
.9

− 1o	 434 

for 𝜉 ≠ 0 and  431 

𝑉𝑎𝑅+ = 𝑢 − 𝛽 ⋅ log s
𝑇 ⋅ (1 − 𝛼)

𝑁<
u	 435 

for 𝜉 = 0.  432 
The estimate for 𝐸𝑆+  is then based on the analytical integration, see Section 4.2, 436 

namely 437 

𝐸𝑆+ =
𝑉𝑎𝑅+
1 − 𝜉 +

𝛽 − 𝜉 ⋅ 𝑢
1 − 𝜉 	 439 

for 𝜉 < 1. 438 
 440 
This method of estimating VaR and ES depends on the choice of threshold 𝑢 > 0. On 441 

the one hand 𝑢 needs to be large enough to justify the approximation, that holds only in 442 
the limit 𝑢 → ∞. On the other hand 𝑢 cannot be chosen too large in order to have enough 443 
excesses to avoid artificial variance in the excesses.  444 

We use two methods simultaneously to determine suitable thresholds. Firstly, we 445 
estimate the mean excess function, the expected value of excesses 446 

𝑒(𝑢) = 𝐸(𝑍 − 𝑢	|	𝑍 > 𝑢)	 451 
by  447 

𝑒̂(𝑢) =
1
𝑁<

⋅9<𝑧4 − 𝑢=
A#

4)"

	 452 

where 𝑧4, 𝑗 = 1,… ,𝑁<, are the excesses larger than 𝑢. For a well-fitted GPD the mean ex- 448 
cess function is linear in 𝑢 (Embrechts et al., 1997). So, we choose a threshold 𝑢∗ such 449 
that the estimated mean excess function is close to linear for 𝑢 > 𝑢∗. 450 

Secondly, we employ the Hill method (Hill, 1975; McNeil and Frey, 2000) that esti- 453 
mates a so-called tail index, by 454 

𝜄 ̂ =
1
𝑁<

⋅9<log 𝑧(4) − log 𝑧(45")=
A#

4)"

	 458 

where 𝑧(4) is the order statistics of the excesses 𝑧4, 𝑗 = 1,… ,𝑁< and 𝑧A#5" is chosen as 455 
the threshold. The threshold 𝑢∗	is then chosen in such a way that the function 𝜄(̂𝑁<) is 456 
stable in a neighborhood of 𝑁<∗ (McNeil and Frey, 2000). 457 
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 459 
4.6.2. The GARCH filter 460 

To account for the fact that the return series 𝑋", 𝑋#, …𝑋$ is not independent and iden- 461 
tically distributed the Peaks-over-Threshold method is not directly applied but is used to 462 
derive the extreme value measures of residuals of a GARCH filter. We refer to (McNeil 463 
and Frey, 2000; Ruppert and Matteson, 2015) for details. 464 

Let 𝑋", 𝑋#, …𝑋$ be a stationary time series, e.g. the return series or the time series of 465 
losses. Then to apply a GARCH filter we set for all 𝑡 = 1,… , 𝑇 466 

𝑋% = 𝜇% + 𝜎% ⋅ 𝑍%	 471 
with 𝜇% ∈ ℝ, 𝜎% > 0, and 𝑍% , 𝑡 = 1,… , 𝑇, being a series of independent, identically distrib- 467 
uted random variables with mean 0 and variance 1. An AR(1)-GARCH(1,1) model is fitted 468 
to the data to recursively determine the parameters 𝜇%�  and 𝜎%� , 𝑡 = 1,… , 𝑇. Since this is 469 
not specific for EVT we don’t go into detail here but refer to (McNeil and Frey, 2000). 470 

Finally, the time series of GARCH residuals 472 

𝑍% =
(𝑋% − 𝜇%� )

𝜎%�
, 𝑡 = 1,… , 𝑇,	 475 

is defined and the Peaks-over-Threshold method described in the previous section is ap- 473 
plied to estimate 𝑉𝑎𝑅+(𝑍) and 𝐸𝑆+(𝑍) for the residuals. 474 

 476 
4.6.3. The GARCH scaling 477 

The GARCH filter introduced in the previous section yields predictions 𝜇$5"�  and 478 
𝜎$5"�  for the parameters describing expected return and volatility respectively. Given 479 
these predictions and the extreme value estimates for the time series of residuals, the es- 480 
timates for VaR and ES for the original time series 𝑋", …𝑋$ are given by 481 

𝑉𝑎𝑅+ = 𝜇$5"�+𝜎$5"�⋅𝑉𝑎𝑅+(𝑍)	 484 
𝐸𝑆+ = 𝜇$5"�+𝜎$5"�⋅𝐸𝑆+(𝑍)	 485 

These are the final estimates for the extreme values based on the Peaks-over-Threshold 482 
method. 483 

 486 
 487 
 488 

5. Extreme Value Theory applied to the gold price: Value at Risk and 489 
Expected Shortfall calculations 490 

In this section we provide the main empirical results: the estimates for the extreme 491 
value measures VaR and ES and give an interpretation of the results. 492 

5.1. Data basis and general setup 493 
We analyze the gold price in the period from 02.01.1975 until 30.05.2025, i.e. the time 494 

series XAU, see Figure 1. This price data is publicly available for example from yahoo 495 
finance or Bloomberg.  496 

 497 
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 498 
Figure 1. Gold price 1975 until 2025. 499 

We are interested in estimating the risk measures VaR and ES for various time peri- 500 
ods using different methods from the EVT. Our goal is to compare the results from differ- 501 
ent time periods and use this to contrast the different methods. We refer to Section 4 for 502 
the formal definition of the measures and the theoretical background of EVT. 503 

In order to calculate the measures, we initially determine the logarithmic returns 504 
from the prices, see Section 4.1. The time series of returns is our fundamental data, see 505 
Figure 2. We are mainly interested in the statistical properties of the VaR and ES estimates 506 
and the statistical dependencies of the methods of EVT. Hence, we use daily returns as 507 
our basic data. 508 

 509 

 510 
Figure 2. Logarithmic returns 1975 until 2025. 511 

Accordingly, we require daily prices as input data and daily gold prices from the 512 
XAU time series are available only form 1975 onwards. Thus, we are working with 50 513 
years of daily return data, there are 12,832 daily returns from 03.01.1975 until 31.12.2024. 514 
To investigate the effect of the first months of 2025 on the extreme value estimates, in 515 
Section 5.3 we also study the time series extended until 30.05.2025. 516 

 517 
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In this analysis we concentrate on the long-term view using all publicly available 518 
daily data. We are interested in obtaining VaR and ES estimates for rare events that only 519 
happen scarcely or, in other words, in view of long time periods. Specifically, we calculate 520 
the VaR and ES at the 0.99 and 0.995 level, see Section 4.2 for the formal definition. These 521 
levels represent extreme events that on average only happen once in every 100 and 200 522 
days respectively. As one year has about 250 trading days, for the 0.99 level we expect to 523 
see about 25 of these rare events within a decade and for the 0.995 level we expect to see 524 
about 10 to 15 of the respective rare events.  525 

