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Market risk estimates the uncertainty of futurendags, due to the changes in
market conditions. Value at Risk has become thedsta measure that financial
analysts use to quantify market risk. For estinmtiisk, the issue is that different
ways to estimate volatility can lead to very diéfgr VaR calculations. The
performance of SMA with rolling windows of 100 aB¥WMA using 0.94
(proposed by RiskMetrics) as smoothing consfaand rolling window of 100
days, perhaps the most widely used methodologyntmasuring market risk is
analyzed from investment activities on 7 stock &mxgh indices from developed
and emerging markets. Binary Loss Function (BLFgnsployed to measure the
accuracy of VaR calculations because VaR modelsuseéul only if they predict
future risks accurately. The subject of this resbas to determine the possibility
of application of the SMA and EWMA models VaR @4% and 99% confidence
level in investment processes on the stock exchamgets of the selected
countries. The methodology applied in the reseancfudes analyses, synthesis
and statistical/mathematical method$he aim of the research is to show whether
the models work the same and whether financialystsiffrom emerging countries
can use the same model as their counterparts flmndeveloped countries. The
results show that risk managers in developing @ssthose in developed countries
can use risk metric EWMA model as a tool for ediimjamarket risk at 95%
confidence level.
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1. INTRODUCTION

“Modern times and the past is mastery of risk: tiadion
that the future is more than a whim of the gods
and that men and women are
not passive before nature."
Peter L. Bernstein

Over the past few decades, risk management hageevtd a point where
it is considered to be a distinct sub-field in theory of finance. The growth of
risk management industry traces back to the ineckaslatility of financial
markets in the 1970s. Value at Risk (VaR) measwas have many
applications, such as in risk management, to etaltree performance of risk
takers and for regulatory requirements. Even thodglie at Risk can be used
by any entity to measure its risk exposure, itdedumost often by commercial
and investment banks to capture the potential iosgalue of their traded
portfolios from adverse market movements over aifipd period. VaR has
become the standard measure that financial analgstso quantify market risk.
As it is very important to develop methodologiesatttprovide accurate
estimates, the main objective of this paper isviduate the performance of the
most popular VaR methodology, paying particulaeraton to their underlying
assumptions and to their logical flaws.

Financial market volatility is a central issue ke ttheory and practice of
asset pricing, asset allocation, and risk manageriéis paper focuses on the
econometric modeling of volatility and family of S¥and EWMA models in
particular. Modern Portfolio Theory associates 8teck market risk with
volatility of the return. Volatility is measured lthe variance of return but the
investment community does not accept this measimee it weights equally
the deviations of the average return, while mogestors determine the risk on
the basis of small or negative returns. In the fest years the measure (VaR)
has established itself in the practice. In accordamwith this, the paper
contributes to the debate into using VaR as a fmolisk management. There
are three key elements of VaR — a specified lef/ébss in value, a fixed time
period over which risk is assessed and a confiderteeval. The VaR can be
specified for an individual asset, a portfolio gkats or for an entire firm. The
VaR is calculated using SMA and EWMA on the data afidices of developed
countries (USA, Great Britain and Germany) and dides of emerging
countries (Serbia, Slovenia, Croatia and Macedohiaglly, as the aim of the
paper is to show the accuracy of the models usedltulate VaR, Binary Loss
Function (BLF) is used.
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The rest of the paper is organized as follows.i&e& presents literature
review. In section 3 a general view of VaR, theibasethods of forecasting
volatilities and the back testing techniques usedetify the accuracy of these
forecasts are given. Section 4 presents data amalgd results, and section 5
concludes the paper.

2. LITERATURE REVIEW

Even though the term “Value at Risk” was not widesed prior to the mid
1990s, the origins of the measure lie further badkme. The mathematics that
underlie VaR were largely developed in the contéxgortfolio theory by Harry
Markowitz and others, though their efforts wereedied towards a different end
— devising optimal portfolios for equity investods. particular, the focus on
market risks and the effects of the comovementthése risks are central to
how VaR is computed. The impetus for the use of Wadasures, though, came
from the crises that beset financial service filmner time and the regulatory
responses to these crises.

