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Most of the statistical tools are designed to model the
conditional mean of a random variable. The tools de-
scribed in this article have a rather different purpose — to
model the conditional variance, or volatility of a variable.

There are several reasons to model and forecast vola-
tility. First, we need to analyze the risk of holding an asset
or the value of an option. Second, forecast confidence in-
tervals may be time-varying, so that more accurate inter-
vals can be obtained by modeling the variance of the er-
rors. Third, more efficient estimators can be obtained if
heteroskedasticity in the errors is handled properly.

Autoregressive Conditional Heteroskedasticity (ARCH)
models are specifically designed to model and forecast
conditional variances. The variance of the dependent
variable is modeled as a function of past values of the
dependent variable and independent, or exogenous vari-
ables.

These models are widely used in various branches of
econometrics, especially in financial time series analysis.
This article analyses GARCH and ARCH models’ two
main characteristics: skewness and kurtosis.

Keywords: asymmetry, autoregressive, conditional, distri-
bution, Jarque-Bera, kurtosis, skewness.

Introduction

There have been many papers studying the departures
from normality of asset return distributions. It is well
known that stock return distributions exhibit negative
skewness and excess kurtosis (Harvey and Siddique,
1999; Peird, 1999; and Premaratne and Bera, 2001). Spe-
cifically, excess kurtosis (the fourth moment of the distri-
bution) makes extreme observations more likely than in
the normal case, which means that the market gives
higher probability to extreme observations than in normal
distribution. However, the presence of negative skewness
(the third moment of the distribution) has the effect of
accentuating the left-hand side of the distribution. That is,
the market gives higher probability to decreases than in-
creases in asset pricing. (Leon, 2003)

The generalized autorregresive conditional hetero-
scedasticity (GARCH) models, introduced by Engle
(1982) and Bollerslev (1986), allow for time-varying
volatility (but not for time-varying skewness or kurtosis).
Harvey and Siddique (1999) present a way to jointly es-
timate time-varying conditional variance and skewness
under a non-central t distribution for the error term in the
mean equation. Their methodology is applied to several
series of stock index returns, and it is found that autorre-
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gresive conditional skewness is significant and that the
inclusion of skewness affects the persistence in variance.
It is important to point out that the paper by Harvey and
Siddique (1999) allows for timevarying skewness but still
assumes constant kurtosis. (Alexander, 2004)

Premaratne and Bera (2001) have suggested captur-
ing asymmetry and excess kurtosis with the Pearson type
IV distribution, which has three parameters that can be
interpreted as volatility, skewness and kurtosis. This is an
approximation to the non-central t distribution proposed
by Pearson and Merrington (1958). However, these au-
thors use time-varying conditional mean and variance,
but maintain constant skewness and kurtosis over time.
Similarly, Jondeau and Rockinger (2000) employ a con-
ditional generalized Student-t distribution to capture con-
ditional skewness and kurtosis by imposing a time-va-
rying structure for the two parameters which control the
probability mass in the assumed distributionl. However,
these parameters do not follow a GARCH structure for
either skewness or kurtosis. (Leon, 2003)

The purpose of this article is to forecast Lithuanian
stock market indexes’ VILSE and LITIN 10 trends with
the help of skewness, kurtosis and Jarque-Bera test.

The object of this research is Lithuanian stock market.

The main methods of research are synthesis and
analysis of literature, statistical and mathematical forecast
methods, graphic analysis.

Autoregressive conditional skewness

Skewness, asymmetry in distribution, is found in
many important economic variables such as stock index
returns and exchange rate changes. Negative skewness in
returns can be viewed as the phenomenon where, after the
returns have been standardized by subtracting the mean,
negative returns of a given magnitude have higher prob-
abilities than positive returns of the same magnitude or
vice-versa. This can be measured through the third mo-
ment about the mean. (Campbell, 2002) Skewness is a
measure of asymmetry of the distribution of the series
around its mean.