 526 
Typically, these rare events are considered to be extreme daily losses, i.e. often the 527 

left tail of the distribution of daily returns is studied. This stems from the important ap- 528 
plications of the VaR and ES measures in risk management. As we are mainly interested 529 
in the statistical properties, we also investigate the right tail, i.e. the positive tail, of the 530 
distribution. That means we also study extreme daily gains. To this end, the measures 531 
VaR and ES are applied to gains in a straightforward, symmetric way, see Section 4.2 for 532 
a formal definition and technical details. Of course, for gains the notions Value at Risk and 533 
Expected Shortfall are not appropriate, since the respective measures here describe poten- 534 
tial gains. But we keep the same terminology for simplicity. By comparing the results for 535 
the left and the right tail of the distribution of returns we gain insights about the relation 536 
of gains and losses and about the symmetry of the return distribution.  537 

 538 
To estimate the VaR and ES measures we apply two common methods from EVT, 539 

namely the Block-Maxima method with an extreme index (Embrechts et al., 1997; McNeil, 540 
1998; McNeil et al., 2015) and the Peaks over Threshold method applied with a GARCH 541 
filter (Embrechts et al., 1997; McNeil and Frey, 2000). In Section 4.5 and 4.6 we provide the 542 
theoretical background and the relevant literature. In this section we concentrate on re- 543 
sults and interpretation. 544 

As a benchmark for these extreme value estimates we use the in-sample values, i.e. 545 
the historical VaR and ES values directly calculated from the time series of daily returns, 546 
see Section 4.3. We also provide the standard textbook estimates for VaR and ES that are 547 
derived from a normal distribution of daily returns, see e.g. (Ruppert and Matteson, 2015) 548 
and Section 4.4. These comparisons yield information about the statistical properties of 549 
the extreme value estimates. 550 

 551 
In Section 5.3. we discuss the basic statistical properties of the timeseries of daily re- 552 

turns. Then we investigate the time period starting from 1975 as a whole and apply the 553 
aforementioned methods to derive and compare VaR and ES measures. In Section 5.4. the 554 
time dependence of the measures is studied by analyzing the five decades from 1975 until 555 
2024 separately. Finally in Section 5.5. we explore the predictive quality of the extreme 556 
value estimates by conducting an out-of-sample comparison using again the data sepa- 557 
rated in consecutive decades. 558 

 559 

5.2. Basic statistical data 560 
The basic data consists of the 12935 daily returns in the period from 03.01.1975 until 561 

30.05.2025. The basic statistical measures are summarized in Table 1.  562 
 563 

Table 1. Statistical properties of the basic time series of returns 564 

mean median min max stand. dev. skewness kurtosis 
0.0211% 0.0161% -14.20% 12.50% 1.19% -0.0077 14.6 
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 565 
There is a small negative skewness, i.e. asymmetry to the left tail, and the kurtosis of 566 

14.6 shows that the distribution of the daily returns has much fatter tails, i.e. more extreme 567 
positive and negative values, than a normal distribution. Both facts will be discussed in 568 
more detail below. Using an average of 250 trading days per year, the mean daily return 569 
of 0.0211% scales to an average yearly return of 250 ⋅ 0.0211% = 5,275% and the daily 570 
standard deviation, i.e. the daily volatility, scales to a yearly volatility of √250 ⋅ 1.19% = 571 
18,81%. 572 

In fact, the standard deviation, i.e. the volatility, of daily returns varies substantially 573 
from year to year. Figure 3 shows the standard deviation of daily returns determined for 574 
each year separately. 575 

 576 

 577 
Figure 3. Standard deviation of daily returns for each year from 1975 until 2025. 578 

The highest standard deviation 3.31% stems from the year 1980, followed by a stand- 579 
ard deviation of 2.12% in 1982 and 1.95% in 2008. The first 5 months of 2025 exhibit a 580 
standard deviation of 1.36% which is not only higher than the overall long-term standard 581 
deviation of 1.19% but also the highest since 2008. 582 

The years 1980, 1982 and 2008 also appear, when we look at the highest gains and 583 
losses throughout the whole period of 50 years. Table 2 shows the 13 largest daily gains 584 
and daily losses and the respective corresponding dates. 585 

 586 
Table 2. Largest daily gains and losses from 1975 until 2025 587 

rank gains losses 
1 03.01.1980 12.5% 22.01.1980 -14.2% 
2 18.01.1980 10.7% 28.02.1983 -12.9% 
3 16.01.1980 10.5% 15.04.2013 -9.5% 
4 03.09.1982 10.5% 17.03.1980 -7.7% 
5 17.09.2008 10.2% 26.03.1980 -7.5% 
6 21.02.1980 9.3% 04.01.1980 -7.5% 
7 19.03.1980 9.0% 20.02.1980 -7.4% 
8 02.01.1980 8.9% 13.06.2006 -7.2% 
9 28.09.1999 8.9% 10.10.2008 -7.2% 
10 08.04.1980 8.3% 25.01.1980 -7.1% 
11 20.08.1982 8.0% 28.01.1980 -6.8% 
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12 28.12.1979 7.9% 28.09.1981 -6.7% 
13 29.01.1980 7.7% 21.03.1980 -6.6% 

 588 
It is remarkable that the highest and second highest losses, -14.2% and -12.9%, are in 589 

absolute value much larger than the highest and second highest gains, 12.5% and 10.7%. 590 
But apart from that the extreme gains are larger in absolute value than the corresponding 591 
extreme losses. This can be summarized using the concept of the historical VaR and ES at 592 
level 0.999, see Section 4.3. The information shown in Table 2 leads to a VaR of -6.6% and 593 
an ES of -8.5% at level 0.999 for losses and a VaR of 7.7% and an ES of 9.6% at level 0.999 594 
for gains. Thus, at this level the extreme values of the gains are larger than those of the 595 
losses. 596 

5.3. Long-term view: Value at Risk and Expected Shortfall for the whole time period 597 
In this section we calculate, compare, and discuss the VaR and ES values for the 598 

whole period from 03.01.1975 until 31.12.2024. To analyze the effect of the first months of 599 
2025 we also show the values for the time series extended until 30.05.2025. 600 

First, we give an overview of the model set-up for the two methods from EVT, the 601 
Block-Maxima method and the Peaks-over-Threshold method, and we summarize the rel- 602 
evant parameters. In the following subsections we summarize and discuss the results. 603 

 604 
5.3.1. Model set-up 605 

For the Block-Maxima method, see Section 4.5, in this case of the whole time period, 606 
we choose a block length of 63 which leads to about 200 blocks. We use the maximum 607 
likelihood estimate to fit the generalized extreme value distribution (GED). The aforemen- 608 
tioned choice of block length thereby leads to reasonable results in the Sherman Test for 609 
the goodness of fit, see Section 4.5.3, with p-values above 12%. So, the hypotheses that the 610 
fitted distribution is suitable cannot be rejected.  611 

To estimate the extreme index, we use the method described in Section 4.5.3. For the 612 
threshold we use eight quantiles from the 0.2%-quantile to the 3%-quantile. As an estima- 613 
tor for the extreme index, we then take the average of the respective extreme index values. 614 

 615 
Table 3 summarizes the parameters used and obtained for the Block-Maxima 616 

method, in particular for the fitted GPD and the extreme index that are subsequently used 617 
to derive the VaR and ES estimates. 618 

