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Introduction

Financial market microstructure has been a sulgkohany theoretical and
empirical analyses. It is supported by the develamnof information systems
that utilizes big-data bases and designs toolgg@nalysis. Such technologi-
cal advances are accompanied by development of Imaiel analytical
methods for ultra-high frequency data. It is coastd as the most important
achievements of financial econometrics and conteamgofinance (Engle,
2000).

Microstructure models offer an appropriate methamdcomparing the dy-
namics of different financial instruments sinceytimeake a precise inference
about short term market sensitivity. Investors Uguect based on contempo-
raneous and historical information combined witbitlown opinions. Micro-
structure models are comparable to heterogeneowestors within three
types, i.e., informed investors, noise investord ararket-makers. The main
feature that distinguishes these three groupis dlacess to information.

Many theoretical models concerning an ideal maitkat reflects all possi-
bly available information have been constructee,($éar example, Russell &
Engle, 2010). One observes two things when exagitiie models starting
with Bagehot (1971), Garman (1976), and Grossmat Sitiglitz (1980),
through more complicated models formulated by Ky@85) or Admati and
Pfleiderer (1988) and a recent models developeddsbrouck (2002). First,
is the division of financial markets models intgrce-driven and an order-
driven market models. The second is the evolutpramplication of the
models. All these mentioned models as well as nwhgrs are discussed in
details by Doman (2011).

The most important issues that create market ntiticisire are access to
information possessed by market participants. Thathy three types of in-
vestors are typically defined: the informed investdhe market makers and
the noise traders (Doman, 2011). While observimgkthy- thick time series
data, one can detect the changes in the strudtaine onarket during a certain
time period and evaluate the quality of the markbée market quality is de-
fined in terms of liquidityLiquidity refers to the ability to quickly tradedh
volumes at low cost. Other possible attributesigpiitlity can be considered,
such as thé&requency with which an asset is traded, the egsily of a market
which makes trades less able to execute at inappteprices, transaction
costs, sensitivity of prices to information andcprivolatility. The last issue
has a significant impact on market values.

The empirical analyses of financial markets migtagture has become
popular starting from the seminal book by O’Har@98). They are currently
of a great importance due to the emerging marke¥eldpment, foreign ex-
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change market analysis and market stability pddiitgr the financial crisis of
2007-2009. For example, Yuat al. (2015) analyze shares of real estate
companies traded in Shanghai stock exchange faguminliquidity. They
implement various forms of Weibull Autoregressiven@itional Duration
(WACD) models using trading duration as indicatorsliquidity.

Bien (2010) studies the market microstructure of theeXo(FX) eu-
ro/Polish zloty (EUR/PLN) spot market. She showsgaificant positive im-
pact of order flow on changes in the exchange esteyell as a different FX
rate reaction to the net acquisition of euros i042@nd in 2007, due to the
different size of the Polish zloty market. As irtbase of emerging markets,
the problem of liquidity affected the results of thtudy. Frank (2009) analyz-
es market co-movements during the global financiegis. Using high fre-
guency data, he accounts for market microstructnogse and non-
synchronous trading, as well as interdependenostween differing asset
classes such as equity, FX, fixed income, commaality energy securities.
He applies multivariate realized kernels and Gdizexh Auto-Regressive
Conditional Heteroskedasticity (GARCH) models.

The results of the microstructure analysis show tthey are difficult to be
generalized since they depend on the time-peribdsen for an investigation.
The publication of Admati and Pfeiderer (1988) destmtes important theo-
retical indications for regularities observed inafincial markets. Although
some similarities can be observed, they may nopresent in a particular
circumstance (Big 2010). For example, Admati and Pfleiderer (1988w
that in periods of large volume of transaction gistors are guided by signals
extracted from the information flows. This rule mayt always be valid. That
is why microstructure studies are subject to vajatompeting interpreta-
tions.