Skewness is a parameter that describes asymmetry in
a random variable’s probability distribution. Both prob-
ability density functions (PDFs) in Figure 1 have the
same mean and standard deviation. The one on the left is
positively skewed. The one on the right is negatively
skewed. (Lambert, 2002)

The skewness of a symmetric distribution, such as the



normal distribution, is zero. Positive skewness means that
the distribution has a long right tail and negative skew-
ness implies that the distribution has a long left tail.
(Lanne, 2004)

Most often, the median is used as a measure of central
tendency when data sets are skewed. The metric that in-
dicates the degree of asymmetry is called, simply, skew-
ness. Skewness often results in situations when a natural
boundary is present. Typically, the skewness value will
range from negative 3 to positive 3. (Huzaifah, 2002)

The Pearson mode skewness is defined by

[mean] — [mode]

()
c
Pearson’s skewness coefficients are defined by
3[mean] — [mode]
(2)

S

The second moment of returns, variance, has been the
subject of a large literature in finance. Variance of returns
has been widely used as a proxy for risk in financial re-
turns. (Campbell, 2004)

Therefore, the properties of variance by itself as well
as the relation between expected return and variance have
been important topics in asset pricing. Campbell (1987),
Harvey (1989), Nelson (1991), Campbell and Hentschel
(1992), Hentschel (1995), Glosten, Jagannathan, and
Runkle (1993), and Wu (1998) have focused on the in-
tertemporal relation between return and risk where risk is
measured in the form of variance or covariance. An im-
portant concern has been the sign and magnitude of this
tradeoff. (Campbell, 2002)

The generalized autoregressive conditional het-
eroskedasticity (GARCH) class of models, including the
exponential GARCH (EGARCH) specification, have
been the most widely used models in modeling time-
series variation in conditional variance. Persistence and
asymmetry in variance are two stylized facts that have
emerged from the models of conditional volatility. Persis-
tence refers to the tendency where high conditional vari-
ance is followed by high conditional variance. Asymme-
try in variance, i.e., the observation that conditional vari-
ance depends on the sign of the innovation to the condi-
tional mean has been documented in asymmetric variance
models used in Nelson (1991), Glosten, Jagannathan, and
Runkle (1993) and Engle and Ng (1993). These studies
find that conditional variance and innovations have an
inverse relation: conditional variance increases if the in-
novation in the mean is negative and decreases if the in-
novation is positive. (Campbell, 2004)

In contrast, skewness, the third moment, has drawn far
less scrutiny in empirical asset pricing, though skewness in
financial markets appears to vary through time and also
appears to possess systematic relation to expected returns
and variance. The time-series variation in skewness can be
viewed as analogous to heteroskedasticity.

A distribution is skewed if one of its tails is longer
than the other. The first distribution shown in Figure 1
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has a positive skew. This means that it has a long tail in
the positive direction.

Fositive skew

Figure 1. Positive skew

The distribution in Figure 2 has a negative skew since
it has a long tail in the negative direction. Finally, the third
distribution is symmetric and has no skew.

Megative skew

Symmetric distribution
(Mo skew)

Figure 2. Negative skew and symmetric distribution

Distributions with positive skew are more common
than distributions with negative skews. One example is
the distribution of income. Most people make under
12000 LTL a year, but some make quite a bit more with a
small number making many millions of litas per year.
The positive tail therefore extends out quite a long way
whereas the negative tail stops at zero.

For a more psychological example, a distribution
with a positive skew typically results if the time it takes
to make a response is measured. The longest response
times are usually much longer than typical response times
whereas the shortest response times are seldom much less
than the typical response time. A histogram of the au-
thor's performance on a perceptual motor task in which
the goal is to move the mouse to and click on a small tar-
get as quickly as possible is shown below. The X axis
shows times in milliseconds.
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Figure 3. Negatively skewed distribution



Negatively skewed distributions do occur, however.
Consider the following frequency polygon of test grades
on a statistics test where most students did very well but a
few did poorly. It has a large negative skew.

When the distribution has a positive skew then the
mean is larger than the median.

When the distribution has a negative skew, then the
mean in smaller than the median.