 619 
Table 3. Parameters for the Block-Maxima method 620 

period 1975 - 2024 1975 - 2025 1975 - 2024 1975 - 2025 
tail negative negative positive positive 

block length 63 63 63 63 
location 0.021 0.021 0.019 0.020 

scale 0.010 0.010 0.009 0.009 
shape 0.207 0.196 0.215 0.178 

extreme index 0.587 0.550 0.462 0.469 
 621 

For the Peaks-over-Threshold method, see Section 4.6, we first use an AR(1)- 622 
GARCH(1,1) model fitted to the time series of logarithmic returns. Then we use the mean 623 
excess method and the Hill method, see Section 4.6.1, to find a suitable threshold for the 624 
series of GARCH-fitted residuals. Then we use the maximum-likelihood estimate to fit the 625 
Generalized Pareto Distribution. Let us mention without going into details that a sensitiv- 626 
ity analysis shows that the choice of GARCH model and the choice of threshold does not 627 
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influence the results significantly. For example, we get very similar results using a 628 
GARCH(1.1) model and as a threshold the 90% quantile, as suggested in (McNeil and 629 
Frey, 2000). 630 

Table 4 shows the relevant parameters that are used for the Peaks-over-Threshold 631 
method. 632 

 633 
Table 4. Parameters for the Peaks-over-Threshold method 634 

period 1975 - 2024 1975 - 2025 1975 - 2024 1975 - 2025 
tail negative negative positive positive 

threshold 2 2 2 2 
scale 0.614 0.623 0.566 0.557 
shape 0.172 0.163 0.192 0.198 

 635 
5.3.2. Main results and discussion 636 

In this section we show the results of the VaR and ES calculations for the 0.99 and 637 
0.995 levels. We start with the VaR estimates for the negative tail, i.e. for the losses, and 638 
then continue the discussion with the results for the positive tail, i.e. for the gains. Finally, 639 
we compare the VaR estimates with the ES estimates. 640 

Table 5 and Table 6 summarize the results of the VaR calculation for the period 641 
03.01.1975 until 31.12.2024 and for the period extended until 30.05.2025 for the 0.99 and 642 
the 0.995 level respectively. 643 

 644 
Table 5. VaR estimates at level 0.99   Table 6. VaR estimates at level 0.995 645 

method 1975 until 2024 1975 until 2025  method 1975 until 2024 1975 until 2025 
BM -3.27% -3.33%  BM -4.23% -4.27% 
PoT -2.81% -4.39%  PoT -3.38% -5.28% 

Normal -2.74% -2.74%  Normal -3.03% -3.04% 
Historical -3.45% -3.45%  Historical -4.08% -4.08% 

 646 
In general, the extent of the daily losses at these levels is rather modest. 647 
For the period 1975 until 2024 the Block-Maxima method yields a VaR of -3.27% and 648 

-4.23% respectively. Comparing these results with the VaR estimates from a normal dis- 649 
tribution show, that the normal distribution considerably underestimates the VaR and 650 
thus extreme losses. This fact will be seen throughout all the considered periods and is 651 
consistent with the high kurtosis of the return series, see Section 3.2. 652 

The comparison with the historical VaR estimates, provides a kind of in-sample test. 653 
The results from the Block-Maxima method are remarkably close to the historical VaR 654 
with a difference of only 0.17%-points and -0.15%-points respectively. 655 

However, the Peaks-over-Threshold estimates seem to underestimate with values of 656 
-2.81% for the 0.99 level and -3.38% for the 0.995 level. In absolute value they are substan- 657 
tially lower than the historical VaR estimates. 658 

 659 
This picture changes entirely, when we extend the considered period until 30.05.2025. 660 

While the results for the Block-Maxima method, the normal method and the historical 661 
method are not affected at all by adding the first months of 2025, the results for the Points- 662 
Over-Threshold method change significantly: For the 0.99 level the VaR estimates changes 663 
by -1.58%-points and for the 0.995 level by -1.90%-points. These estimates are now the 664 
highest in absolute value and overestimate the in-sample benchmark by about 1%-point. 665 
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This is due to the high volatility of the return series in 2025 in comparison to the previous 666 
years. We will analyze this effect in detail in Section 5.3.3. 667 

 668 
Now we turn our attention to the positive tail, i.e. the gains. Table 7 and Table 8 sum- 669 

marize the results of the VaR calculation for the period 03.01.1975 until 31.12.2024 and for 670 
the period extended until 30.05.2025 for the 0.99 and the 0.995 level respectively. 671 

 672 
Table 7. VaR estimates at level 0.99   Table 8. VaR estimates at level 0.995 673 

method 1975 until 2024 1975 until 2025  method 1975 until 2024 1975 until 2025 
BM 3.25% 3.30%  BM 4.15% 4.17% 
PoT 2.75% 4.29%  PoT 3.29% 5.11% 

Normal 2.78% 2.78%  Normal 3.08% 3.08% 
Historical 3.23% 3.23%  Historical 3.98% 3.98% 

 674 
In general, the estimates for the gains show a similar behavior as the estimates for the 675 

losses. In particular, the Block-Maxima estimates are again remarkably close to the histor- 676 
ical VaR, the normal distribution approach underestimates considerably and the Peaks- 677 
over-Threshold method underestimates for the period until 2024 and overestimates for 678 
the period extended until 2025.  679 

Comparing the corresponding absolute values of the results for the losses with the 680 
results for the gains, we see that the VaR estimates for the losses are consistently larger in 681 
absolute value than for the gains. So, this behavior changes from the very extreme values 682 
shown in Section 5.2 (corresponding to a 0.999 level) to the 0.995 and in particular to the 683 
0.99 level. Here we encounter a significant difference of the Block-Maxima estimates and 684 
the historical VaR: While the Block-Maxima estimates are very close to symmetric, in par- 685 
ticular at the 0.99 level (with values of -3.27% and 3.25%) the historical VaR shows a small 686 
but substantial asymmetry with larger absolute values for the losses (with values of -3.45% 687 
and 3.23%). 688 

 689 
The results for the Expected Shortfall estimates are similar in nature and we highlight 690 

the most remarkable points in the following. Table 9 and Table 10 summarize the results 691 
of the ES calculation for the negative tail for the period 03.01.1975 until 31.12.2024 and for 692 
the period extended until 30.05.2025 for the 0.99 and the 0.995 level respectively. Table 11 693 
and Table 12 summarize the respective estimates for the positive tail. 694 

 695 
Table 9. ES estimates at level 0.99   Table 10. ES estimates at level 0.995 696 

method 1975 until 2024 1975 until 2025  method 1975 until 2024 1975 until 2025 
BM -4.90% -4.92%  BM -6.12% -6.14% 
PoT -3.74% -5.15%  PoT -4.43% -6.08% 

Normal -3.14% -3.14%  Normal -3.41% -3.41% 
Historical -4.80% -4.79%  Historical -5.82% -5.82% 

 697 
Table 11. ES estimates at level 0.99   Table 12. ES estimates at level 0.995 698 

method 1975 until 2024 1975 until 2025  method 1975 until 2024 1975 until 2025 
BM 4.78% 4.77%  BM 5.93% 5.90% 
PoT 3.65% 5.01%  PoT 4.31% 5.93% 

Normal 3.18% 3.19%  Normal 3.45% 3.46% 
Historical 4.72% 4.71%  Historical 5.93% 5.93% 

