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

1. Abstract

We analyze extreme gold price movements between 1975 and 2025 using Extreme
Value Theory (EVT). Using both the Block-Maxima and Peaks-over-Threshold approaches
on a daily return basis, we estimate Value-at-Risk (VaR) and Expected Shortfall (ES) for
the entire distribution focusing on a long-term view. Our results demonstrate that models
based on the standard normal distribution systematically underestimate extreme risks,
whereas EVT provides more reliable measures. In particular, EVT captures not only rare
losses, but also sudden positive rallies, highlighting gold's dual function as a risk and op-
portunity asset. Asymmetries emerge in the analysis: at the 0.99 quantile, losses appear
larger in absolute value than gains. At the 0.995 quantile, in some episodes, upside ex-
tremes dominate. Furthermore, we find that geopolitical and economic shocks, including
the oil crises, the 2008 financial crisis and the COVD-19 pandemic, leave distinct signa-
tures in the extremes. By covering five decades, our study provides the most extensive
EVT-based assessment of gold risks to date. Our findings contribute to debates on finan-
cial stability and provide practical guidance for investors seeking to manage tail risks
while recognizing gold’s potential as both a safe haven and a speculative asset.

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

1. Introduction

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

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

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

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

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

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

2. Literature Review

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

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

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

The BM approach is widely used to model extreme gold price movements. For exam-

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

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

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

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

EVT is primarily used to estimate two key risk measures in gold price analysis.

1. Value-at-Risk

2. Expected Shortfall

VaR is a measure of the maximum potential loss that a portfolio could incur within a
given time frame and confidence level. EVT has been widely used to estimate VaR for
gold prices. For instance, the study of Khan et. al. of gold prices in the Pakistan Bullion
Market employed the GEV distribution to estimate VaR for extreme daily losses and gains
(Khan et al.,, 2021). Another study used the generalized Pareto distribution (GPD) to
model extreme gold price returns, demonstrating EVT's effectiveness in VaR estimation
(Chinhamu et al., 2014).

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

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

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

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

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

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

The applications of EVT in gold price analysis are diverse and include the following:

1. Portfolio Risk Management: EVT can be used to estimate VaR and ES for gold port-
folios, enabling investors to effectively manage tail risks. For instance, one study exam-
ined precious metal portfolios and used EVT to calculate the VaR and ES of an equally
weighted portfolio of gold, silver, palladium, and platinum (Khemawanit and Tansuchat,
2016).

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

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

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

3. Research Gap

Despite EVT being widely used to analyze extreme risks in the gold market, existing
studies tend to focus on specific time periods, regions or risk perspectives (e.g. loss anal-
ysis without opportunity analysis).

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

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

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

Based on this research gap, the following key research questions can be derived:

1.  How have extreme movements in gold prices evolved between 1975 and 2024,
and to what extent can these be associated with major geopolitical and macro-
economic events?

Objective: The historically sound application of EVT to an exceptionally long period.

2. To what extent can EVT simultaneously capture downside risks and upside
opportunities in gold investments, including safe haven behavior and
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protective characteristics? What symmetries and asymmetries are present in
long-term VaR and ES estimates based on EVI?

Objective: Extending the use of EVT to positive extreme values, not just extreme

losses.

3. What methodological differences arise when analyzing long-term gold price

extremes using the Block-Maxima method and the Peaks-over-Threshold method?

Objective: Comparing EVT methods in long-term use.

4. How do VaR and ES estimates based on EVT compare with a purely statistical

approach in a long-term view?

Objective: Providing an in-sample test and validating EVT methods in long-term use.

5. What long-term time-dependence characteristics and statistical dependencies
influencing the long-term dependence of extreme events can be deduced from
EVT estimates?

Objective: Deriving long-term time dependencies of EVT methods.

6. How can EVT be used to derive long-term predications for VaR and ES
measures?

Objective: Testing the hypothesis that EVT methods based on one decade can be em-

ployed to predict VaR and ES for the following decade.

7. How do the risk and opportunity assessments of gold differ across different
geopolitical and economic phases (e.g. oil crises, financial crises, pandemics
and wars)?

Objective: Contextualizing extreme value analyses across multiple economic eras.