After gaining the deserved place in the developednemies, risk
measurement and management have also been gaimpgrtance in
transitional economies. The capital market has esged turbulent changes
affecting simultaneously commodity prices, interestes and stock prices.
Although disagreeing in many things, all researstae united in the opinion
that there does not exist a single approach, omglesVaR model that is
optimal in all the markets and all situations. Ithey words, there is no
straightforward result, and it is impossible toabdish a ranking among the
models. The results are very sensitive to the tyjpbss functions used, the
chosen probability level of VaR, the period beiadhtulent or normal etc. Some
researchers also find a trade-off between modélistipation and uncertainty.

A well-known study by Berkowitz and O’Brien (2008xamines the VaR
models used by six leading US financial institusiomheir results indicate that
these models are in some cases highly inaccuratdstsometimes experienced
high losses much larger than their models prediatdilch suggests that these
models are poor at dealing with fat tails and ergeevents. Similar findings
are also reported by Lucas (2000) who finds thghisticated risk models
based on estimates of complete variance-covariarateices fail to perform
much better than simpler univariate VaR models tiegire only volatility
estimates. Lehar, Scheicher and Schittenkopf (26i08) that more complex
volatility models (GARCH and Stochastic volatilitgye unable to improve on
constant volatility models for VaR forecast, altgbithey do for option pricing.
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Wong et al (2002) conclude that while GARCH modais often superior in
forecasting volatility, they consistently fail tigasel back test. Several papers
investigate the issue of trade-off in model chofoe;example Caporin (2003)
finds that the EWMA compared to GARCH-based VaRedasst provides the
best efficiency at a lower level of complexity. Barmnd Wielhouwer (2000)
draw similar conclusions, although sophisticatednt@delling results in better
VaR estimates, but with more uncertainty. Supposineg the data-generating
process is close to be integrated, the use of the general GARCH model
introduces estimation error, which might resulttie superiority of EWMA.
Guermat and Harris (2002) find that EWMA-based Vdébtecasts are
excessively volatile and unnecessarily high, wheturns do not have
conditionally normal distribution, but fat tail. ®his because EWMA puts too
much weight on extremes. According to Brooks anddtel (2003), the relative
performance of different models depends on the flasstion used. However,
GARCH models provide reasonably accurate VaR. @Giffessen, Hahn and
Inoue (2001) show that different models (EWMA, GARGmplied Volatility)
might be optimal for different probability levelslarmantzis, Miao and Chien
(2006) praise the EVT approach for dealing withrexte returns, which are
characteristic for transitional markets. Wang (20a€ed a mixture method of
APGARCH-M model and EWMA algorithm to measure Vaging three stock
index of Shanghai stock market and shows the maxtugthod is advantageous
and accurate to calculate VaR of a portfolio.

Although there is an abundance of research papsing with VaR and
market risk measurement and management, all ahtisting VaR models were
developed and tested in mature, developed andlliaairkets (see Manganelli,
Engle, 2001 and Alexander, 2001). Testing VaR nwitebther, less developed
or developing stock markets is at best scarce fagrondo, 1997; Santoso,
2000; Sinha, Chamu, 2000; Fallon, Sabogal, 2004entiayi-Endrész, 2004;
Zikovi¢, 2006a, 2006b; Zikoviand Bez, 2006; Andjelé et al., 2010). Zikow
and Bezt (2006) investigated the performance of historisiahulation VaR
models on stock indices of the EU candidate stat&ROBEX (Croatia),
SOFIX (Bulgaria), BBETINRM (Romania) and XU100 (key) indices all
show a clear positive trend in a longer time perigidovi¢ and Aktan (2009)
investigated the relative performance of a wideywf VaR models with the
daily returns of Turkish (XU100) and Croatian (CREX stock index prior to
and during the global 2008 financial crisis. Gehgrspeaking, VaR literature
is extremely scarce with research papers dealitly guantitative VaR model
comparison or volatility forecasting in the stoclankets of the EU transition
countries. Angelovska (2010) used SMA, EWMA and @AR models for
modeling and forecasting the volatility of thin egiag stock markets and it
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was found that simpler models like SMA and EWMA fpemed consistently
over the time.

3. METHODOLOGY

“Risk is a choice rather than a fate.”
Peter L. Bernstein

Value at risk (VaR) is mainly concerned with markek. VaR means the
consideration of risk impairing asset value flutima Namely, it refers to the
loss risk caused by uncertain changes on assetsprithe VaR approach is
attractive to practitioners and regulators because easy to understand and
provides an estimate of the amount of capital ihateded to support a certain
level of risk. Another advantage of this measuréhésability to incorporate the
effects of portfolio diversification. VaR is a gtdical definition that states the
number of maximum losses per day, per week or partim In other words,
VaR is a statistical summary of financial assetpantfolio in terms of market
risk.

