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DETERMINING VALUE AT RISK USING EXTREME VALUE

THEORY ON A FINANCIAL DATA SET

STEVO GJORGIEV 1 AND ANETA GACOVSKA-BARANDOVSKA 2

Abstract. Extreme value theory has a wide range of applications. The paper
considers application of extreme value theory in the area of �nancial �ows.
Our data set has been processed using two di�erent methods, block maxima
and peak over the threshold method. We compare the obtained results for
the risk measures and draw conclusions on the behavior of the �nancial �ows
for di�erent time intervals.

1. Introduction

Analyzing extreme events poses a signi�cant challenge in �nancial forecasting.
Conventional methods for predicting stock market indices frequently overlook these
events, resulting in misleading conclusions. The Macedonian Stock Exchange has
witnessed �uctuations since its establishment, notably during global �nancial crises
and the COVID-19 pandemic. This study concentrates on the widely utilized risk
metric, Value at Risk, assessing its e�ciency in forecasting the Macedonian stock
index amidst the COVID-19 crisis using the Extreme Value Theory.

2. The Theoretical Basis of the Extreme Value Methods

In the theory of extreme values, two main methods are primarily practiced to
address di�erences in the movements of the phenomena considered. This theory
is mainly concerned about the tails of the distributions on which the extreme
values of the analyzed data belong to. There are two main mehods in this theory
Block Maxima (BM) and Peak Over Threshold (POT). The theory of extreme
values traces its origins back to the 18th century. One of the most crucial periods,
marked by foundational research and the acquisition of fundamental results in this
�eld, is the beginning of the 20th century. One of the most important theorems
in this theory is the fundamental theorem for extreme values, which states:
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Theorem 1 (Fisher, Tippett (1928), Gnedenko (1943)). [3] Let (Xn), n ∈ N,

be a sequence of independent identically distributed random variables. If there

exist normalization constants cn > 0, dn ∈ R, and a non-degenerate distribution

function H such that the distribution function

Mn − dn
cn

d−→ H,

then H belongs to one of the following three families of distribution functions:

Frechet: Φα(x) = 0 if x ≤ 0, Φα(x) = e−x
−α

if x > 0, α > 0.

Weibull: Ψα(x) = e−(−x)−α if x ≤ 0, Ψα(x) = 1 if x > 0, α > 0.

Gumbel: Λ(x) = e−e
−x

, x ∈ R.
Φα, Ψα and Λ are distribution functions of extreme values.

Let (Xn), n ∈ N be a sequence of independent identically distributed random
variables, andMn = max {X1, X2, ..., Xn} be the maximum statistics. The Gener-
alized Extreme Value (GEV) distribution function is given by the function Hξ,µ,ψ

de�ned by

Hξ,µ,ψ (x) =

e−(1+ξ
x−µ
ψ )

− 1
ξ
, ξ ̸= 0

e−e
− x−µ

ψ
, ξ = 0

,

such that x ∈ D and

D =


(
−∞,− 1

ξ

)
, ξ < 0

(−∞,+∞) , ξ = 0(
− 1
ξ ,+∞

)
, ξ > 0

.

The parameter µ ∈ R is the location parameter, the parameter ψ > 0 is the
scale parameter, and ξ is the shape parameter. The shape parameter plays a cru-
cial role because, for di�erent values of this parameter, the generalized extreme
value distribution transforms into one of the three types of extreme value distri-
butions. When ξ = 0, the distribution is spread across all values on the x-axis,
essentially forming the Gumbel distribution. For ξ > 0, it corresponds to the
Frechet distribution, while for ξ < 0, it corresponds to the Weibull distribution.

2.1. Block maxima. Using the block maxima (BM) method, we divide the time
interval into equal parts or blocks and model only the maximum losses for each
block, based on the generalized extreme value distribution. The main idea in
modeling with this method is that the distribution of block maxima for a su�-
ciently large n can be approximated by the Generalized Extreme Value distribution
Hξ,µ,ψ. In this case

V aRα =

{
µ− ψ

ξ

(
1− (−n lnα)−ξ

)
, ξ ̸= 0

µ− ψ ln (−n lnα) , ξ = 0
, (2.1)

where α is the signi�cance level of V aRα.
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2.2. Peak Over Threshold. Unlike the block maxima method, a popular model-
ing method using extreme value theory is the Peak Over Threshold (POT) method.
In modeling with this method, we consider all values that exceed a speci�ed "high
level" or threshold. Let u be the high threshold. The distribution function of the
values of the random variable X that exceed the threshold u is de�ned as

Fu (y) = P {X − u ≤ y|X > u} ,

where the right side of the equation represents conditional probability, essentially
representing the probability that the values of the random variable X exceed the
threshold u by at least y, given that X exceeds u. This conditional probability
can be expressed as

Fu (y) =
P {X − u ≤ y,X > u}

P {X > u}
=
F (y + u)− F (u)

1− F (u)
.