Autoregressive conditional kurtosis and
Jarque-Bera

Kurtosis is the degree of peakedness of a distribution,
defined as a normalized form of the fourth central mo-
ment g, of a distribution. There are several flavors of
kurtosis commonly encountered, including the kurtosis
proper, denoted /3, and defined by

Hq

Py =— (3)
H

where 4, denotes the ith central moment (and in

particular, ¢, is the variance). The kurtosis "excess" is

denoted y, or b,, and is defined by

4

Kurtosis excess is commonly used because ¥, of a

normal distribution is equal to 0, while the kurtosis
proper is equal to 3. (Rockinger, 2000)
Unfortunately, Abramowitz and Stegun (1972) con-

fusingly refer to ,32 as the "excess or kurtosis."

A distribution with a high peak (y, >0) is called
leptokurtic, a flat-topped curve (}/2 < 0) is called

platykurtic, and the normal distribution (}/2 20) is
called mesokurtic.

An estimator g, (72) for the kurtosis excess 7,

is given by

k
4
&y = > Q)
)
where the k&, are k-statistic. For a normal distribution,
the variance of this estimator is
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Kurtosis measures the peakedness or flatness of the
distribution of the series. Kurtosis is a parameter that de-
scribes the shape of a random variable’s probability dis-
tribution. Consider the two probability density functions
(PDFs) in Figure 4. (Leon, 2003)
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Figure 4. Kurtosis

Which would you say has the greater standard de-
viation? It is impossible to say. The distribution on the
right is more peaked at the center, which might lead us
to believe that it has a lower standard deviation. It has
fatter tails, which might lead us to believe that it has a
higher standard deviation. If the effect of the peaked-
ness exactly offsets that of the fat tails, the two distribu-
tions will have the same standard deviation. The differ-
ent shapes of the two distributions illustrate kurtosis.
The distribution on the right has a greater kurtosis than
the distribution on the left.

The kurtosis of a random variable X can be denoted

n, or kurt(X). It is defined as

Elox - ]

4
O

kurt(X) = @)

where 4 and O are the mean and standard deviation

of X.

Leptokurtosis is associated with distributions that are
simultaneously “peaked” and have “fat tails.” Platykurto-
sis is associated with distributions that are simultaneously
less peaked and have thinner tails. In Figure 5, the distri-
bution on the left is platykurtic. The one on the right is
leptokurtic.

kurtosis = 1.25 kurtosis = -1.23

Leptokurtic Flatykurtic

[

Figure 5. Kinds of kurtosis

The following two distributions have the same
variance, approximately the same skew, but differ mark-
edly in kurtosis.

Jarque-Bera is a test statistic for testing whether the
series is normally distributed. The test statistic measures
the difference of the skewness and kurtosis of the series
with those from the normal distribution. The statistic is

computed as:
1
(52 (K —3)2J
4

where S is the skewness, K is the kurtosis, and k
represents the number of estimated coefficients used to
create the series. (Lawford, 2004)

Under the null hypothesis of a normal distribution,
the Jarque-Bera statistic is distributed as with 2 degrees
of freedom. The reported probability is the probability
that a Jarque-Bera statistic exceeds (in absolute value) the

N-k
JB =~
6

®)



observed value under the null-a small probability value
leads to the rejection of the null hypothesis of a normal
distribution.

Jarque-Bera test, originally devised for constant con-
ditional variance models with no functional dependence
between conditional mean and variance parameters, can
be safely applied to a broad class of GARCH-M models,
but not to all. (Yi-Ting, 2004)

The JB test was formally derived as a LagrangeMul-
tiplier (LM) test of normality of the regression residuals
versus the alternative that the (conditional) distribution of

&, belongs to the Pearson family. A closely related test

was proposed by Kiefer and Salmon (1983) (KS), who
developed an LMtest for normality against a Hermite

polynomial expansion of the (conditional) density of ng'
(Yi-Ting, 2004)

Practical appliance of autoregressive
conditional skewness, kurtosis and
Jarque-Bera to Lithuanian stock market

For the practical analysis are taken two Lithuanian
stock market’s indexes VILSE and LITIN 10. The period
of analysis is from 2004-01-02 to 2005-01-20.

Both indexes in the analysing period have an uptrend
that’s mean the situation in Lithuanian stock market is
quite good.

With the help of three estimators skewness, kurtosis
and Jarque-Bera we will try to estimate the stock market
tendency.