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

4. Theoretical background: return statistics and Extreme Value Theory

In this section we outline the theoretical background and the fundamental results
relevant for our empricial analysis in Chapter 5, in particular from EVT. For a more de-
tailed and profound overview we refer to (Coles, 2001; Embrechts et al., 1997; McNeil et
al., 2015).

4.1. Logarithmic returns

Our basic data is a time series of prices from initial time 0 to final time T
P, P,P,, ..., Py
From this time series we derive the time series of returns
X, Xy, . X
using logarithmic returns, thus we set
X, =InP, —InP;

We use logarithmic returns due to the fact that they are time-additive, see (Ruppert
and Matteson, 2015), and more importantly due to their symmetry. One of our main ques-
tions concerns symmetric properties of EVT estimates. Logarithmic returns are symmetric
in the following sense: A price change by a factor a > 1,i.e. P, = a - Py, leads to a return

X, =Ina
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While a price change by a factor 1/a,ie. P; = % - Py, leads to a return

X, =—Ina
For example, if the price doubles the return is In2 = 0.693 while if the prices halves the
returnis —In2 = —0.693.

For any subperiod i = ty, ..., t;, the mean return is given by the average
n

_ 1
X=—thi

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

4.2. Formal definitions of Value-at-Risk and Expected Shortfall

Formally, the risk measure VaR is defined to be a quantile of the return distribution.
Given a distribution function Fy for the distribution of returns X and alevel 0 < a < 1,
then the Value at Risk at level a (VaR,,) is defined to be

VaR, =inf{x e R| Fx(x) =1 — a}
That means the probability that the return is less than VaR, is less or equal than 1 — a.
In other words a loss that is in absolute value greater than VaR, only happens with a
probability 1 — a.

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

ES, =E[X | X <VaR,]
The ES can be calculated analytically from the VaR

1 1-a
ES, = f VaR, dz
0

l1-—a
Thus, the expected shortfall is the expected loss in case the VaR is breached.

In our analysis we are interested in symmetric properties of VaR and ES estimates.
Typically, the definitions above are applied for levels a greater than 0.9. Then the defi-
nitions above measure the left tail of the return distribution and thus concern losses.

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

VaR, = inf{x € R| Fy(x) = a}
In order to define a measure analogous to ES for the right tail, i.e. for gains we put
ES, =E[X | X = VaR,]
and in this case, for gains, we have
1
ES, = ﬁ' i VaR, dz
Thus, for gains, we let ES be the expected gain if the return is larger than the VaR. Note
that the definitions above are symmetric. If applied to the return series directly, the de-
fined measures give extreme values for the gains. However, if we multiply the return se-
ries with —1 in order to change the sign, then these measures are equivalent to the origi-
nally defined ones and measure extreme values for the losses.

4.3. Historical Value at Risk and Expected Shortfall
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Given a return series
Xy, Xy, oo, Xp
the VaR and ES can be estimated directly from the data. This is called the historical (or
sample) VaR and ES and is based only on quantiles. The historical VaR is defined to be
the (1 — a) sample quantile of the return series: Let
Xy <X = <X
be the order statistics of the return series. Then for a given level a
VaRa = X(r.a-ay

and
[T-(1-a)]

1

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

4.4. The normal model

The standard way of estimating the VaR and ES is based on the assumption that the
return distribution is close to a normal distribution. This normal model is a simple para-
metric method using only the parameters

p=X
the mean of the returns and

o= |(x—-w?
the volatility of returns. Then for a given level a
VaR, =u+o-d71(1—a)
and
o
ESy = p+—- (@' (1 - a))

where & is the distribution function and ¢ is the density of the normal distribution.

4.5. The Block-Maxima method

The Block-Maxima method is based on the idea to partition the return series in blocks
of a certain length take the maximum for each block and model the distribution of these.
The VaR and ES is then calculated from this extreme value distribution. Here we follow
(Embrechts et al., 1997) to summarize the theoretical background.

In this section we analyze a general time series

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

Let X,,X,,...X; be the time series and assume T = m - n, where m € N is the num-
ber of blocks and n € N is the length of each block. Note that we shorten the time series
from the beginning, if necessary, in order to have only blocks of length n. Then for i =
1,..,mand j=1,..,n, let Xj(i) = Xn@-1+; and define

MO = max{x?, ., x)
to be the maximum of each block.

