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The purpose of this article is to consider the role of VaR analysis in risk management, which is especially important in the ever
changing environment. In the modern world, financial risk can be extremely difficult to identify and nearly impossible to eliminate.
As aresult, VaR analysis gets special value and allows researchers to measure the risk of loss on a specific portfolio of financial as-
sets. In spite of the fact that VVaR is a popular model used by the financial sector, it also has disadvantages that should be taken into

account.

Kmioueswie cnosa: value-at-risk, VaR analysis, reliability of VaR analysis.

ecent events such as worldwide financial re-

cession, the development of various financial

innovations and technologies, and the growth
of the world’s financial markets have demonstrated that
risk management practices are far from the ideal stand-
ard. The incredibly low interest rate and booming real-
estate prices have created a false perception of a low risk
economy and strong growth potential. However, in reali-
ty a low risk economy does not exist. The economy has
and will always be unstable due to unforeseen risk that
may pose a threat if they were to emerge. Therefore, this
false view of a strong economy has resulted in risk
measures be underestimated.

Risk measures and risk management are two methods
that go hand in hand [1]. Risk measures and risk man-
agement are used in conjunction when it comes to evalu-
ating, monitoring, and mitigating possible risks. Risk
management and risk measures have become a vital role
in business and forecasting activities. “However, the
rapid changes in risk measurement and management has
affected the financial institutions, industrial organization,
investors, shareholders, regulators, government, and all
economies and communities as a hole” [2]. With the
advances in data gathering approaches, computer tech-
nology, and applied mathematical and statistically
measures has contributed to the creation of complex fi-
nancial structure and their inherited risks [3].

There has been a growing problem with comparing
Value-at-Risk and Expected shortfall (ES) models since
the model only require measuring a single realization of
underlying data generation process. This now poses a
question regarding the statistical differences in the per-
formance of the different models. Is there a rule in place
to differentiate the performance of each risk measure
model? This paper will examine and compare various
Value-at-Risk (VaR) models, which are used to measure
market risks and other kinds of risks within the financial
sector. The paper will conclude with the considerations
of the need to pay close attention to other types of risks
such as operational, business, and systemic risk in order
to develop a more resilient and optimal risk management
models.

Risk is something that every organization has and
will encounter. Therefore, risk measures known as Val-
ue-at-Risk (VaR) emerged as the most popular measure
used by financial institutions. Since its creation VaR as a
risk measure has received a great deal of criticism. Some

argue that the VaR models fail to account for the extent
of losses that could be suffered beyond the specified
threshold. Some believe VaR is incapable of determine
the different between certain situations where the losses
are slightly worse than threshold or if they are over-
whelming worse. Risk management has experience a
state of evolution which was first created by the VaR
analysis. Management of risk and measurement of risk is
essentially related. Effective “measurement of risk in-
volves complicated mathematical analysis” [4]. The na-
ture of loss, value and frequency of losses, and uncer-
tainty involving the losses has made measurement of risk
extremely complicated. However, if it was possible to
measure risk with sufficient accuracy, than management
of risk would not be so vulnerable. Since risk is not easi-
ly measured, several organizations have suffered signifi-
cant losses.

An alternative risk measure is Expected Shortfall
(ES). VaR presents the minimum loss one would expect
at a determined confidence level, ES is the expected val-
ue of that loss, provided that the loss is equal to or great-
er than the VaR.

VaR measures may have certain flaws, but they have
been enforced on financial institutions as a regulatory
obligation under Basel 1, 1I, and Il rules / regulations.
Regulators have encouraged the financial market sector
to make major efforts to understand and control financial
risk, by using VaR analysis [5].

Value-at-Risk (VaR) Measures

A variety of different methods have been created for
VaR estimation and forecasting which is categorized id
several ways:

1) Indirect and direct methods

2) Parametric,  semi-parametric, and  non-
parametric approaches

“Indirect methods start by specifying, and estimating
the conditional return distribution and then calculating
implied VaR from the distributional properties. The indi-
rect methods incorporate all parametric approaches”
(such as GARCH, RiskMetrics, and Monte Carlo simula-
tion) [6].