In the 6 th Figure are show all statistic parametres
of VILSE index. For the analysis were take 275 obser-
vations. Mean of time series is 225.978, median 216.54,
maximum 321.64 and minimum 174.82, standard devia-
tion 31.94459. Skewness of index VILSE is 1.383749 so
it is positive and the mean is larger then the median, and
there are right-skewed distribution. Kurtosis is
4.299084. Jarque-Bera is 107.0972. So we can forecast
an uptrend.
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Figure 6. Descriptive statistics of VILSE

In the 7 th Figure are show all statistic parametres
of LITIN 10 index. For the analysis were take also 275
observations. Mean of time series is 2765.745, median
2695.840, maximum 3510.120 and minimum 2344.78.
Standard deviation 244.1560. Skewness of index LITIN
10 is 1.374076 so it is positive. The mean is larger then
the median and there are right-skewed distribution. Kur-
tosis is 4.383886. Jarque-Bera is 108.4815. The value of
index in the nearly future will rise.
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Series: LITIN_10

Sample 2/01/2004 20/01/2005
404 QObzervations 275

Mean 2765.745
304 Wedian 2695.340

Maximum 3510.120

Minimum 2344730
20 Std. Dev. 2441560

Skewneszs 1.374076

Kurtoziz 4,383886
104

Jargue-Bera 108.4815

Probability 0.000000
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Figure 7. Descriptive statistics of LITIN 10

The most interesting thing is when the return distri-
bution has a skewness lower than -1 and an excess kurto-
sis higher than 1. In this case, the probability to have
sudden high negative returns increases. For a distribution
with a skewness of -1 and an excess kurtosis of 5 (tech-
nology stocks, media stocks, telecom stocks or hedge
funds have this kind of excess kurtosis level), a mean-
variance approach will conclude that the investor will not
lose more than -3.5% in the next 1 day with 99% prob-
ability. An approach, which accounts for skewness and
kurtosis, gives -7.4% loss in the next 1 day with 99%
probability, which is exactly what one observes on the
equity market. The difference is huge: more than 100% of
risk underestimation with the use of the mean-variance.

Conclusions

1. Skewness is a measure of the asymmetry of the
probability distribution of a real-valued random
variable. Roughly speaking, a distribution has po-
sitive skew if the positive tail is longer and nega-
tive skew if the negative tail is longer. When
skewness is negative, the market will have a
downtrend and when it is possitive there will be an
uptrend.

. Kurtosis is a measure of the "peakedness" of the
probability distribution of a real-valued random
variable. Higher kurtosis means more of the va-
riance is due to infrequent extreme deviations, as
opposed to frequent modestly-sized deviations.
Kurtosis can be both positive or negative. Random
variables that have a negative kurtosis are called
subgaussian, and those with positive kurtosis are
called supergaussian. In statistical literature, the
corresponding expressions platykurtic and lepto-
kurtic are also used. Supergaussian random vari-
ables have typically a ““spiky" PDF with heavy
tails, i.e. the PDF is relatively large at zero and at
large values of the variable, while being small for
intermediate values. Normal distributions have a
kurtosis of 3 (irrespective of their mean or stan-
dard deviation). If a distribution’s kurtosis is
greater than 3, it is said to be leptokurtic. If its
kurtosis is less than 3, it is said to be platykurtic.

. The Jarque-Bera Lagrange multiplier test is per-
haps the most commonly used procedure for test-
ing whether a univariate sample of t datapoints, or
estimated regression residuals, are drawn from a
normal distribution. It is a joint test of the null hy-



pothesis (of normality) that sample skewness
equals 0 and sample kurtosis equals 3, and the null
is rejected.

. In this article three statistic characteristics were
applied to Lithuanian stock market and all the re-
sults were possitive and showed uptrends to values
of VILSE and LITIN 10 indexes.
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Gediminas Dubauskas, Deimanté Teresiené

Autoregresinio salyginio asimetri§kumo, eksceso ir Jarque-Bera tes-
tavimo modelio naudojimas vertinant Lietuvos akcijy rinka

Santrauka

Daugelis statistikos priemoniy yra sukurtos atsitiktiniams kinta-
muyjy salyginiams vidurkiams modeliuoti. Priemonés, apraSytos Siame
straipsnyje, turi kita paskirti, t.y. modeliuoti salyging dispersija (kin-
tamuma).