For the remainder of this section, let us assume that the time series X;, X, ... X; con-
sist of independent, identically random variables with distribution function F. Then the
distribution function of MY is given by

Pr(M,(li) < z) = Pr(Xl(i) <z ...,X,(li) < z) =F(z)"
for all z€ R and all i =1,...,m. Under the assumption of independent and identically
distributed random variables the distribution F can be estimated asymptotically in the
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limit n — oo. This result is known as the Fisher-Tippet-Gnedenko Theorem (Embrechts et
al,, 1997, p. 122). If there are a, >0, b, € R, and a non-degenerate distribution G, then
forall zeR andall i=1,..,m

@ _ b
lim Pr (n—n < z) = G(2)
n-oo an
with

G(z) =exp| — (1 + @)E

and
1+5E=m
o

where p € R, £ € R, and o > 0. The distribution G is called generalized extreme value
distribution (GED), ¢ is called shape parameter, u location parameter, and o scale pa-
rameter.

These parameters can be estimated, e.g. applying the maximum likelihood method.
This parameter fitting is well-suited for § > 0 (Longin, 1996; Smith, 1985).

4.5.2 The extreme index

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

Let F be the marginal distribution functionof X,, t =1,..,T, and Y,Y,,..,Y; bea
series of independent, identically distributed random variables with distribution function
F.For i =1,..,m define

MY =max(v,?, ..., v\?)
to be the block maxima of Y;,Y,, ..., Yr. Then for each 0 < 8 < 1"and each 7 > 0 there is
a series (Up)m=; € R® such that

lim n(l - F(un)) =1, lim Pr(M,(ll) <u,) =exp(-1), lim Pr(M,(li) < u,) = exp(—61)
n—oo n—oo n-oo
The exponent 6 is the extreme index and independent of (u,,)n-; (McNeil, 1998).
By the definition of the extreme index we have asymptotically

, — 0
Pr(M® < uy,) ~ Pr (M,(ll) < un) = F(u,)"?

Based on these results the VaR for a given level a can be estimated. Let z, be the a-
quantile of the GED, that means G(z,) = a, hence
7= 671(@) = u 5 (1~ (L~ log(@) )
Asymptotically for n — o we have
G(z,) = Pr(M,(li) < z,) =F(z)"*
We estimate
VaR, = G~ (a™?)
then asymptotically the marginal distribution yields
G(VaR,) = F*?(VaR,) = a™?

thus F(VaR,) = a as claimed by the definition of Value-at-Risk.

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

4.5.3. Parameter settings

To estimate the extreme index # that accounts for extreme value clustering, we fol-
low (Embrechts et al., 1997; McNeil, 1998). For a threshold u > 0 let N,, be the number
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of values X, larger than u, X, >u for t =1,..,T and let K, be the number of blocks
that contain at least one value larger than u, M >u for i =1,...,m. Then the estimate
for the extreme index is given by
Ky
g1 los(-m)

(i)

For the threshold u a suitable quantile of the time series is chosen.

Finally, the block length n is chosen as a compromise: on the one hand the GED
approximates the block maxima only in the limit n — co. On the other hand, the number
of blocks m should not be too small to have enough data to fit the distribution.

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

1

m
1
2, = EZO |6(Miia) = 6(Ma) — —
]:
Here G is the fitted GED and (Mm-)i1 is the order statistics of the block maxima M,(ll)
with G(M,,) =0 and G(M, 1) = 1. The test statistics
'Qm - Em
N
m

m+1 _
is approximately normally distributed with E,, = (m) and D, = i . 2225 (Sher-
man, 1957). This test statistics can be used to test the hypotheses that the fitted GED mod-
els the distribution of the block maxima (Longin, 2000). Only if the test statistics yields

large values the hypothesis is rejected.

4.6. The Peaks over Threshold method

The idea of the Peaks-over-Threshold method is to model the distribution of extreme
values that excess a certain threshold. This has the advantage that all these extreme values
are used to fit the distribution, while the Block-Maxima method only uses one extreme
value for each block. Again, we analyze a time series

X, Xy, . X
that can be either a return series or a time series of losses.