Over a target horizon Value at risk measures maxinhoss at a given
confidence level. According to Jorion (2001)dlue at Risk measures the
worst expected loss over a given horizon under abmmarket conditions at a
given level of confidence.The fundamental variables of VaR are (Nylund,
2001):

« confidence level (the confidence level is the phildy that the loss is

not greater than predicted).

« forecast horizon (the time framework that VaR iimested. In VaR
calculations, it is assumed that in the forecasizba portfolio does not
change) and

« volatility.

The mathematical definition of Value at Risk iS@fows:
VaR= -x(a)* P*op, (2)

whereg, is the portfolio's standard deviatidhjs the value of the portfolio and
k(o) is the desirable level of confidence (thex)% quantile of the standard
normal distribution). While VaR is a very easy amduitive concept, its

measurement is a very challenging statistical gmblThe methods that are
commonly used for calculating Value-at-Risk can dg@uped into three

categories:
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* Variance-covariance methods (used in this paper)
* Simulation methods
» Extreme Value Theory methods

3.1. Simple Moving Average (SMA)

In the historical mean model the forecast is basedll the available
observations and each observation whether it ig @k or immediate is given
equal weight which may lead to stale prices affecthe forecasts. A simple
moving average model might be considered as a meddwersion of the
historical average model. This is adjusted in aimgpraverages method which
is a traditional time series technique in which tiudatility is defined as the
equally weighted average of realized volatilitieghe past n days:

ot ==y a7, (2)

The moving average is an average of a set of Masauch as stock prices
over time. The term "moving" stems from the fadtths each new price is
added, the oldest price is subsequently delete@. iHday Simple Moving
Average takes the sum of the last n days prices.SIMA model is probably the
most widely used volatility model in Value at Ristudies. The disadvantage of
the SMA is that a major drop or rise in the priseforgotten and does not
manifest itself quantitatively in the simple moviagerage.

3.2. Exponentially Weighted Moving Average (EWMA)

The simplest model for forecasting the volatility; is the exponentially
weighted moving average or EWMA procedure. EWMAGciies the following
period’s variance to be a weighted average of teeent variance and the
current squared actual return. The EWMA model alone to calculate a value
for a given time on the basis of the previous deglae. The EWMA model has
an advantage in comparison with SMA, because th&BWas a memory. The
EWMA remembers a fraction of its past by facipithat makes the EWMA a
good indicator of the history of the price movemi¢iat wise choice of the term
iIs made. Using the exponential moving average estohical observations
allows one to capture the dynamic features of ilihlatThe model uses the
latest observations with the highest weights in thaatility estimate.

Expected volatilitieso,,0,,0,,..in the EWMA model are calculated by the
following formula:
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g, =AY oL A=D1l (3),
where:

. Uf is dispersion estimate for the day n calculatetth@tend of the day

(n-1),
. Uf_l is dispersion estimate for the day (n-1),
* I, Is asset’s return for the day (n-1).

Return for the day n is calculated as natural litigar of the ratio of
stock’s price from the day n to previous day rklis the decay factor. The
exponentially weighted moving average model depeodsthe parameter
A(0{A)1) which is often referred to as the decay factor.

3.3. RiskMetrics VaR

In 1994, J. P. Morgan released “RiskMetHts a set of techniques and
data to measure market risks in portfolios of fixecbme instruments, equities,
foreign exchange, commodities, and their derivatiiesued in over 30
countries. "RiskMetric8" (1996) developed a model which estimates the
conditional variances and covariances based onexp®nentially weighted
moving average (EWMA) method, which is a speciaecaf the GARCH(1,1)
model. This approach forecasts the conditionalavewe at time as a linear
combination of the conditional variance and theasgd unconditional shock at
time t-1. It is simple to estimate and is computationalisaightforward for a
given portfolio with fixed weights. However, addgtnot a statistical model, it is
difficult to calibrate (such as choosing criticalwes), and can also lead to
excessive violations of the Basel Accord threshaldsl998, RiskMetrics was
spun off from J. P. Morgan. Since RiskMetflitsepresents a cornerstone of
risk management theory and practice, it is impdrtantest the assumptions
upon which it is built in order to assess the agflility of RiskMetricS in
various situations. The standard RiskMetrics m@dslmes that returns follow
a conditional normal distribution — conditional dme standard deviation —
where the variance of returns is a function of firevious day’s variance
forecast and squared return” (Risk Metrics TecHni@acument, 236). The
RiskMetrics model of financial returns can be fulliescribed by a single
parameter, the standard deviation of retusasnore commonly referred to as
volatility. To forecast VaR, it is first necessary to forecastatility.
RiskMetrics forecasts volatility based on the hist@l price data. Recalling
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that: 6° = E (i’ RiskMetrics forecasts future variance of retuas an
exponentially weighted moving average of past seglagturns:

oruf = Z(N ) 124, (4)

whereo .1, iS the one-day volatility forecast for time t+Iv@n information up
to and including time t and 0k 1), with the value of indeiin the range from
0 to infinity. RiskMetrics determines the decaytéador one-day time horizons
to be 0.94, at the 1% confidence level, to be eait to including
approximately 74 days in the calculation. The VaR&sponding to 5% may be
defined as that amount of capital, expressed as@eptage of the initial value
of the position, which will be required to cover®®®f probable losses.

3.4. Shadow effect

Shadow effect is an interesting phenomenon whestaarting volatility
modeling. Risk managers use 100 days of data mirglie sampling errors.
However, if for example an unexpected event happetise stock markets, its
effects will continue during these 100 days. Onhe alay when the peak is
reached in the market will affect the future vditiestimation and increase the
volatility level which is deviate from the markegality. In order to solve this
problem, risk managers use the EWMA model to gieeenweight on the latest
data and less on the previous data. Previous datetes byn the number of
days multiplied by.". Asn increases)” decreases. Each estimate of the mean
is based on a 100-day rolling window, that is,deery day in the sample period
we estimate a mean based on returns over thedasidlys.

3.5. Backtesting methods

“VaR is only as good as its backtest.
When someone shows me a VaR number,
| don’t ask how it is computed,
| ask to see the backtest.”
(Brown, 2008, p.20).

Backtesting is the comparison of actual tradingulteswith model-
generated risk measures when measuring the nurhbshuoes of the VaR risk
measure. How can we assess the accuracy and panicenof a VaR model? To
answer this question, first what is meant by “aacyr’ By accuracy, we could
mean:
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* How well does the model measure a particular peéilesst or the entire
profit-and-loss distribution?
« How well does the model predict the size and fraguef losses?

The numerous shortcomings of these methods andiva@neral are the
most significant reasons why the accuracy of tis estimates should be
questioned. Therefore, VaR models are useful dnllgay predict future risks
accurately. In order to evaluate the quality of éstimates, the models should
always be backtested with appropriate methodshénbiacktesting process we
could statistically examine whether the frequenéyerceptions over some
specified time interval is in line with the selaetteonfidence level. These types
of tests are known as tests of unconditional caerahey are straightforward
tests to implement since they do not take into actéor when the exceptions
occur (Jorion, 2001). In theory, however, a goodR\faodel not only produces
the ‘correct’ amount of exceptions but also exeeithat are evenly spread
over time i.e. are independent of each other. €tug} of exceptions indicates
that the model does not accurately capture theggdsaim market volatility and
correlations. Tests of conditional coverage thege#xamine also conditioning,
or time variation, in the data (Jorion, 2001).

The most common test of a VaR model is to countriimaber of VaR
exceptions, i.e. days, or holding periods of ofleegth, when portfolio losses
exceed VaR estimates. If the number of exceptisnkess than the selected
confidence level would indicate, the system ovareses risk. On the contrary,
too many exceptions signal underestimation of rié#turally, it is rarely the
case that we observe the exact amount of exceptuggested by the
confidence level. It therefore comes down to dia@ik analysis to study
whether the number of exceptions is reasonableogrie. will the model be
accepted or rejected.

The three accuracy measures are: binary loss @mctiR test of
unconditional coverage (Kupiec, 1995) and the sgalinultiple to obtain
coverage. Binary Loss Function (BLF) is based oretiver the actual loss is
larger or smaller than the VaR estimate and is lgingpncerned with the
number of failures rather than the magnitude ofetkeeption. If the actual loss
is larger than the VaR then it is termed as anéption”, or failure, and is equal
to 1, with all others being 0. The aggregate ofribmber of failures across all
dates is divided by the sample size. The BLF obthis the rate of failure. The
closer the BLF value is to the confidence levethaf model, the more accurate
the model. In this paper, the accuracy is definedthee rate of failure, or
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exception,) associated with how close each spegibdel came to the pre-set
level of significance.