“The direct methods estimate VaR without assuming
a specific distribution, and it includes methods such as
semi-parametric dynamic quantile-based CAViaR mod-
els or non-parametric historical simulation method that is
used by many financial institutions. Additionally, these
methods capture skewness in the return distribution” [7].
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VaR is a single number that summarizes potential
risk coming from a broad spectrum of causes such as
investment risks, operational risk, and credit risk. VaR
can be defined as the maximum expected loss of a com-
pany’s portfolio over a certain amount of time and at a
specific confidence level. VaR has been widely used to
measure the market risks. However, VaR poses some
challenges. The most discussed and debated issues with
VaR are its volatility clustering and non-normal behavior
of the market returns. There is still a lingering debate on
how to effectively measure volatility and how it should
be measured. Volatility is measured by using continuous
time models. With the increased availability of high fre-
quency data, it become imperative to know the optimal
frequency at which the data should be sampled to get the
best volatility forecast [8]. Whereas sampling a small
frequency of data may generate an increase amount of
errors.

“Non-normality is also a problem area and must be
fixed before using a dynamic VaR model” [9].

VAR Concept and Construction of VAR

VAR summarizes the expected maximum loss over a
target horizon within a given confidence level. For the
purpose of this concept sources of risk are considered
both positive and negative deviations in returns due to
movements in financial variable, even though investors
are mainly concerned only with negative deviations.

VAR is used to set a guideline for the portfolio per-
formance and is used as a benchmark for financial risk
manager.

Construction of VAR includes 5 steps:

1. determine the mark-to-market value of current
portfolio;

2. measure the variability of the risk;

3. set the time horizon;

4. set the confidence level;

5. report the worst loss.

Criticism of VaR methods

When it comes to evaluating VaR there are three is-
sues. First, the backtesting tests which is the probability
of rejecting a model that is invalid. Backtesting test is
more common amongst small samples of data. It has
been proven that these tests have a low power, as the
backtesting procedure is too optimistic where it does not
reject the validity of a model as often as it should.

Second, the backtesting method has to be model-free
when used. And third, estimation risk must be taken into
account. VaR series can be estimated using variety of
models. Therefore, testing procedures can successfully
answer the quest of VaR validity only by taking into
account estimation error, as the risk of estimation error
present in the estimate of parameters take over VaR
forecasts. Conditional on allowing for these errors, we
should observe no particular orientation of the diagnostic
of the backtest in the sense of under-rejecting or over-
rejecting too often [10]. m
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VaR-aHau3 1 ero HaAeKHOCTH
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B cratbe paccmaTpuBaetcs pons VaR-aHanm3za B ympasie-
HUH PUCKAMH, YTO OCOOCHHO Ba)KHO B IMOCTOSIHHO MCHSIFOIIMX-
cs ycnoBusx. B coBpeMeHHOM Mupe (DUHAHCOBBIA PHCK Ype3-
BblqaﬁHO TPYAHO BBIABUTH U IIOYTHU HeBO3MO)l(Hb1171 YCTPAHUTh.
B pesynbrare VaR-ananu3 mpuobpeTtaeT 0co0yi0 EHHOCTh U
MO3BOJISICT MCCIIEO0BATENSIM M3MEPSITh PUCK MOTEPH 10 OIpe-
JIeICHHOM TopTdento GruHaHCOBBIX akTUBOB. HecMmoTps Ha To,
yt0 VaR — momynsipHas MOJeNb, UCTIONb3yeMasi (PMHAHCOBBIM
CEKTOPOM, Y HEe TAaKKE €CTh HEJIOCTATKH, KOTOPHIC JOJIKHBI
OBITh IPUHSTHI BO BHUMaHUE.

Kniouesvie cnosa: crouMocTHas Mepa pucka, VaR-aHamus,
HaaexxHocTh VaR-ananusa.
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