4.6.1. The iid approach

Firstly, we consider a time series
21,2y, ) Zy
and for this section we assume that this time series consists of independent and identically
distributed random variables. For a given threshold u > 0 let N, € N be the number of
values Z;, t =1, ..., T, that are larger than the threshold, Z, > u, and let Y, ..., Y, be the
excesses so that
Zi=Y, +u
for j=1,..,N,.
Let F be the distribution function of the random variables Z,. The distribution of
excesses is then given by the conditional probability
Fiy+uw -Fw
1—-F(u)
In the limit u — oo this distribution is given by the Generalized Pareto Distribution.
This result is known as the Pickands-Balkema-de Haan Theorem (Embrechts et al., 1997,
p. 165)

E,y)=Pr(Y <y|X>u)=

E®) = G()
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with

ol

Gy) = 1—(1+5%)
for £ #0 and
60) =1-exp(~7)
for £ = 0. Here ¢ € R is the shape parameter, f > 01is the scale parameter and y = 0
for {=0 and y € [0, —g] for ¢ < 0. Under the assumption of independent identically
distributed random variables these two parameters can be estimated using maximum

likelihood estimation.
To estimate the VaR we rewrite the definition of E,

F)=F(y+uw)=1-(1-Fw) - (1-E,®»))
The expression 1— F(u) is the probability Pr(X >u) and can be estimated with %
Thus, we can approximate
Ny
Fe)~1-—(1-6))
Inserting the definition of the GPD G(y) we can estimate VaR, for a given level a as
the a-quantile of F, namely

PN
VaRa:u+§<<#ua)> —1)

for £ #0 and
T-(1-a)
VaR, =u—f -log| ————

%)

for £ =0.
The estimate for ES, is then based on the analytical integration, see Section 4.2,
namely
VarR, [—-¢&-u
ES, = 1-¢ + 1-¢

for & < 1.

This method of estimating VaR and ES depends on the choice of threshold u > 0. On
the one hand u needs to be large enough to justify the approximation, that holds only in
thelimit u — oo. Onthe otherhand u cannot be chosen too large in order to have enough
excesses to avoid artificial variance in the excesses.

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

ewW)=EZ-ulZ>u)
by

1
é(u) = N_u . Z(zj - u)
]:
where z;, j =1,..., N,, are the excesses larger than u. For a well-fitted GPD the mean ex-
cess function is linear in u (Embrechts et al., 1997). So, we choose a threshold u* such
that the estimated mean excess function is close to linear for u > u”.
Secondly, we employ the Hill method (Hill, 1975; McNeil and Frey, 2000) that esti-
mates a so-called tail index, by

Ny
1
b= Z(logzu) —logz(j,1))
v o=
=
where z(;y is the order statistics of the excesses z;, j =1,...,N, and zy,,; is chosen as

the threshold. The threshold u”is then chosen in such a way that the function (N,) is
stable in a neighborhood of N+ (McNeil and Frey, 2000).
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4.6.2. The GARCH filter

To account for the fact that the return series X3, X,, ... X; is notindependent and iden-
tically distributed the Peaks-over-Threshold method is not directly applied but is used to
derive the extreme value measures of residuals of a GARCH filter. We refer to (McNeil
and Frey, 2000; Ruppert and Matteson, 2015) for details.
Let X;,X,,..Xr be a stationary time series, e.g. the return series or the time series of
losses. Then to apply a GARCH filter we set forall t =1,...,T
Xe=u +o.-Z
with y; €R, 0, >0,and Z,,t =1, ..., T, being a series of independent, identically distrib-
uted random variables with mean 0 and variance 1. An AR(1)-GARCH(1,1) model is fitted
to the data to recursively determine the parameters ([, and &;, t =1,...,T. Since this is
not specific for EVT we don’t go into detail here but refer to (McNeil and Frey, 2000).
Finally, the time series of GARCH residuals
.Gl D

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

Ze

4.6.3. The GARCH scaling

The GARCH filter introduced in the previous section yields predictions fiz;; and
Or+1 for the parameters describing expected return and volatility respectively. Given
these predictions and the extreme value estimates for the time series of residuals, the es-
timates for VaR and ES for the original time series X, .. X are given by

VaR, = iy, + 0111 - VaR,(Z)

ESy = bry1 + 0741 - ESo(Z)
These are the final estimates for the extreme values based on the Peaks-over-Threshold
method.