 699 
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For the ES the Block-Maxima method overestimates slightly for the negative tail at 700 
the 0.995 level in comparison to the in-sample historical ES estimate, but is again remark- 701 
ably close, in particular for the positive tail. 702 

The Points-over-Threshold ES estimates are in line with the VaR values, underesti- 703 
mating for the period until 2024 and overestimating for the extended period until 2025. 704 
This specific behavior is discussed in Section 5.3.3. Let us note, however, that the overes- 705 
timate is much less significant than for the VaR estimates, in particular for the positive tail 706 
at level 0.995. 707 

As expected, the ES estimates based on the normal distribution are much smaller in 708 
absolute value than all the other estimates. This effect is even more profound for the ES 709 
than for the VaR, further underlining the effect that the distribution of the returns of the 710 
gold price has much higher extreme values that a normal distribution.  711 

 712 
Comparing the ES results for the losses with the results for the gains, we conclude 713 

that the ES estimates are rather symmetric in general. At the 0.995 level the Block-Maxima 714 
method yields losses that are in absolute value larger than the gains (with values of -6.14% 715 
and 5.90%). This effect, however, is not present in the sample data, i.e. in the historical ES. 716 
It is remarkable that the historical ES at 0.995 level is higher in absolute value for the gains 717 
than for the losses (with values of -5.82% and 5.93%). This was already mentioned in Sec- 718 
tion 5.2. and is quite unique for the gold price. 719 

 720 
5.3.3. The effect of 2025: Analysis of the GARCH model 721 

In this section we analyze the rather strong effect that the extension of the time period 722 
from 31.12.2024 to 30.05.2025 has on the estimates obtained by the Peaks-over-Threshold 723 
method. The first months of 2025 show a relatively high volatility compared to the rather 724 
low volatility of the years before, see Section 5.2. This influences the predicted volatility 725 
in the GARCH model fitted to the data and thus it influences the Peaks-over-Threshold 726 
estimates.  727 

Calculating the Peaks-over-Threshold estimates consists of two major steps: Firstly, 728 
the Peaks-over-Threshold method is applied to calculate the respective measures of the 729 
generalized pareto distribution fitted to the GARCH residuals as described in Section 4.6.1 730 
and 4.6.2. Secondly, these measures are scaled by the predicted volatility and shifted by 731 
the predicted return of the GARCH filter as described in Section 4.6.3.  732 

For example, for the VaR at level 0.99 for the period until 31.12.2024 we obtain -2.658 733 
for the quantile of the GARCH residuals and 0.0106 for the predicted volatility and 0.00003 734 
for the predicted return. Thus, we end up with 0.00003	 − 	2.658 ⋅ 0.0106 = −0.0281 735 
which is the VaR estimate shown in Table 5. For the period extended until 30.05.2025 we 736 
also obtain -2.658 for the quantile of the GARCH residuals, so here the extension has no 737 
effect. But we get 0.0165 for the predicted volatility and 0.00004 for the predicted return. 738 
In this case we obtain 0.00004 − 2.658 ⋅ 0.0165 = −0.0439 which again corresponds to 739 
the value shown in Table 5. We see that the increase of the predicted volatility from 1.06% 740 
to 1.65% leads to the increases of the VaR value from -2.81% to -4.39%. There is a similar 741 
effect for the other estimates obtained by the Peaks-over-Threshold method.  742 

We remark that this effect of the first months of 2025 does not appear if we use the 743 
averaged volatility of the GARCH filter in the scaling described in Section 4.6.3 instead of 744 
the predicted volatility. If we proceed like this, the estimated Peaks-over-Threshold values 745 
are stable, in the sense that we get the same results for the period until 31.12.2024 and for 746 
the period extended until 30.05.2025. In Table 13 we show the estimates obtained in this 747 
manner for the negative tail. 748 

 749 
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Table 13. Peaks-over-Threshold estimates using an averaged volatility scaling 750 

Level VaR ES 
0.99 -2.87% -3.81% 
0.995 -3.44% -4.51% 

 751 
Comparing these estimates with the original values, we see that these averages are 752 

much closer to the estimates for the period until 31.12.2024 and thus tend to underestimate 753 
the in-sample estimates. Thus, from a risk-management point of view, this averaging is 754 
not favorable, even though it leads to stable results. 755 

 756 

5.4. Time dependence: Value at Risk and Expected Shortfall for the five decades 757 
In this section we analyze how the extreme value estimates for VaR and ES depend 758 

on the time period. To this end we split the return data from the period from 03.01.1975 759 
until 31.12.2024 in 5 decades and use the respective data separately to derive the VaR and 760 
ES values. In this way we obtain five estimates for each value and each method and we 761 
compare the results. 762 

Table 14 summarizes the basic properties of the respective return data. It is remark- 763 
able that an investment in gold yielded a strongly positive return during each decade. 764 
Note that the minimum and maximum values are in line with the reported data in Section 765 
3.2. Also, the time development of the volatility (the standard deviation of daily returns) 766 
fits to the yearly development of the volatility shown in Figure 3 and to an overall volatil- 767 
ity of 1.19% with high volatility in the first and the fourth decade and lower volatility in 768 
the remaining decades. 769 

 770 
Table 14. Basic properties of returns by decade 771 

 1975-1984 1984-1995 1995-2004 2005-2014 2014-2025 
number of daily returns 2511 2510 2608 2608 2595 

total return 56.9% 21.5% 13.5% 99.4% 79.7% 
minimal return -14.2% -6.6% -4.6% -9.5% -5.9% 
maximal return 12.5% 5.8% 8.9% 10.2% 5.0% 

std. dev. of daily returns 1.79% 0.92% 0.84% 1.25% 0.87% 
 772 
In the following section we summarize the model set-up for the two methods from 773 

EVT, the Block-Maxima method and the Peaks-over-Threshold method, and the relevant 774 
parameters. In Sections 3.4.2. we present and discuss the results, how the EVT estimates 775 
depend on the decade. 776 

 777 
5.4.1 Model set-up 778 

For the Block-Maxima method, see Section 4.5, for each decade we choose a block 779 
length of 21 which leads to about 120 blocks. Again, we use the maximum likelihood es- 780 
timate to fit the GPD. The choice of block length is again justified by the Sherman Test for 781 
the goodness of fit with p-values above 23%. So, the hypotheses that the fitted distribution 782 
is suitable cannot be rejected.  783 

To estimate the extreme index, we again use the method described in Section 4.5.3 784 
with eight quantiles from the 0.2%-quantile to the 3%-quantile. As an estimator for the 785 
extreme index, we then take the average of the respective extreme index values. 786 
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Table 15 summarizes the parameters used and obtained for the Block-Maxima 787 
method, in particular for the fitted generalized pareto distribution and the extreme index 788 
that are subsequently used to derive the VaR and ES estimates. 789 