4. DATA ANALYSIS AND RESULTS

The data used in the paper are the daily closinkehandices collected
from official Stock exchanges’ databases from Jan34 2010 to December
14" 2010. The daily return is calculated as the changée logarithm of the
closing price on successive days. The number dfrtgadays (observations) is
236, which is enough to produce some statisticgitipificant backtests and is
as well in line with the Basel backtesting framekvofhe main point is to
produce accurate results with short data serietheag is a problem in these
young emerging countries. The performance of tHected VaR models is
tested on stock indices frorthe USA (DOW DIJA), Great Britain (FTSE 100),
Germany (DAX), Croatia (CROBEX), Serbia (BELEX),08&nia (SBI20) and
Macedonia (MBI10). Table 1 presents the basic dasoe analysis of the time
series of stock returns.

Table 1. Descriptive statistics

DOW DAX FTSE SBI BELEX | CROBEX MBI
Mean 0.03 0.05 0.003 -0.09 -0.0008 -0.003 -0.09
Median 0.05 0.09 0.04 -0.004 0.002 -0.014 -0.10
Maximum 3.82 5.16 5.03 2.30 3.18 8.56 3.63
Minimum -3.67 -3.39 -4.06 -3.90 -3.98 -2.50 -2.6(
Std. Dev. 1.05 1.19 1.15 0.72 0.91 0.96 0.83
Skewness -0.15 0.07 -0.08 -0.31 -0.39 2.85 0.23
Kurtosis 4.84 4.69 4.00 5.68 5.98 2.80 5.11
JarqueBera | 3.412.9 | 2.822.09 3.945.47 7.456{1 9.316|23  6.468/59.568.85
Probability 0.0000 | 0.00000{ 0.00000 0.00000 0.00000 0.00000 00@(

The mean returns for developed markets are positime negative for
developing countries and all kurtosis values arehrarger than 3. This shows
that for all series, the distribution of those ahles is fat-tailed as compared to
the normal distribution. The returns also showslente of positive or negative
skewness in their distributions, indicating retuans asymmetric. Applying the
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Jarque-Bera test of normality, we additionally fisttong support for the
hypothesis that the return and volume series ddvaneg a normal distribution.

Even though researchers have widely used GARCH Imdaleforecasting
the stock market volatility, the exponentially wieigd moving average is the
most popular model for stock market volatility foasting among practitioners
(Deloitte and Touche Tohmatsu, 2002).

Dimson and Marsh (1990) give another explanatiothefpopularity of the
EWMA model. It states that sometimes sophisticatemtiels could provide
worse forecasts than naive models. The performaficBMA with rolling
windows of 100 and EWMA using 0.94,proposed by RMetrics, as
smoothing constarit and rolling window of 100 days, perhaps the mastely
used methodology for measuring market risk is awly The RiskMetrics
model is based on the unrealistic assumption omatly distributed returns,
and completely ignores the presence of fat taithénprobability distribution, a
most important feature of financial data. For tldason, one would expect the
model to seriously underestimate risk. Howevemyvdts commonly found by
market participants that RiskMetrics performed sfattorily well and this
helped the method become a standard in risk maasute Its widespread use
is due largely to the ease with which it can belemnted.

VaR models are calculated for a one-day holdingodeat 95% and 99%
coverage of the market risk. The BLF provides anpastimate of the
probability of failure. In other words, the accuranf the VaR model requires
that the BLF, on average, is equal to one minugpthscribed confidence level
of the VaR model.