Yra iSskiriamos dvi pagrindinés priezastys, dél ko modeliuo-
jamas ir prognozuojamas kintamumas. Pirmiausia — tikslinga anali-
zuoti turimo turto rizika ar opciony vertg. Antra — prognozuojami
skirtingy laikotarpiy tikimybiniai intervalai; norint sumodeliuoti tiks-
lesnius tikimybinius intervalus, tikslinga modeliuoti paklaidy nuok-
rypius: §ie jverciai tikslesni tuomet, kai paklaidy modeliavimui tink-
amai naudojamas heteroskedastiSkumas.

Parengta daug darby, nagrin¢janciy turto grazos normaliojo
pasiskirstymo nuokrypius. Paskelbtuose straipsiuose jrodyta, kad
akciju grazos pasiskirstymas rodo neigiama asimetriSkuma ir ekscesa
(Harvey, Siddique, 1999; Peiro, 1999; Premaratne, Bera, 2001).

Apibendrinti autoregresiniai salyginiai heteroskedastiskumo
(GARCH) modeliai, iskaitant eksponentinio GARCH (EGARCH)
specifikacija, yra placiai naudojami modeliai, taikomi laiko eilutéms
su salygine dispersija modeliuoti. Siame straipsnyje aptariami keli iy
modeliy stilizuoti faktai, t.y. asimetrijos koeficientas ir ekscesas.

Sio straipsnio tikslas — pritaikyti asimetrikumo, eksceso ir Jar-
que-Bera testavima Lietuvos akcijy rinkos LITIN 10 ir VILSE indek-
sams. Tyrimo objektas — Lietuvos akcijy rinka. Pagrindiniai tyrimo
metodai yra literatliros sintezé ir analiz¢, statistiniai ir matematiniai
prognozavimo modeliai, grafiné analizé.

Asimetrijos koeficientas naudojamas jvairiems svarbiems eko-
nomikos kintamiesiems, tokiems kaip akciju indeksy investiciju
grazoms ir uZsienio valiutos kursy poky&iams jvertinti. Sis koeficien-
tas ivertina skirstinio asimetrija. Normaliojo skirstinio asimetrijos
koeficientas lygus 0. Teigiamas asimetrijos koeficientas reiskia, kad
skirstinys turi ilga desSing uodega, o neigiama koeficiento reik$mé
rodo, kad skirstinys turi ilgg kairiaja uodega. Asimetrijos koeficiento
reikSmés paprastai svyruoja nuo -3 iki 3.

Skirstinys yra asimetriskas, jei vienas i jo galy yra ilgesnis uz
kitg. Kai skirstinys turi teigiama asimetrijos koeficienta, laiko eilutés
vidurkis yra didesnis uz mediang. Ir atvirksciai, jei skirstinys turi
neigiama asimetrijos koeficienta, laiko eilutés vidurkis yra mazesnis
nei mediana.

Dazniausiai mediana, kai duomeny rinkiniai yra asimetriski,
naudojama kaip centrinés tendencijos jvertis. Kaip anks¢iau minéta,
asimetriskuma parodo asimetrijos koeficientas, kuris svyruoja nuo
neigiamos 3 iki teigiamos 3 reikSmés (Huzaifah, 2002).

Variacijos savybés, taip pat laukiamo pelningumo ir variacijos
rySys yra pagrindiniai klausimai, nagrinéjami turto ikainojimo kon-
tekste. Mokslininkai Campbell (1987), Harvey (1989), Nelson (1991),
Campbell ir Hentschel (1992), Hentschel (1995), Glosten, Jaganna-
than ir Runkle (1993) bei Wu (1998) tyrimy laukas susitelkgs prie
sarysio tarp rizikos ir pelningumo matavimo variacijos ir kovariacijos
formos.