 790 
Table 15. Parameters for the Block-Maxima method 791 

period 1975 - 1984 1985 - 1994 1995 - 2004 2005 – 2014 2015 - 2024 
tail negative negative negative Negative negative 

block length 21 21 21 21 21 
location 0.0207 0.0130 0.0117 0.0184 0.0133 

scale 0.0120 0.0072 0.0054 0.0091 0.0055 
shape 0.2333 0.2071 0.0793 0.1321 0.1150 

extreme index 0.6806 0.9698 0.8581 0.8411 0.8412 
 792 
 793 

period 1975 - 1984 1985 - 1994 1995 - 2004 2005 - 2014 2015 - 2024 
tail positive positive positive positive positive 

block length 21 21 21 21 21 
location 0.0199 0.0119 0.0108 0.0171 0.0130 

scale 0.0106 0.0063 0.0060 0.0074 0.0050 
shape 0.3137 0.1763 0.1814 0.0941 0.0732 

extreme index 0.6036 0.8239 0.7851 0.8603 0.7868 
 794 

For the Peaks-over-Threshold method, see Section 4.6, we again use an AR(1)- 795 
GARCH(1,1) model fitted to the time series of logarithmic returns. Then we use the mean 796 
excess method and the Hill method to find a suitable threshold for the series of GARCH- 797 
fitted residuals. Then we use the maximum-likelihood estimate to fit the GPD. Similar as 798 
for the results in Section 5.3. a sensitivity analysis shows that the choice of GARCH model 799 
and the choice of threshold does not influence the results significantly. 800 

Table 16 shows the relevant parameters that are used for the Peaks-over-Threshold 801 
method. 802 

 803 
Table 16. Parameters for the Peaks-over-Threshold method 804 

period 1975 - 1984 1985 - 1994 1995 - 2004 2005 - 2014 2015 - 2024 
tail negative negative negative negative negative 

threshold 2 1 1 1 1 
scale 0.695 0.675 0.609 0.725 0.658 
shape 0.078 0.096 0.028 -0.001 0.024 

 805 
 806 

period 1975 - 1984 1985 - 1994 1995 - 2004 2005 - 2014 2015 - 2024 
tail positive positive positive positive positive 

threshold 1.2 1 1 1 1 
scale 0.579 0.588 0.600 0.579 0.658 
shape 0.095 0.152 0.145 -0.005 -0.061 

 807 
 808 
5.4.2. Main results and discussion 809 
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Here we present and discuss the results of the VaR and ES calculations for the indi- 810 
vidual decades at the 0.99 and the 0.995 level. First, we consider the VaR for the negative 811 
tail. Tables 17 and 18 and Figures 4 and 5 summarize and illustrate the results. 812 

 813 
Table 17. VaR estimates at level 0.99 814 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM -5.02% -2.66% -2.15% -3.60% -2.38% 
PoT -2.77% -1.19% -2.17% -3.52% -2.65% 

Normal -4.15% -2.13% -1.94% -2.86% -1.99% 
Historical -5.11% -2.61% -2.31% -3.69% -2.34% 

 815 
Table 18. VaR estimates at level 0.995 816 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM -6.45% -3.41% -2.59% -4.43% -2.86% 
PoT -3.35% -1.45% -2.56% -4.14% -3.12% 

Normal -4.60% -2.36% -2.15% -3.17% -2.21% 
Historical -6.28% -3.53% -2.72% -4.26% -2.92% 

 817 
 818 

Figure 4. VaR estimates at level 0.99.  Figure 5. VaR estimates at level 0.995. 819 

 820 
The Block-Maxima method yields VaR estimates that vary substantially between - 821 

5.02% in the first decade and -2.15% in the third decade at level 0.99 and between -6.45% 822 
in the first decade and -2.59% in the third decade at level 0.995. In particular, the values 823 
for these two decades differ substantially from the VaR estimates for the whole period 824 
from 1975 until 2024: -3.27% and -4.23% respectively, see Section 5.3.  825 

We see that the Block-Maxima estimates are influenced by the volatility of the dec- 826 
ade, i.e. the standard deviation of returns: The first decade has the highest and the third 827 
decade has the lowest standard deviation of returns, see Section 5.4.1. Actually, the VaR 828 
estimates based on the Block-Maxima method show a high negative correlation with the 829 
standard deviation of the decade. 830 

Similar as the Block Maxima estimates for the whole period, the Block Maxima esti- 831 
mates for the decades are all remarkably close to the historical VaR estimates and hence 832 
show very good in-sample accuracy. 833 

 834 
The VaR estimates based on the normal distribution share the strong dependence on 835 

standard deviation by definition, see Section 4.4. However, as expected, the normal 836 
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distribution underestimates extreme values systematically as was already discussed in 837 
Section 5.3. 838 

 839 
The Peaks-over-Threshold method yields VaR estimates that are more stable with a 840 

range of -3.52% to -1.19% at level 0.99 and -4.14$ to -1.45% at level 0.995. Most of the esti- 841 
mates are reasonably close to the values for the whole period form 1975 until 2024, namely 842 
-2.81% and -3.38% respectively. Here the second decade stands out with rather small VaR 843 
values in absolute value. 844 

This can be explained by the properties of the GARCH models, see Section 4.6 and 845 
5.3.3. The end of the second decade falls into a period of very low volatility with a stand- 846 
ard deviation of 0.56% in 1994. So, we see that the Peaks-over-Threshold estimates are 847 
rather influenced by the volatility at the end of the considered period. 848 

 849 
Now we turn our attention to the VaR estimates for the positive tail. Tables 19 and 850 

20 and Figures 6 and 7 summarize and illustrate the results. 851 
 852 

Table 19. VaR estimates at level 0.99 853 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM 5.06% 2.48% 2.35% 3.08% 2.25% 
PoT 2.76% 1.15% 2.38% 3.10% 2.53% 

Normal 4.19% 2.15% 1.95% 2.94% 2.06% 
Historical 5.20% 2.65% 2.08% 3.05% 2.17% 

 854 
Table 20. VaR estimates at level 0.995 855 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM 6.64% 3.12% 2.96% 3.70% 2.66% 
PoT 3.30% 1.41% 2.91% 3.60% 2.90% 

Normal 4.64% 2.38% 2.16% 3.25% 2.27% 
Historical 6.81% 3.09% 2.65% 3.29% 2.46% 

 856 
Generally speaking, the properties described for the negative tail can also be ob- 857 

served for the positive tail: The Block Maxima estimates are rather varying but are close 858 
to the historical VaR estimates and have high correlation with the standard deviation of 859 
the decade. The Peaks-over-Threshold estimates are more stable with dependence on the 860 
standard deviation at the end of the decade.  861 

Having a closer look at the historical VaR estimates, thus at the data itself, shows 862 
remarkable asymmetries, in particular in the first and the fourth decade at level 0.995. In 863 
the first decade the VaR estimate for the positive tail, 6.81%, is by 0.53%-points higher in 864 
absolute value that the estimate for the negative tail. So here we have the rather uncom- 865 
mon behavior that extreme gains outweigh extreme losses, as was already observed in 866 
Section 5.2 and 5.3.2. In the fourth decade the historical VaR for the positive tail, 3.29%, is 867 
by 0.97%-points smaller in absolute value than the estimate for the negative tail. Both 868 
asymmetries are not that pronounced for the Block-Maxima and the Peaks-over-Thresh- 869 
old estimates. Note that the fourth decade somehow stands out due to a rather large dif- 870 
ference between the Block-Maxima estimate and the historical VaR estimate. Hence, the 871 
methods from EVT seem to underestimate asymmetries at this level. 872 
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 873 

Figure 6. VaR estimates at level 0.99.  Figure 7. VaR estimates at level 0.995 874 

 875 
To complete this section, in Tables 21, 22, 23, and 24 we present the results of the ES 876 

calculations. Overall, the ES estimates show similar behavior as the VaR estimates and we 877 
highlight some specific points in the following. 878 