Table 2.Tests Based on Value-at-Risk Approach BLF

X:ribs(;)z/: 0.94) DOW | FTSE | DAX CROBEX | MBI10 SBI20 | BELEX
SMA ( 100) 3.6% 5.2% 3.0% 4.4% 2.2% 3.7% 8.19
EWMA (100) 5.0% 5.2% 5.9% 5,8% 3.7% 5.2% 5.99
VaR 1%

(lambda 0.94) DOW | FTSE | DAX CROBEX | MBI10 SBI20 | BELEX

SMA ( 100) 0.7% 2.9% 1.5% 3.6% 0.2% 2.2% 3.09
EWMA (100) 2.1% 2.1% 1.5% 2,2% 1.5% 1.5% 3.79

Note: Sampling period 3/1/2010-14/12/2010

Table 2 shows the rate of failure of the models leygal for calculating
VaR, at 95% and 99% confidence levels. Both moffelk metrics EWMA and
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Simple moving average) estimate the risk adequédteiythe London Stock
Exchange (FTSE 100), at the 95% confidence lev®UMA at the 95%

confidence level performs SMA, for developed coigstrstock exchanges,
DOW, DAX, and as well for emerging ex-Yugoslaviatock exchanges:
CROBEX, BELEX, and SBI 20, but not for MBI10. SMAoakel overestimates
the risk for all stock indices except for BELEX whethe risk is

underestimated. The backtesting results using Blefthad show that at high
quantiles (99) both models fail. Risk metrics EWMA99% confidence level
works better than the simple method SMA, but thedehaloes not provide
accuracy, and underestimates the risk.

5. CONCLUSION

Risk Metrics model is based on the unrealistic mgdgion of normally
distributed returns, the most important featuréirancial data, and completely
ignores the presence of fat tails in the probabilitstribution. Beside this, it
was commonly found by market participants that eicgli results demonstrated
that simple methods like RiskMetrics EWMA used gtimating VAR in terms
of accuracy, can be used for measuring market Bsistematic backtesting
should be a part of regular VaR reporting in ortteconstantly monitor the
performance of the model. However, if the usersVaR know the flaws
associated with VaR, the method can be a very Lsmflin risk management,
especially because there are no serious contertlatscould be used as
alternatives for VaR. The simple model SMA and tireferred model by
practitioners RiskMetrics EWMA were considered talaate the ability to
forecast volatility in the context of 3 developedda4 former Yugoslavian
states’ stock markets. The models were evaluatetherbasis of BLF error
statistics at the 95% and 99% confidence levethat95% confidence level the
results showed better accuracy, and at high geantfP9) both models
underestimated risk. RiskMetrics EWMA can be usedstimating VAR in
terms of accuracy for measuring market risk nat ijusieveloped countries, but
in developing countries as well because its resoltdorm to the BLF value.
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UPRAVLJANJE TRZISNIM RIZIKOM POMO €U VaR-a
(R1ZI ¢NE VRIJEDNOSTI)

Sazetak

TrziSni rizik ocjenjuje neizvjesnost budh zarada, uslijed promjena trziSnih uvjeta.
Value at Risk (VaR) je postala standardna mjera Kivjancijski analitéari koriste za
kvantificiranje trziSnog rizika. Za procjenu rizikeazno je da raaliti nacini procjene
volatilnosti mogu voditi do vrlo radlitih izratuna VaR-a. U radu se analizirdinak
jednostavnih pondnih prosjeka (Simple Moving Average - SMA) pristmpdRolling
Window od 100 i eksponencijalno ponderiranih pinifi prosjeka (Exponentially
Weighted Moving Average - EWMA) Kkoriste0.94 (a kako predlaze RiskMetrics) kao
konstante izgldivanja A i Rolling Window od 100 dana, kao nefe koristene
metodologije za mjerenje trziSnog rizika, koréstmvesticijske aktivnosti na 7 indeksa
burza vrijednosnica kako s razvijenih, tako i liggucih trziSta kapitala. Pritom se
koristi binarna funkcija gubitka Binary Loss Fumcti (BLF) kako bi se mjerila
preciznost izréuna VaR-a, s obzirom da su predmetni modeli kojjstino ako téno
predvidaju budde rizike. Predmet ovog istrazivanja je odrediti méwst primjene
SMA i EWMA modela VaR-a, na razini statidte pouzdanosti od 95% i 99%, u
investicijskom procesu na burzama vrijednosnicabrizaih zemalja. Metodologija
primijenjena u istraZivanju uklfwje analizu, sintezu i statiskie/matematike metode.
Cilj je istrazivanja pokazati jesu li modeli pounilde mogu li financijski analitari iz
zemalja u razvoju Koristiti iste modele kao i njhdcolege/kolegice u razvijenim
zemljama. Rezultati pokazuju da menadZzeri rizikeazvijenim i zemljama u razvoju
mogu kao metriku rizika koristiti EWMA model za mjenu trziSnog rizika sa
statisttkom sigurno&u od 95%.
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