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

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

5.1. Data basis and general setup

We analyze the gold price in the period from 02.01.1975 until 30.05.2025, i.e. the time
series XAU, see Figure 1. This price data is publicly available for example from yahoo
finance or Bloomberg,.
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Figure 1. Gold price 1975 until 2025.

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

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

L2 0414 Oe

Figure 2. Logarithmic returns 1975 until 2025.

Accordingly, we require daily prices as input data and daily gold prices from the
XAU time series are available only form 1975 onwards. Thus, we are working with 50
years of daily return data, there are 12,832 daily returns from 03.01.1975 until 31.12.2024.
To investigate the effect of the first months of 2025 on the extreme value estimates, in
Section 5.3 we also study the time series extended until 30.05.2025.
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In this analysis we concentrate on the long-term view using all publicly available
daily data. We are interested in obtaining VaR and ES estimates for rare events that only
happen scarcely or, in other words, in view of long time periods. Specifically, we calculate
the VaR and ES at the 0.99 and 0.995 level, see Section 4.2 for the formal definition. These
levels represent extreme events that on average only happen once in every 100 and 200
days respectively. As one year has about 250 trading days, for the 0.99 level we expect to
see about 25 of these rare events within a decade and for the 0.995 level we expect to see
about 10 to 15 of the respective rare events.

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

To estimate the VaR and ES measures we apply two common methods from EVT,
namely the Block-Maxima method with an extreme index (Embrechts et al., 1997; McNeil,
1998; McNeil et al., 2015) and the Peaks over Threshold method applied with a GARCH
filter (Embrechts et al., 1997; McNeil and Frey, 2000). In Section 4.5 and 4.6 we provide the
theoretical background and the relevant literature. In this section we concentrate on re-
sults and interpretation.

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

In Section 5.3. we discuss the basic statistical properties of the timeseries of daily re-
turns. Then we investigate the time period starting from 1975 as a whole and apply the
aforementioned methods to derive and compare VaR and ES measures. In Section 5.4. the
time dependence of the measures is studied by analyzing the five decades from 1975 until
2024 separately. Finally in Section 5.5. we explore the predictive quality of the extreme
value estimates by conducting an out-of-sample comparison using again the data sepa-
rated in consecutive decades.

5.2. Basic statistical data

The basic data consists of the 12935 daily returns in the period from 03.01.1975 until
30.05.2025. The basic statistical measures are summarized in Table 1.

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

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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There is a small negative skewness, i.e. asymmetry to the left tail, and the kurtosis of
14.6 shows that the distribution of the daily returns has much fatter tails, i.e. more extreme
positive and negative values, than a normal distribution. Both facts will be discussed in
more detail below. Using an average of 250 trading days per year, the mean daily return
of 0.0211% scales to an average yearly return of 250 -0.0211% = 5,275% and the daily
standard deviation, i.e. the daily volatility, scales to a yearly volatility of v250 - 1.19% =
18,81%.

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

3.50% 1
L 4
3.00% A
2.50% A
2.00% A
> 4
1.50% -
1.00% A
0.50% A
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Figure 3. Standard deviation of daily returns for each year from 1975 until 2025.

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

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

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

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%

It is remarkable that the highest and second highest losses, -14.2% and -12.9%, are in
absolute value much larger than the highest and second highest gains, 12.5% and 10.7%.
But apart from that the extreme gains are larger in absolute value than the corresponding
extreme losses. This can be summarized using the concept of the historical VaR and ES at
level 0.999, see Section 4.3. The information shown in Table 2 leads to a VaR of -6.6% and
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
for gains. Thus, at this level the extreme values of the gains are larger than those of the
losses.

5.3. Long-term view: Value at Risk and Expected Shortfall for the whole time period

In this section we calculate, compare, and discuss the VaR and ES values for the
whole period from 03.01.1975 until 31.12.2024. To analyze the effect of the first months of
2025 we also show the values for the time series extended until 30.05.2025.

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

5.3.1. Model set-up

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

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

Table 3 summarizes the parameters used and obtained for the Block-Maxima
method, in particular for the fitted GPD and the extreme index that are subsequently used

to derive the VaR and ES estimates.