The distribution function of excesses above the threshold u is de�ned as

Fu (x) = P {X − u ≤ x|X > u} =
F (x+ u)− F (u)

1− F (u)
,

for 0 ≤ x ≤ rF − u, where rF ≤ ∞ is the right endpoint of the support of F .

De�nition 2.1 (Generalized Pareto Distribution (GPD)). The distribution func-
tion of the Generalized Pareto Distribution is given by

Gξ,β(x) =

1−
(
1 + ξx

β

)− 1
ξ

, if ξ ̸= 0

1− e−
x
β , if ξ = 0

,

where β > 0, and x ≥ 0 if ξ ≥ 0, and 0 ≤ x ≤ −β
ξ if ξ < 0. The parameters ξ and

β represent the shape and scale parameters, respectively.

Theorem 2 (Pickands�Balkema�de Haan). Let Fu be the distribution function of

excesses above the threshold u, and rF ≤ ∞ be the right endpoint of the support of

F . Then, F ∈ MDA (Hξ), ξ ∈ R if and only if there exists a positive measurable

function β(u) such that

lim
u→rF

sup
0≤x<rF−u

∣∣Fu(x)−Gξ,β(u)(x)
∣∣ = 0.

This implies that the conditional distribution of the observations exceeding
the threshold u can be "asymptotically" modeled using the Generalized Pareto
Distribution. In fact, Theorem 2 has widespread applications in the real world as
it has been demonstrated that the Generalized Pareto Distribution is an essential
distribution for modeling losses that exceed a high threshold. In this case,

V aRα (X) =

u+ β
ξ

((
1−α
F (u)

)−ξ
− 1

)
, ξ ̸= 0

u− β ln
(

1−α
F (u)

)
, ξ = 0

, (2.2)

where F (x) = 1− F (x) = P{X > x}, n is the number of observations.
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3. Data and methodology

In this research, we conduct an analysis of the Macedonian Stock Exchange
Index, MB10. The study covers the period from March 2007 to February 2020,
encompassing the global economic crisis of 2008 and the onset of the COVID-
19 crisis. The primary objective of our analysis is to investigate the behavior of
the index during this speci�ed time frame, and determine if these movements can
provide early warnings regarding the signi�cant changes that occurred in March
2020 due to the COVID-19 crisis.

The index values we examine are denominated in index points for the MB10
index, which are publicly available on the Macedonian Stock Exchange's o�cial
website. Following standard practices in �nancial data analysis, we work with
the logarithm of daily returns. The daily percentage log-returns are calculated
by taking the logarithm of the ratio of the daily index values multiplied by 100,

i.e. rt = 100 log
(

It
It−1

)
where It represents the closing value of the index on each

trading day. Speci�cally, we are examining the daily log losses (negative returns),
thus reconstructing the series to represent the losses. The series contains data
from 3196 traiding days (closing prices).

Table 1. Descriptive statistics of the considered dataset

Statistic N Mean St. Dev. Min Max

MBI 10 3,196 2,925.033 1,676.800 1,556.960 10,057.770
Negative returns 3,196 0.001 0.570 −10.740 10.014

Below, we present a graphical representation of the daily dynamics of index
values and time series of daily log-losses for the Macedonian Stock Exchange Index.
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Figure 1. Daily dynamics of MBI10 index
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Figure 2. Daily negative log returns of MBI10 index

According to the graphical representation of the series in Figure 1, we can observe
some deviations from the normal trends of the index in the period from 2007-
2008. These notable deviations result from speci�c investment policies during
that period, namely due to increased foreign investments in the country and an
in�ux of foreign capital.

4. Empirical results

4.1. Block maxima method. In this research, as seen before, we consider data
from 3196 traiding days of the MBI10 index. The block maxima method will be
used to determine the maxima within speci�c time intervals. Speci�cally, we will
consider dividing the series into quarters and months. In the quarterly division,
we examine 53 quarters, representing blocks with approximately 61 values of the
index in each block. In the case of monthly intervals, we consider 156 blocks,
each with approximately 21 values of the index. The graphs on Figure 3 and
Figure 4 display the block maxima in each of the quarterly and monthly divisions.
Additionally, the Figure 5 show histograms for quarterly and monthly maxima.
For the obtained maxima in each of the mentioned divisions, we will associate the
corresponding extreme value distribution. In fact, using the method of maximum
likelihood estimation, we will determine the estimators for the location, scale,
and shape parameters, both in the case of dividing the series into quarters and
months. The respective values for the estimators, according to the data analysis,
are provided in Table 2. In both cases we have a shape parameter larger than zero,