This paper uses data from the mature American ladRtissian emerging
stock markets. The purpose is to compare two diffeperiods — before and
after the Ukrainian political crisis at the begimgiof 2014 from the perspec-
tive of market microstructure. This crisis influescthe fragile, emerging
Russian financial market equilibrium. The crisis\dze viewed as a perma-
nent structural break. As markets adapt to the equilibrium, the paper
studies the effects of the Ukrainian crisis and ithposition of economic
sanctions on Russia. The Russian and Ukrainiamdinhmarkets are rarely
a subject of profound research. However, one fgase recent publications.
For example, Caporale and Plastun (2016) investigalendar effects for the
Ukrainian stock market using daily and monthly daiicrostructure-effects
of the Russian currency market are analyzed higyHabva (2016). Osinska
(2010) uses realized volatility to evaluate thaldy of volatility forecasts
for several emerging currencies including the Rarssiuble.
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The paper investigates the relationships between volatility, duration, price
and volume for selected joint stock companies listed on the United States
(U.S)) and the Russian stock markets. These markets are the New Y ork Stock
Exchange (NY SE), the National Association of Securities Dealers Automated
Quotations System (NASDAQ) and the Moscow Stock Exchange (MOEX).
Furthermore, the study compares the microstructure effects of the first phase
of the Ukrainian crisis (from February 17, 2014 until April 4, 2014) and
amore neutral period of the same length (from September 1, 2013 until Octo-
ber 17, 2013).

The paper utilizes a variety of econometric time series models. Specifical-
ly, the following models are estimated: The Exponential Generalized Auto-
Regressive Conditional Heteroskedasticity, EGARCH(p,g) model (see:
Bollerdev & Mikkelsen, 1996). Next, the Autoregressive Conditional Dura-
tion (ACD) is introduced (Engle & Russell, 1997). The ACD model is fol-
lowed by the Autoregressive Conditional Volume (ACV) model for volume.
The last econometric model is the one developed by Manganelli (2005) which
uses Vector Autoregressive Moving Average (VARMA) specification. The
Manganelli (2005) model is a generdization of both the ACD and the ACV
models. Doman and Doman (2010) use the above procedure to analyze rela
tionships between price duration, volatility, volume and return for the Warsaw
Stock Exchange. This paper is the first to apply these econometrics methods
to Russian and American stocks before and after the Ukrainian crisis.

Theoretica models that explained microstructure effects on financial mar-
kets are used for explanation and interpretation of the results. The most help-
ful in our research isthe model formulated by Admati and Pfleiderer (1988).

The remainder of the paper is organized as follows: Section Il describes
the characteristics of the stock exchanges, the New York Stock exchange
(NYSE), the National Association of Securities Deders Automated Quota-
tions System (NASDAQ) and the Moscow Stock Exchange (MOEX). Section
I11 presents the econometrics models. These models are presented in the fol-
lowing order: The Exponential Generalized Autoregressive Conditional Het-
eroskedasticity, EGARCH(p,q) Model, the Autoregressive Conditional Dura-
tion (ACD) Model, the ACV model for volume and the Manganelli model.
Section 1V describes the data. Section V presents and discusses the results of
the econometric estimation. Section VI concludes.

Characteristics of the Stock Markets

This section presents the characteristics of the stock markets under investiga-
tion. These are: the New Y ork Stock Exchange (NY SE), the National Associ-
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ation of Securities Dealers Automated Quotatiorste3y (NASDAQ)and the
Moscow Stock Exchange (MOEX). Table 1 provides ddiaut the starting
year of the stock exchange, its market capitabratis of March 2014, the
number of stocks traded, market capitalizationghere and trading hours per
day. The New York Stock Exchange is the oldest etagtnong the three,
being established in 1792. It is the largest stex&hange in the world in
terms of market capitalization. In contrast, thesklmv Stock Exchange is the
youngest among the three, being initiated in 2011.

Table 1. Characteristics of the stock markets

NYSE NASDAQ MOEX
Starting year 1792 1971 201%é¥écg>é§)992)
Capitalization* 18.5 trillion USD 6.5 trillion USD 663 billion USD
No of stocks 2400 2740 270
Capitalization per share 7.6 2.45 2.44
Trading hours a day 6.5 6.5 8.5

*As of March 2014

Source: own preparation based on http://moex.conmigp://www.nasdag.com; https://www.n
yse.com.

Figure 1. Trading volume from July 2014 until July 2015
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Figure 1 depicts the trading volume from July 2Qdil July 2015. Ex-
cept for the month of March 2015, the trading vaduis ordered as NYSE,
NASDAQ and MOEX.

Figure 1 shows that thee markets are different feath other. However,
one expects that the characteristics of the mawmkatstructure are replicated
for the markets under study.

The Eeconometric Models
of Market Microstructure

Models that focus on microstructure effects relytba general concept of
financial market equilibrium developed by Kyle (B98Admati and Pfleider-
er (1988) and it is still in the developing procésse, for example, Kyle &
Obizhaeva, 2016). In financial markets, equilibrinmeans market liquidity
that is understood as a possibility of transactiasiag different information
sets for various investment horizons.