Table 3. Parameters for the Block-Maxima method

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

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

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

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

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

5.3.2. Main results and discussion

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

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

Table 5. VaR estimates at level 0.99 Table 6. VaR estimates at level 0.995
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%

In general, the extent of the daily losses at these levels is rather modest.

For the period 1975 until 2024 the Block-Maxima method yields a VaR of -3.27% and
-4.23% respectively. Comparing these results with the VaR estimates from a normal dis-
tribution show, that the normal distribution considerably underestimates the VaR and
thus extreme losses. This fact will be seen throughout all the considered periods and is
consistent with the high kurtosis of the return series, see Section 3.2.

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

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

This picture changes entirely, when we extend the considered period until 30.05.2025.
While the results for the Block-Maxima method, the normal method and the historical
method are not affected at all by adding the first months of 2025, the results for the Points-
Over-Threshold method change significantly: For the 0.99 level the VaR estimates changes
by -1.58%-points and for the 0.995 level by -1.90%-points. These estimates are now the
highest in absolute value and overestimate the in-sample benchmark by about 1%-point.
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This is due to the high volatility of the return series in 2025 in comparison to the previous
years. We will analyze this effect in detail in Section 5.3.3.

Now we turn our attention to the positive tail, i.e. the gains. Table 7 and Table 8 sum-
marize the results of the VaR calculation for the period 03.01.1975 until 31.12.2024 and for
the period extended until 30.05.2025 for the 0.99 and the 0.995 level respectively.

Table 7. VaR estimates at level 0.99 Table 8. VaR estimates at level 0.995
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%

In general, the estimates for the gains show a similar behavior as the estimates for the
losses. In particular, the Block-Maxima estimates are again remarkably close to the histor-
ical VaR, the normal distribution approach underestimates considerably and the Peaks-
over-Threshold method underestimates for the period until 2024 and overestimates for
the period extended until 2025.

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

The results for the Expected Shortfall estimates are similar in nature and we highlight
the most remarkable points in the following. Table 9 and Table 10 summarize the results
of the ES calculation for the negative tail for the period 03.01.1975 until 31.12.2024 and for
the period extended until 30.05.2025 for the 0.99 and the 0.995 level respectively. Table 11
and Table 12 summarize the respective estimates for the positive tail.

Table 9. ES estimates at level 0.99 Table 10. ES estimates at level 0.995
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%
Table 11. ES estimates at level 0.99 Table 12. ES estimates at level 0.995
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%

666
667
668
669
670
671
672
673

674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696

697
698

699



Commodities 2025

18 of 31

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

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

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

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

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

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

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

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

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

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

Comparing these estimates with the original values, we see that these averages are
much closer to the estimates for the period until 31.12.2024 and thus tend to underestimate
the in-sample estimates. Thus, from a risk-management point of view, this averaging is
not favorable, even though it leads to stable results.

5.4. Time dependence: Value at Risk and Expected Shortfall for the five decades

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

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

Table 14. Basic properties of returns by decade

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%

In the following section we summarize the model set-up for the two methods from
EVT, the Block-Maxima method and the Peaks-over-Threshold method, and the relevant
parameters. In Sections 3.4.2. we present and discuss the results, how the EVT estimates
depend on the decade.

5.4.1 Model set-up

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

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

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

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

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

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

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
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

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

Table 17. VaR estimates at level 0.99

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%
Table 18. VaR estimates at level 0.995

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%
0.00%

1975-1984  1985-1994  1995-2004 2005-2014  2015-2024 1975-1984  1985-1994  1995-2004 2005-2014  2015-2024
-1.00%
-2.00%
) / N\ ‘ - 5.00% \ A
/ \ /
> -4.00% \/
/ -5.00%
-6.00% /
-7.00%
=@=BM PoT Normal Statistical === B PoT Normal Statistical
Figure 4. VaR estimates at level 0.99. Figure 5. VaR estimates at level 0.995.

The Block-Maxima method yields VaR estimates that vary substantially between -
5.02% in the first decade and -2.15% in the third decade at level 0.99 and between -6.45%
in the first decade and -2.59% in the third decade at level 0.995. In particular, the values
for these two decades differ substantially from the VaR estimates for the whole period
from 1975 until 2024: -3.27% and -4.23% respectively, see Section 5.3.