 879 
Table 21. ES estimates at level 0.99 880 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM -7.49% -3.92% -2.81% -4.91% -3.13% 
PoT -3.71% -1.59% -2.74% -4.42% -3.34% 

Normal -4.76% -2.44% -2.22% -3.28% -2.29% 
Historical -6.83% -3.79% -2.83% -4.84% -3.13% 

 881 
Table 22. ES estimates at level 0.995 882 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM -9.36% -4.86% -3.29% -5.87% -3.67% 
PoT -4.40% -1.87% -3.14% -5.04% -3.83% 

Normal -5.16% -2.65% -2.41% -3.57% -2.49% 
Historical -7.97% -4.68% -3.18% -5.69% -3.67% 

 883 
Table 23. ES estimates at level 0.99 884 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM 8.01% 3.52% 3.36% 4.03% 2.72% 
PoT 3.59% 1.57% 3.24% 3.81% 3.04% 

Normal 4.80% 2.46% 2.23% 3.36% 2.35% 
Historical 7.47% 3.35% 3.29% 3.88% 2.85% 

 885 
Table 24. ES estimates at level 0.995 886 

method 1975-1984 1985-1994 1995-2004 2005-2014 2015-2024 
BM 10.29% 4.30% 4.11% 4.72% 3.30% 
PoT 4.18% 1.88% 3.86% 4.30% 3.39% 

Normal 5.21% 2.67% 2.42% 3.64% 2.55% 
Historical 9.06% 3.86% 4.18% 4.54% 3.37% 

 887 
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For the first decade the different methods yield rather differing results, e.g. the Block- 888 
Maxima method yields -9.36% at level 0.995 while the Peaks-over-Threshold method 889 
yields -4,40%. In comparison to the historical VaR estimate of -7.97% the Block-Maxima 890 
method overestimates while the Peaks-over-Threshold method underestimates substan- 891 
tially. The overestimate of the Block-Maxima method seems to be due to the high volatility 892 
and the high number of very extreme returns during the first decade. The underestimate 893 
of the Peaks-over-Threshold method can again be explained by the GARCH model, see 894 
Section 4.6 and 5.3.3. While the volatility in the first decade was high with a standard 895 
deviation of 1.79%, towards the end of the decade the volatility was low with a standard 896 
deviation of 1.06% in 1984.  897 

Let us also note that the historical ES estimates, similar as the historical VaR esti- 898 
mates, show a rather strong asymmetry towards the positive tail in the first decade and a 899 
strong asymmetry towards the negative tail in the fourth decade. For the ES estimate this 900 
behavior is also present in the estimates based on the Block-Maxima method. 901 

 902 

5.5. Predictive quality of Value at Risk and Expected Shortfall estimates 903 
In this section we explore the predictive qualities of the EVT estimates. As before we 904 

are interested in the long-term view. Here we check, how well the EVT estimates for VaR 905 
and ES from one decade describe and predict the actual behavior of extreme values in the 906 
following decade. To this end, we compare the theoretically expected number of VaR 907 
breaches, i.e. the number of returns that are in absolute value larger than the VaR, with 908 
the actual number of VaR breaches and we compare the estimated ES values with the 909 
actual mean of the respective VaR breaches. 910 

By definition of the VaR, for the 0.99 level we expect 1% of returns to be larger in 911 
absolute value than the VaR. E.g. for a decade with 2500 trading days 25 returns are ex- 912 
pected to breach the VaR. Given a decade, we take the VaR estimate from the previous 913 
decade, and we compare this expected number of VaR breaches with the actual number 914 
of VaR breaches. So, we take information that is available at the beginning of a decade to 915 
predict the number of extreme events during the decade. 916 

For example, for the decade 2015 until 2024 the VaR estimate from the previous dec- 917 
ade 2005 until 2014 is -3.60% for the 0.99 level, see Section 5.4.2. (in this example we use 918 
the Block-Maxima values). The actual number of returns from 2015 until 2024 that are 919 
more negative than -3.60% is 5. Comparing this with the expected number of 25 leads to 920 
the conclusion that the VaR of -3.60% is overestimated for the decade 2015 until 2024. 921 

There is a controversy how to test ES estimates in a meaningful way (Gneiting, 2011; 922 
Székely and Acerbi, 2014). Nevertheless, we complement the prediction of VaR estimates 923 
with a comparison for the estimates of ES values. To this end we directly take the ES esti- 924 
mate of a decade as a prediction for the following decade and compare this value with the 925 
mean of the actual VaR breaches mentioned above. In the aforementioned example the ES 926 
estimate from 2005 until 2014 is -4.91% for the 0.99 level. The comparative value, the av- 927 
erage of the 5 VaR breaches is -4.31%. So, the ES prediction is also slightly overestimated. 928 

 929 
These comparisons should illustrate the predictive qualities of the EVT estimates. For 930 

simplicity, we restrict this presentation to the negative tail and the 0.99 level. The findings 931 
for the 0.995 level and the positive tail are similar in nature. Tables 25 and 26 summarize 932 
the comparisons. 933 

 934 
Table 25. Prediction values for the Block-Maxima estimates 935 

 
1985-1994 1995-2004 2005-2014 2015-2024 
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VaR estimate from previous decade -5.02% -2.66% -2.15% -3.60% 
number of returns 2510 2608 2608 2595 

expected number of VaR breaches 25 26 26 25 
actual number of VaR breaches 4 16 112 5 

ES estimate from previous decade -7.49% -3.92% -2.81% -4.91% 
actual mean of VaR breaches -6.08% -3.11% -3.18% -4.31% 

 936 
Table 26. Prediction values for the Peaks-over-Threshold estimates 937 

 
1985-1994 1995-2004 2005-2014 2015-2024 

VaR estimate from previous decade -2.77% -1.19% -2.17% -3.52% 
number of returns 2510 2608 2608 2595 

expected number of VaR breaches 25 26 26 25 
actual number of VaR breaches 23 168 107 6 

ES estimate from previous decade -3.71% -1.59% -2.74% -4.42% 
actual mean of VaR breaches -3.94% -1.72% -3.23% -4.18% 

 938 
In Section 3.4.2. it is described that the VaR estimates based on the Block-Maxima 939 

method are rather varying from decade to decade. The dependence on volatility leads to 940 
substantial over- and underestimates if these values are used as predictions. The actual 941 
number of VaR breaches for the Block-Maxima method varies from 4 in 1985-1994 to 112 942 
in 2005-2014. Both are essentially an order of magnitude away from the expected number 943 
of 25 or 26. 944 

Under the Hypothesis that the distribution of the extreme events given by EVT from 945 
the previous decade is still valid for the decade under consideration, both the event of 4 946 
or less VaR breaches and the event of 112 or more VaR breaches have p-values below 1%. 947 
Hence, with high significance we can reject the hypothesis that the distribution of extreme 948 
events fitted to the return data of a decade can be employed for long-term predictions, i.e. 949 
to predict extreme events for the next decade. 950 

Even though the VaR estimates based on the Peaks-over-Threshold method are more 951 
stable, see Section 3.4.2., the prediction is again substantially over- und underestimating. 952 
In particular, for the decades 1995-2004 and 2005-2014 the actual numbers of VaR breaches 953 
168 and 107 respectively are much higher than the expected 26. Again, this means the 954 
hypothesis that the distribution of extreme events of one decade fits to predict the extreme 955 
events of the following decade can be rejected with p-values below 1%. 956 