Testinumas ir asimetriSkumas variacijoje yra du stilizuoti faktai,
jungiami nagrinéjant salyginio kintamumo modelius. Tgstinumas
pasizymi tokia tendencija, kad po aukstos salyginés dispersijos eina
veél auksta salyginé dispersija. AsimetriSkumas dispersijoje, t.y. ste-
béjimas, kai salyginé dispersija priklauso nuo inovacijy lygio saly-
giniam vidurkiui, yra apraSytas asimetri$kos dispersijos modeliuose,
kuriuos naudoja Nelson (1991), Glosten, Jagannath ir Runkle (1993)
bei Engle ir Ng (1993). Minéty autoriy tyrimai parode, kad salyginé
dispersija ir inovacijos turi atvirkstini ry$i: salyginé dispersija didéja,
kai vidutinés inovacijos yra neigiamos ir mazéja, jei inovacijos yra
teigiamos (Campbell, 2004).



Praktiskai daug daznesni skirstiniai su teigiamu asimetriSkumu
nei su neigiamu. Kaip pavyzdi galima pateikti uzdirbamy pajamy
pasiskirstyma. Daugelis Lietuvos gyventoju per metus uzdirba
maziau nei 12 000 Lt, taciau kai kuriy atlyginimas daug didesnis.
Pajamy sirstinio asimetriSkumas turi gana ilga teigiama uodega, o
neigiama uodega turi apsiriboti nuliu, nes neigiamy pajamy mes
neuzdirbame.

Neigiamo asimetriSkumo pavyzdziu galéty buti studenty sta-
tistikos testo rezultatai, kai daugelis studenty gauna labai gerus
ivertinimus, o keletas labai blogus.

Ekscesas — tai koeficientas, kuris vertina eilu¢iy skirstinio
smailiavir§iniskuma ar plokSuma, t.y. jis apibtidina skirstinio forma.
Normaliojo skirstinio ekscesas yra lygus 3. Jeigu skirstinio ekscesas
didesnis uz 3, teigiama, jog jis yra didesnis uz normalyji; jei maZzes-
nis, tuomet jis yra mazesnis uz normalyji. Mazesnis uz normalyji
ekscesas yra siejamas su skirstiniais, kurie tuo pat metu turi storus
galus ir smailias vir§ines. Didesnis uz normalyji ekscesas budingas
tiems skirstiniams, kurie turi plonus galus ir ploksc¢ias virStnes.

Ekscesas yra skirstinio auks$ciausio tasko laipsnis, apibréziamas
kaip skirstinio ketvirto centrinio momento 4 4 normalizuota forma. Yra

keletas dazniausiai pasitaikanciy eksceso formy. Siauraja prasme ek-
scesas Zymimas By Placigja prasme ekscesas gali buti Zymimas y,

arbabz.
Eksceso supratimas plaCigja prasme naudojamas dazniau, nes
normaliojo skirstinio y, yra lygus 0, tuo tarpu ekscesas siauraja

prasme lygus 3 (Rockinger, 2000). Tadiau literatiiroje daznai pasi-
taiko klaidingy eksceso interpretaciju, pavyzdziui, Abramowitz ir

Stegun (1972) klaidingai traktuoja ﬁz samprata, t.y. kaip ekscesa

placiaja prasme.
Skirstinys su aukS$ta vir§tne (},2 >0) vadinamas normaliojo

pasiskirstymo Skirstinys, neturintis aukstos

vir§inés (72 < 0), vadinamas ekscesu, mazesniu uz normalyji. Nor-
malusis skirstinys (yz = 0) vadinamas normaliuoju ekscesu.

Atsitiktinio X kintamojo ekscesas gali biti Zymimas 7 , ar kurt(X).

Jarque-Bera yra statistinis testas, kuris tikrina, ar laiko eilutés
yra pasiskirsGiusios pagal normalujj skirstinj. Sis testavimo metodas
ivertina ir normaliojo skirstinio laiko eilu¢iy skirtumus tarp eksceso
ir asimetrijos koeficienty (Lawford, 2004).

Kai normaliojo skirstinio hipotezé nulin¢, Jarque-Bera statistinis
testas atlickamas naudojant 2 laisvés laipsnius. Jarque-Bera testas,
sukurtas pastovios salyginés dispersijos modeliams, kurie neturi
funkcinés priklausomybés tarp salyginio vidurkio ir dispersijos pa-
rametry, irgi gali blti naudojamas {vairiems GARCH-M modeliams,
taciau ne visiems (Yi-Ting, 2004).