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

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

The VaR estimates based on the normal distribution share the strong dependence on
standard deviation by definition, see Section 4.4. However, as expected, the normal
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distribution underestimates extreme values systematically as was already discussed in
Section 5.3.

The Peaks-over-Threshold method yields VaR estimates that are more stable with a
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-
mates are reasonably close to the values for the whole period form 1975 until 2024, namely
-2.81% and -3.38% respectively. Here the second decade stands out with rather small VaR
values in absolute value.

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

Now we turn our attention to the VaR estimates for the positive tail. Tables 19 and
20 and Figures 6 and 7 summarize and illustrate the results.

Table 19. VaR estimates at level 0.99
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%
Table 20. VaR estimates at level 0.995
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%

Generally speaking, the properties described for the negative tail can also be ob-
served for the positive tail: The Block Maxima estimates are rather varying but are close
to the historical VaR estimates and have high correlation with the standard deviation of
the decade. The Peaks-over-Threshold estimates are more stable with dependence on the
standard deviation at the end of the decade.

Having a closer look at the historical VaR estimates, thus at the data itself, shows
remarkable asymmetries, in particular in the first and the fourth decade at level 0.995. In
the first decade the VaR estimate for the positive tail, 6.81%, is by 0.53%-points higher in
absolute value that the estimate for the negative tail. So here we have the rather uncom-
mon behavior that extreme gains outweigh extreme losses, as was already observed in
Section 5.2 and 5.3.2. In the fourth decade the historical VaR for the positive tail, 3.29%, is
by 0.97%-points smaller in absolute value than the estimate for the negative tail. Both
asymmetries are not that pronounced for the Block-Maxima and the Peaks-over-Thresh-
old estimates. Note that the fourth decade somehow stands out due to a rather large dif-
ference between the Block-Maxima estimate and the historical VaR estimate. Hence, the
methods from EVT seem to underestimate asymmetries at this level.
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Figure 6. VaR estimates at level 0.99. Figure 7. VaR estimates at level 0.995
To complete this section, in Tables 21, 22, 23, and 24 we present the results of the ES
calculations. Overall, the ES estimates show similar behavior as the VaR estimates and we
highlight some specific points in the following.
Table 21. ES estimates at level 0.99
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%
Table 22. ES estimates at level 0.995
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%
Table 23. ES estimates at level 0.99
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%
Table 24. ES estimates at level 0.995
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%
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For the first decade the different methods yield rather differing results, e.g. the Block-
Maxima method yields -9.36% at level 0.995 while the Peaks-over-Threshold method
yields -4,40%. In comparison to the historical VaR estimate of -7.97% the Block-Maxima
method overestimates while the Peaks-over-Threshold method underestimates substan-
tially. The overestimate of the Block-Maxima method seems to be due to the high volatility
and the high number of very extreme returns during the first decade. The underestimate
of the Peaks-over-Threshold method can again be explained by the GARCH model, see
Section 4.6 and 5.3.3. While the volatility in the first decade was high with a standard
deviation of 1.79%, towards the end of the decade the volatility was low with a standard
deviation of 1.06% in 1984.

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

5.5. Predictive quality of Value at Risk and Expected Shortfall estimates

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

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

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

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

These comparisons should illustrate the predictive qualities of the EVT estimates. For
simplicity, we restrict this presentation to the negative tail and the 0.99 level. The findings
for the 0.995 level and the positive tail are similar in nature. Tables 25 and 26 summarize
the comparisons.

Table 25. Prediction values for the Block-Maxima estimates

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%

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

1985-1994 1995-2004 2005-2014 2015-2024
VaR estimate from previous decade -2.77% -1.19% -217% -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%

In Section 3.4.2. it is described that the VaR estimates based on the Block-Maxima
method are rather varying from decade to decade. The dependence on volatility leads to
substantial over- and underestimates if these values are used as predictions. The actual
number of VaR breaches for the Block-Maxima method varies from 4 in 1985-1994 to 112
in 2005-2014. Both are essentially an order of magnitude away from the expected number
of 25 or 26.