 957 
It is remarkable that for both methods, the ES predictions are much closer to the ac- 958 

tual mean of VaR breaches. Here predictions and actual values follow each other rather 959 
accurately from decade to decade. This, however, is mainly due to the fact that overesti- 960 
mated VaR and ES values lead to only few VaR breaches that are large in absolute value 961 
and thus to a large actual mean of VaR breaches, while underestimated VaR and ES leads 962 
to a rather large number of VaR breaches that are rather low in absolute value. Hence 963 
using the ES in stead of the VaR eases the prediction and leads to better results. 964 

5.6 Summary of empirical results 965 
The previous sections provided a comprehensive overview of VaR and ES values for 966 

the return series based on the gold price for the period 03.01.1975 until 31.12.2024. Using 967 
different methods for the VaR and ES calculations, analyzing different time periods, and 968 
calculating result for losses and gains allowed us to derive statistical properties of the gold 969 
price and to compare dependencies of different methods from EVT. 970 

 971 
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The whole period 1975 until 2024 exhibits rather modest risk for daily returns of the 972 
gold price: At level 0.99 the VaR is slightly higher than 3% in absolute value and the ES is 973 
slightly smaller than 5%. For the 0.995 level the VaR estimates are close to 4% and the ES 974 
is slightly lower than 6%, all in absolute value. These values are rather consistent for the 975 
Block-Maxima method and the historical VaR definition, as well as for losses and gains. 976 

Overall, the estimates based on the Block-Maxima method are close to the values 977 
based on the historical method and thus show very good in-sample accuracy. The Block- 978 
Maxima values for the whole period are also stable: Extending the time series to 30.05.2025 979 
has a negligible effect. However, the Block-Maxima values vary substantially from decade 980 
to decade. We see that the VaR and ES estimates based on this method show a strong 981 
dependence on the overall volatility, i.e. the standard deviation of daily returns, of the 982 
considered period. 983 

 984 
The estimates based on the Peaks-over-Threshold method are more stable from dec- 985 

ade to decade. However, considering the whole period from 1975 until 2024, extending 986 
this period to 30.05.2025 changes the values. This can be explained by the observation that 987 
the estimates based on the Peaks-over-Threshold method with a GARCH filter are rather 988 
influenced by the volatility at the end of the considered period. 989 

 990 
In general, the estimates based on the normal distribution are smaller in absolute 991 

value than the other estimates. As usual for financial returns, the distribution of returns 992 
of the gold price has much higher extreme values than a normal distribution. 993 

 994 
Comparing the results for the losses with the results for the gains, we see some re- 995 

markable asymmetries in the return series based on the gold price. At level 0.99 the VaR 996 
estimates, in particular the historical VaR, is larger in absolute value for the losses than 997 
for the gains. This behavior changes at level 0.995. Especially the historical ES at this level 998 
shows larger gains than losses. It is remarkable that, in this sense, for the gold price the 999 
extreme gains seem to outweigh the extreme losses.  1000 

These asymmetries are most profound in the historical VaR and ES estimates. The 1001 
methods from EVT seem to balance asymmetries. 1002 

 1003 
Finally, we saw that long-term predictions of the VaR measure is cumbersome. The 1004 

hypothesis that return data of one decade is suitable to estimate the VaR for the following 1005 
decade can be rejected with high significance.  1006 

 1007 
  1008 



Commodities 2025 27 of 31 
 

6. Conclusions 1009 
This study addressed seven research questions about the role of gold as a financial 1010 

asset. The focus was on its extreme risk characteristics and safe-haven properties. The 1011 
study applied EVT and the related risk measures VaR and ES. The findings provide sev- 1012 
eral important insights. 1013 

The results clearly demonstrate that EVT is a suitable and powerful tool for capturing 1014 
the distributional properties of extreme gold price movements. Unlike traditional ap- 1015 
proaches, which often underestimate tail risk, EVT explicitly models the behavior of ex- 1016 
treme returns, allowing for a more accurate assessment of the risks associated with rare 1017 
yet impactful market events. These results confirm the robustness and appropriateness of 1018 
EVT in the context of precious metal markets. 1019 

The aim of research question 1 was to analyze how extreme swings in the gold price 1020 
evolved between 1975 and 2024 and to what extent these movements can be correlated 1021 
with geopolitical or macroeconomic events. 1022 

The descriptive analysis of the largest daily losses and gains (see Table 2 in Section 1023 
5.2) shows a striking accumulation of extreme price movements in the early 1980s, partic- 1024 
ularly in connection with the dramatic developments in January 1980. Both the highest 1025 
daily gain (+12.5% on January 3, 1980) and the sharpest daily loss (-14.2% on January 22, 1026 
1980) occurred in close temporal proximity. These events can plausibly be linked to the 1027 
geopolitical uncertainty resulting from the Iranian Revolution, the Soviet invasion of Af- 1028 
ghanistan and the escalating inflation expectations in the US at the time. 1029 

Another striking cluster of extreme losses in the gold price occurred in 2008 and 2013, 1030 
with both phases linked to significant macroeconomic developments. In October 2008, at 1031 
the height of the global financial crisis following the collapse of Lehman Brothers, there 1032 
were massive short-term price losses on the gold market. Although gold is often consid- 1033 
ered a safe haven in times of crisis, liquidity shortages and margin calls led to widespread 1034 
selling at that time, resulting in a daily loss of –7.2% on October 10, 2008. The fall in the 1035 
price of gold in April 2013 was particularly striking, with a decline of –9.5% on April 15, 1036 
2013, representing the third-largest daily loss in the entire period under review. This event 1037 
is linked to the monetary policy shift in the US. In spring 2013, there were already increas- 1038 
ing signs that the US Federal Reserve under Ben Bernanke could scale back its expansion- 1039 
ary monetary policy – in particular its government bond purchase program (“quantitative 1040 
easing”) – in the medium term. The prospect of an end to ultra-loose monetary policy 1041 
(“tapering”) led to a loss of confidence in gold as a hedge against inflation. This led to 1042 
speculative selling, exacerbated by technical factors such as margin calls and the reduction 1043 
of institutional gold holdings. 1044 

The quantitative application of the EVT – using both the Block-Maxima method and 1045 
the Peaks-over-Threshold method – confirms these observations in the context of the dec- 1046 
ade-by-decade analysis (see section 5.4). The first decade (1975–1984) not only shows the 1047 
highest volatility (standard deviation of daily returns: 1.79%, see Table 14), but also the 1048 
highest VaR and ES estimates across all decades (see Tables 17, 18, 21, 22).  1049 

The decades 1995–2004 and 2015–2024, on the other hand, show significantly reduced 1050 
extreme values, both in terms of magnitude and frequency, which is reflected in signifi- 1051 
cantly lower EVT estimates. It is striking that in both periods, the general level of volatility 1052 
and the extent of geopolitical tensions have also been relativized, which suggests a link 1053 
between market stress and extreme behavior. 1054 