This paper applies several econometric modelsfttats on microstruc-
ture effects, i.e., the impact of receiving newomnfiation on liquidity of both
separate instruments and the market as a wholer pfeparing the data by
elimination of deterministic components that cheeaees thick-by-thick data
like periodicity, one can analyze the following ralents: intraday volatility,
intraday price duration and intraday volume duratibhey can be described
separately or jointly in one model. The presentextiels start from sequent
components model and finally connect all the eldsario one model. Expo-
nential GARCH model EGARCH(p,q) used for both vititgtand asymmetry
analysis is the first specification (for detaile sBlelson, 1991; Bollerslev and
Mikkelsen, 1996). The model proposed by Bollerglad Mikkelsen takes the
following form:

Inof = 0+ [1- W] [1+ a@)]v(e-1) )

where:a (L) =a; L + az L2 +... +ag L1, B(L) =i L + 212 +... + B [P and
y(e-1) = v1&-1 + V2 (ler—1| — Elec—q]). The difference betweefe,_||
and its expected value influences the change oteonelitional variance de-
pending on the direction and magnitude of the cbffiee, whereas the ex-
pected valud’|e;| depends only on the erreydistribution. The model speci-
fications allow for negative correlation betweetura and volatility and sim-
ulating variance clustering. It can model the amace explosion that occurs
fairly frequently. In the paper a skewed t-Studembr distribution was as-
sumed to cover a possible asymmetry and leptokartliss a general vola-
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tility model that suits not only thick-by-thick data but also daily data and other
frequencies. It is worth noting that non-negativity of conditional variance is
ensured by the construction of EGARCH model.

The second model that appeared in our anaysis is the Autoregressive
Conditional Duration model (ACD) introduced by Engle and Russell (1997).
The idea of the price duration corresponds to market liquidity. The ruleis as
follows. the shorter the duration - the most liquid is the market. Thus, the
model traces the dynamics of the market during a trading day. The first speci-
fication of the model proposed by Engle and Russell was extended in such
away that a family of ACD models can be considered (Fernandes and Gram-
mig, 2006; Zhang, Russell and Tsay, 2001). Let the time between sequent
transactions in the market be d=t;-t.; where d; represents a duration. Let y; be
an expected conditional price duration given information available at moment
i-1 E(d|Fy)= wi. Specificaly, yi=E(di|d;1,0.»,...,d). Duration d= &, where
& isi.i.d. and E(&)=1. Generdly, exponential and Weibull distributions fit
well distribution of &. The ACD model for price duration is as follows

Ye=w+ 2?21 aj di_j+ 2?21 Bie—j 2

where ©>0, 00, B; >0 for each j. The model can be estimated using quasi-
maximum likelihood method (Allen, Ng and Peiris, 2013).

The third model is the autoregressive conditional volume (ACV) (see,
Manganelli 2005). It covers the dynamics of volume and it is defined as fol-
lows. Let w; be a volume, and v; conditional expected volume given infor-
mation up to moment i-1. Then w; = v;n;. where 5; isi.i.d. and E(y;)=1. The
ACV modd takes the following form:

Vi =w+ 2?21 a; Wi_j + Z?:l ﬂjvi_j; (3)

where ©>0, 0;>0, ;>0 for each j. The ACD and ACV models can be thought
as complementary because the change in price or volume is being interpreted
as the result of the intensity of new information arriving to the market. In
ACV mode, the same error distributions as in ACD model can be applied.
Mainly it isaWeibull distribution. Other characteristics of the model are also
analogousto ACD.

The last model is the one proposed by Manganelli (2005). It is called
Manganelli model. It represents a linear relationship between price duration,
volume and volatility of the general form such that:
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(de, we, 1) ~f(de, we, e Fr_1;0) =
(4)
= g(d¢|Fe—1; ©01)h(We|dy, Fr_q; 02) 1(re|de, we, Fr—q; O3)

Whel‘edt = IIJt(Qd; Ft—l)ftl ft"‘lld(l, Ug);

we = v (Oy; de; Fr—1)Ny, UtNiid(l' 0'1?)
1 = e + 0. (Op; de; wi; Fe_1)er,  &~iid(1,62). In practice, separate equa-
tions or VAR or VARMA models are used.