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

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

It is remarkable that for both methods, the ES predictions are much closer to the ac-
tual mean of VaR breaches. Here predictions and actual values follow each other rather
accurately from decade to decade. This, however, is mainly due to the fact that overesti-
mated VaR and ES values lead to only few VaR breaches that are large in absolute value
and thus to a large actual mean of VaR breaches, while underestimated VaR and ES leads
to a rather large number of VaR breaches that are rather low in absolute value. Hence
using the ES in stead of the VaR eases the prediction and leads to better results.

5.6 Summary of empirical results

The previous sections provided a comprehensive overview of VaR and ES values for
the return series based on the gold price for the period 03.01.1975 until 31.12.2024. Using
different methods for the VaR and ES calculations, analyzing different time periods, and
calculating result for losses and gains allowed us to derive statistical properties of the gold
price and to compare dependencies of different methods from EVT.
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The whole period 1975 until 2024 exhibits rather modest risk for daily returns of the
gold price: At level 0.99 the VaR is slightly higher than 3% in absolute value and the ES is
slightly smaller than 5%. For the 0.995 level the VaR estimates are close to 4% and the ES
is slightly lower than 6%, all in absolute value. These values are rather consistent for the
Block-Maxima method and the historical VaR definition, as well as for losses and gains.

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

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

In general, the estimates based on the normal distribution are smaller in absolute
value than the other estimates. As usual for financial returns, the distribution of returns
of the gold price has much higher extreme values than a normal distribution.

Comparing the results for the losses with the results for the gains, we see some re-
markable asymmetries in the return series based on the gold price. At level 0.99 the VaR
estimates, in particular the historical VaR, is larger in absolute value for the losses than
for the gains. This behavior changes at level 0.995. Especially the historical ES at this level
shows larger gains than losses. It is remarkable that, in this sense, for the gold price the
extreme gains seem to outweigh the extreme losses.

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

Finally, we saw that long-term predictions of the VaR measure is cumbersome. The
hypothesis that return data of one decade is suitable to estimate the VaR for the following
decade can be rejected with high significance.
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6. Conclusions

This study addressed seven research questions about the role of gold as a financial
asset. The focus was on its extreme risk characteristics and safe-haven properties. The
study applied EVT and the related risk measures VaR and ES. The findings provide sev-
eral important insights.

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

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

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

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

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

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

The quantitative research questions 2 to 6 were studied and answered in detail in
Chapter 5. In summary, comparing downside risk and upside opportunities showed some
remarkable asymmetries in the return series based on the gold price. Atlevel 0.99 the VaR
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estimates are larger in absolute value for the losses than for the gains. This behavior
changes atlevel 0.995. At this level the risk measures tend to show larger gains than losses.
It is remarkable that, in this sense, for the gold price the extreme gains seem to outweigh
the extreme losses. This asymmetry is unusual in the context of financial time series and
points to a special market structure during speculative exaggerations.

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

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

Research question 7 examined whether the opportunities and risks of gold invest-
ments differ in different geopolitical and macroeconomic phases.

The analysis of VaR and ES values over five decades allows for a comparative assess-
ment of the risks and opportunities of the gold market in different geopolitical and eco-
nomic phases. The analysis shows that gold as an asset class offers both significant risks
and exceptional opportunities for gains in times of crisis, albeit to varying degrees and in
different directions, depending on the macroeconomic environment of the respective dec-
ade.

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

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

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

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

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

The practical implications of our study are twofold. For investors, gold remains an
effective diversification tool for portfolios, but it should not be considered a standalone or
guaranteed safe haven. Its protective role is situational and should be integrated with
other risk management tools. For risk managers, EVT-based VaR and ES offer a more re-
liable methodological foundation for stress-testing portfolios and managing downside
risk than conventional models do. Thus, the findings encourage practitioners to incorpo-
rate EVT into their risk management frameworks.

This study provides valuable insights into the extreme risk behavior of gold and its
role as a safe haven. However, several limitations should be acknowledged.

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

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

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

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

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

In summary, this study provides strong evidence that EVT is a robust framework for
analyzing extreme risks in the gold market. Gold continues to play a dual role as a hedge
in normal times and a conditional safe haven in times of crisis. While not flawless, gold
remains an indispensable asset for academic investigation and practical portfolio manage-
ment, especially when evaluated using rigorous tail-risk methodologies, such as EVT.
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