 1055 
The quantitative research questions 2 to 6 were studied and answered in detail in 1056 

Chapter 5. In summary, comparing downside risk and upside opportunities showed some 1057 
remarkable asymmetries in the return series based on the gold price. At level 0.99 the VaR 1058 
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estimates are larger in absolute value for the losses than for the gains. This behavior 1059 
changes at level 0.995. At this level the risk measures tend to show larger gains than losses. 1060 
It is remarkable that, in this sense, for the gold price the extreme gains seem to outweigh 1061 
the extreme losses. This asymmetry is unusual in the context of financial time series and 1062 
points to a special market structure during speculative exaggerations.  1063 

We have also seen that extreme value estimates based on the Block-Maxima method 1064 
are close to the estimates based on the historical method and thus show very good in- 1065 
sample accuracy. The Block-Maxima method also reveals a dependence on the overall 1066 
volatility, i.e. the standard deviation of daily returns, of the considered period. The esti- 1067 
mates based on the Peaks-over-Threshold method are more stable from decade to decade. 1068 
However, they are rather influenced by the volatility at the end of the considered period. 1069 

Finally, we saw that the hypothesis that return data of one decade is suitable to esti- 1070 
mate extreme values for the following decade can be rejected with high significance.  1071 

 1072 
Research question 7 examined whether the opportunities and risks of gold invest- 1073 

ments differ in different geopolitical and macroeconomic phases. 1074 
The analysis of VaR and ES values over five decades allows for a comparative assess- 1075 

ment of the risks and opportunities of the gold market in different geopolitical and eco- 1076 
nomic phases. The analysis shows that gold as an asset class offers both significant risks 1077 
and exceptional opportunities for gains in times of crisis, albeit to varying degrees and in 1078 
different directions, depending on the macroeconomic environment of the respective dec- 1079 
ade. 1080 

Particularly striking is the first decade (1975–1984), which was marked by the oil cri- 1081 
ses of the 1970s, high inflation, the collapse of the Bretton Woods system, and political 1082 
uncertainties such as the Iranian Revolution and the Soviet invasion of Afghanistan. Dur- 1083 
ing this phase, the gold price not only exhibited the highest volatility of the entire analysis, 1084 
but also by far the most extreme daily swings – both in terms of losses and gains. The 1085 
extreme risk measures for this decade (e.g., VaR –6.45% and ES –9.36% at the 0.995 level, 1086 
see Tables 18 and 22) thus directly reflect the uncertain geopolitical climate. At the same 1087 
time, the high positive swings demonstrate gold's potential as a “crisis winner”. 1088 

In the following decades, the risk profile changed significantly. The 1990s, for exam- 1089 
ple, a period of relative geopolitical stability and economic expansion (due in part to glob- 1090 
alization and the end of the Cold War), saw the lowest VaR and ES values over the entire 1091 
period. The risk and profit potential of gold was limited during this era, which is also 1092 
reflected in the comparatively low volatility (see Table 14). 1093 

In contrast, the decade 2005–2014 shows increased extreme values, particularly in the 1094 
context of the global financial crisis of 2008, the effects of which also reached the gold 1095 
market. During the crisis, there were significant price swings – both due to selling pres- 1096 
sure in the liquidity phase and subsequent sharp price rises in the wake of monetary pol- 1097 
icy easing. The extreme values of this decade are reflected, for example, in the block max- 1098 
imum-based VaR of –3.60% (0.99 level) (see Table 17) and a high actual number of VaR 1099 
violations in the following decade (see Table 25). 1100 

The decade 2015–2024, which has been marked by the COVID-19 pandemic, the in- 1101 
vasion of Ukraine in 2022, and increasing geopolitical tensions between major powers, 1102 
among other things, again shows increased asymmetry in the extreme values – especially 1103 
on the positive side. The statistical ES at the 0.995 level is 5.93% for gains, compared with 1104 
–5.82% for losses (see Tables 10 and 12), which points to gold's role as a safe haven in times 1105 
of political and economic uncertainty. 1106 

In summary, the decade-by-decade analysis shows that the risk and opportunity pro- 1107 
files of gold differ significantly across economic eras. In times of geopolitical instability or 1108 
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monetary policy upheaval, extreme values dominate, while more stable phases with lower 1109 
volatility also lead to significantly reduced risk measures and upside potential. 1110 

 1111 
The practical implications of our study are twofold. For investors, gold remains an 1112 

effective diversification tool for portfolios, but it should not be considered a standalone or 1113 
guaranteed safe haven. Its protective role is situational and should be integrated with 1114 
other risk management tools. For risk managers, EVT-based VaR and ES offer a more re- 1115 
liable methodological foundation for stress-testing portfolios and managing downside 1116 
risk than conventional models do. Thus, the findings encourage practitioners to incorpo- 1117 
rate EVT into their risk management frameworks. 1118 

 1119 
This study provides valuable insights into the extreme risk behavior of gold and its 1120 

role as a safe haven. However, several limitations should be acknowledged. 1121 
From a research perspective, the study highlights the potential of EVT to refine the 1122 

measurement of extreme risks in financial markets. The analysis relies heavily on EVT to 1123 
model tail risks. While EVT is well suited to capturing extreme observations, it is sensitive 1124 
to the choice of thresholds and block sizes. Furthermore, EVT assumes stationarity in re- 1125 
turn distributions, a premise that may not hold in the presence of structural breaks or 1126 
regime shifts. 1127 

Future research should analyze the dependence on parameters in more detail and 1128 
explore the balance of asymmetries in a broader context. Moreover, a thorough and ex- 1129 
tensive backtesting including daily predictions of VaR and ES values could shed more 1130 
light on the predictive qualities of EVT estimates. Further studies also may extend the 1131 
analysis to other asset classes or explore nonlinear dependencies between gold and mac- 1132 
roeconomic variables under stress.  1133 

The study focuses on historical gold price data from a specific time period. While this 1134 
allows for meaningful statistical inference, it limits the generalizability of the findings. 1135 
Crisis-specific dynamics, such as the Global Financial Crisis of 2008 versus the COVID-19 1136 
pandemic, may produce different safe-haven behaviors that cannot be fully captured 1137 
within a single dataset. Furthermore, excluding intraday or high-frequency data means 1138 
that short-term extreme movements in gold prices remain unexplored. 1139 

The safe-haven properties of gold may vary across different economies and curren- 1140 
cies. The study predominantly examines global and U.S. dollar-denominated gold mar- 1141 
kets, which might not reflect safe-haven behavior in emerging markets or under different 1142 
monetary regimes. Additionally, the interplay between gold and monetary policy, ex- 1143 
change rate regimes, and geopolitical shocks is not modeled. 1144 

Although VaR and ES based on EVT are theoretically superior measures of extreme 1145 
risk, their application in practice is not without challenges. The computational complexity 1146 
and data requirements of EVT may pose barriers to adoption for many investors and prac- 1147 
titioners. Furthermore, reliance on historical data inherently limits predictive power, par- 1148 
ticularly when facing unprecedented or non-recurring crisis events. 1149 

 1150 
In summary, this study provides strong evidence that EVT is a robust framework for 1151 

analyzing extreme risks in the gold market. Gold continues to play a dual role as a hedge 1152 
in normal times and a conditional safe haven in times of crisis. While not flawless, gold 1153 
remains an indispensable asset for academic investigation and practical portfolio manage- 1154 
ment, especially when evaluated using rigorous tail-risk methodologies, such as EVT. 1155 

 1156 
  1157 
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