JB testas buvo formaliai kildinamas kaip LagrangeMultiplier
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(LM) testas, skirtas normaliojo skirstinio regresiniams skirtumams;
prieSingai nei alternatyvinis (salyginis) skirstinys é‘t, jis priklauso

Pearson grupei. Panasus testas buvo pateiktas Kiefer ir Salmon (1983)
(KS), kurie isrado LMtest normaliajam skirstiniui, kol buvo pasitlytas
Hermite polinominis skaidymas salyginio tankio g’:t (Yi-Ting, 2004).

Praktinei analizei paimti du Lietuvos akcijy rinkos indeksai
VILSE ir LITIN 10 (kuris nuo 2005-05-27 nebeskai¢iuojamas). Anal-
izuojamy duomeny periodas — nuo 2004-01-02 iki 2005-01-20.
Straipsnyje pateikta tiek VILSE indekso, tiek LITIN 10 indekso di-
namika. Indeksy statistikos kitimas rodo, kad jie abu turi kilimo
tendencija, o tai parodo, kad akcijy rinkos padétis gana gera. Remian-
tis trimis statistikos iverciais, t.y. asimetriSkumu, ekscesu ir Jarque-
Bera testu, bandyta nustyti tolimesn¢ akciju rinkos tendencija.
Straipsnyje pateikti VILSE indeksui jvertinti dazniausiai naudojami
statistiniai parametrai. Analizei paimti 275 {jvykiai, laiko eilutés
vidurkis 225,978, mediana 216,54, maksimali reik§mé 321,64 ir
minimumas 174,82, standartinis nuokrypis 31,94459. VILSE indekso
asimetriSkumas yra 1,383749, t.y. teigiamas dydis, todé¢l vidurkis yra
didesnis uz mediang. Taip pat pazymétina, kad VILSE indekso
duomenys turi de$injji asimetriskuma. Eksceso reik§mé 4,299084,
Jarque-Bera yra 107,0972. IS iSvardyty statistiniy iver¢iy galima
prognozuoti VILSE indekso kilimo tendencijas.

Tokie patys statistiniai parametrai yra apskaiéiuoti ir LITIN 10
indeksui. Analizei taip pat paimti 275 jvykiai. Laiko eilutés vidurkis
yra 2765,745, mediana 2695,840, maksimumas 3510,120 ir minimu-
mas 2344,78. Standartinis nuokrypis 244,1560, indekso LITIN 10
asimetriSkumas yra 1,374076, t.y. teigiamas dydis, todél vidurkis yra
didesnis uz mediang ir skirstinys turi de$inijj asimetriskuma. Eksce-
sas yra 4,383886, Jarque-Bera 108,4815. Taigi ivertinti dydziai rodo
indekso vertés kilimo tendencija.

Atlikdami tyrimus ir prognozuodami finansiniy instrumenty
kainy kitimo tendencijas, mokslininkai pasteb¢jo, kad jei investiciniy
grazy skirstinys turi asimetriSkuma, mazesnj uz -1, ir eksceso koefi-
cienta, didesnj nei 1, tada padidéja tikimybé patirti staigia neigiama
investicing graza. Skirstiniams, kuriy asimetriskumo koeficientas yra
-1 ir eksceso dydis 5 (pavyzdziui, telekomunikacijy, technologiju
sektoriy akcijos, apsauginiai fondai turi minétus parametrus),
vidurkio-dispersijos modelis prognozuos, kad investuotojas nepatirs
didesniy nuostoliy kaip —3,5% per ateinancia dieng su 99% tikimybe.
Taciau modelis, kuris skai¢iuoja asimetriSkumo ir eksceso koeficien-
tus, prognozuos —7,4% nuostoli per ateinancia diena su 99% tiki-
mybe. Skirtumas tarp modeliy prognoziy gana ryskus, daugiau nei
100%. Modeliai, kurie naudoja asimetriskumo ir eksceso ivercius, yra
daug tikslesni.

Siame straipsnyje pritaikyti trys statistiniai {ver¢iai Lictuvos
vertybiniy popieriy rinkai signalizavo apie tolimesnj jos kilima.

Raktazodziai: asimetrija, autoregresinis, sqlyginis, pasiskirstymas, Jarque-
Bera, ekscesas, asimetriskumas.
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