ξ̂ > 0, so we have Generalized Extreme Value Distribution which corresponds to
Frechet distribution.
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Table 2. Maximum likelihood estimators

Parameter Quarterly BM Monthly BM

µ̂ 0.7095195 0.4362130

ψ̂ 0.5662507 0.3363466

ξ̂ 0.3422667 0.3473133

Table 3. Value at Risk (VaR) at di�erent signi�cance levels

Signi�cance level Quarterly BM Monthly BM

0.95 0.175 0.412
0.99 1.011 1.130
0.999 3.363 3.172
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Figure 3. Quarterly block maxima
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Figure 4. Monthly block maxima
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Histogram of quarterly block maxima
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Figure 5. Histogram of quarterly (left) and monthly (right)
block maxima

4.2. Peak Over Threshold. Peak Over Threshold method will be used to de-
terminate the value of the threshold and the observation, and its number that
exceed that threshold. According to the Mean Excess function given on Fig-
ure 6, the most appropriate value for the threshold u is in the interval (0.5, 1).
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Figure 6. Empirical mean residual life plot for log negative re-
turns. The solid line represents the empirical MRL with the
dashed lines representing a 95% con�dence interval.

In order to determinate the most appropriate value of u, we will consider the
Parameter Threshold Stability Plot of the Modi�ed Scale parameter and for the
Shape parameter of GPD, given in Figure 7 and Figure 8, respectively.
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Figure 7. Parameter Threshold Stability Plot of the Modi�ed
scale parameter
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Figure 8. Parameter Threshold Stability Plot of the shape pa-
rameter

Looking at the shape estimate plot, we observe it behaves like a constant at the
neighbourhood of 0.7. Also, the same conclusion can be obtained by the modi�ed
scale parameter plot. Hereby we are looking for a threshold value at the neigh-
bourhood of 0.7. This is the reason we are considering the values u = 0.68, u = 0.7
and u = 0.72 for the threshold. In Table 4, the estimates of the parameters of the
corresponding Generalized Pareto distribution and its standard errors are given.

So, we are considering the data whose value exceeds the given thresholds, sepa-
retly, such that with the maximum likelihood estimation we obtain the parameters
of the corresponding Generalized Pareto distribution, given in Table 4.

As one can observe, the parameter estimate values are quite close. The smallest
standard errors occur when the threshold is u = 0.68, so we consider that value
as the most appropriate threshold setting. With the threshold set in this way, we
have 167 observations from the examined data set that exceed this value.
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Table 4. Maximum likelihood estimates and its standard errors
for the parameters of GPD

Maximum likelihood estimates Standard errors of estimates

u = 0.68 u = 0.7 u = 0.72 u = 0.68 u = 0.7 u = 0.72

ξ 0.335 0.332 0.353 0.103 0.105 0.110
β 0.417 0.426 0.415 0.053 0.055 0.055

Therefore, in this case, we are examining the Generalized Pareto distribution
with parameters ξ = 0.335 and β = 0.417, whose standard errors are 0.103 and
0.053, respectively. From this associated distribution, we obtain that the Value
at Risk in this case is 0.6985232, 1.6015064 and 4.1195725 with signi�cance level
α = 0.95, α = 0.99 and α = 0.999, respectively.

5. Conclusions

The theory of extreme values plays a crucial role in modeling stock market
index movements, as con�rmed by numerous studies. According to the previous
analysis of the MB10 index using the Block Maxima method, we can conclude
that even in normal trends, without the threat of COVID-19, expected losses
could exceed 3%, at a signi�cance level of 0.999. The same conclusion is reached
when considering the monthly partition of the series. On the other hand, when the
series is examined using the Peak Over Threshold method, we conclude that at a
level of 0.999, losses of 4.12% were expected. Thus, such �uctuations in the index
were anticipated according to its trends, and the COVID crisis only accelerated
and further increased the loss, i.e., the decline in the stock index. According to
publicly available data, the stock index experienced a decline of 3.9% and 4.2%,
during March 2020, relative to the value of the index from the previous trading
day, which are very close values to the obtained values for the value at risk in our
analyses. In fact, the peak over threshold method provides very close values to the
real ones, unlike the block maxima method. However, in this study, the results
obtained with both methods are important, as they serve as good indicators in
any case for the trends of the index. This research serves as a basis for further
analyses of the MB10 index using additional methods and risk measures to predict
future index trends.
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