Characteristics of Time Series

Three types of companies chosen are based on ¢aegt liquidity of the
companies’ shares on both the Russian and Amesiark markets. For that
reason, the size and familiarity of the companiesexamined. Companies’
shares under investigation include: shares quateM©@EX market in Mos-
cow such as: Aeroflot (ALFT), Rosneft (ROSN) andstetecom (RTKM);
Russian shares in the U.S. market represented doydek (YNDX) and CTC
Media (CTCM) and American companies’ shares traoiedhe NASDAQ
market i.e., Microsoft (MSF) and Yahoo (YAHOO) aaod the NYSE i.e.,
Exxon Mobil (XOM) and Mc Donald (MCD).

The time series include thick-by-thick data covgriwo separate periods
— the same for each company quotations. The fasog is from 2013-09-02
until 2013-10-17 and the second period from 2014-Dintil 2014-04-04.
The first period covers a relatively stable timeige# from economic and
financial perspective, while the second one isrdgiteed by the annexation of
Crimea, which has started the Ukrainian crisis.sEheaused imposing inter-
national economic sanctions on Russia. The firsihdoof sanctions took
place in March/April 2014 and the second in ApfIl2. These facts might
have changed the riskiness of investment in Russismpanies. Thus, we
analyze and compare the microstructure of the timneationed markets:
emerging market represented by Russian MOEX, artidresmmarkets, repre-
sented by the American NASDAQ and NYSE. Additiopaillve investigate
whether there is any difference between the mimrosire effects of emerg-
ing and developed markets.

When one analyzes thick—by-thick data, the proldé¢mitra-high frequen-
cy data arises (see: Engle & Russell, 2004; Scdlas, 2004; Sewelkt al,
2008). The main problems that are faced by analsdsthe following: an
overnight duration, transactions registered atdéume moment in time and
intraday cyclical patterns. Consequently, the datist be adjusted before the
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analysis starts. This paper applies the procedeseribed by Doman (2010).
The characteristics of the data are presentedbiteTa

Table 2. Reduction of the number of observations and dyosrof the number of
transactions

Period 2013-09-02 - 2013-10-17 2014-02-17 - 2014-04-04 % change % change
of number of average

Corresponding Corresponding

Tt Tadng g™ Tadng GG ofvee | voumecr
AFLT 69 269 20135 278 907 80 707 302.64 7.95
ROSN 396 412 65 031 681 421 83 618 71.96 N.A.
RTKM 274 595 62 116 424 523 63 005 54.71 N.A.
CTCM 13 086 4276 33151 4489 153.33 11.38
YNDX 44 993 17 559 115 807 46 355 157.39 65.46
MCD 107 564 36 315 101 006 39 693 -6.10 -1.64
MSFT 863 418 65 314 648 126 58 452 -24.93 -45.32
Eg-o 302 102 52 425 318 682 60 154 5,49 N.A.
XOM 239 790 53 432 246 920 69 812 2.97 -24.12

Source: own calulations.

It is worthwhile to note the differences betweeast shares. First, there is
a substantial difference between the number os#&etions for a whole trad-
ing day and the price duration. This is due to hiigadity of the analyzed
shares where many transactions are observed atathe time period. Thus,
for further econometric analysis, we use the olz@ms that correspond to
price duration. Second, note that for the Russiacksmarket, the number of
orders in the year 2014 increased more than timesstwhen compared with
2013 including, an increase of the average valubefransactions. Third, for
two shares, namely the CTCM and YNDX listed on #rmeerican markets,
a similar tendency concerning growth of the avenagjae of the transaction
are observed. For American companies’ shares,jtingtion was quite differ-
ent. The trade was quite stable for he two periwderm of both the dynam-
ics and the value of transactions.
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To save space, Tables 3 and 4 detail informatiautatwo companies’
shares. These are descriptive statistics for price, retabsolute return, vol-
ume and duration in 2013 and 2014 for Aeroflot (Al.Fand Exxon Mobil
(XOM).

The next stage of analysis concerns the analydiseofyclical patterns. It
is typical that at the beginning of the Russiadlitrg day, the increased price
levels and volumes and shorter price durationgeleged with the investors’
interest confirmed by flows of information comingiin both Asian markets
that end their trading day and the European mathegsnning their trading
day. Then, a slow-down happens which is causetgstors’ reactions to
news stems from the American markets. The reftdLFT and XOM are
presented in figures 2 and 3. The remained RussidmAmerican shares rep-
resent a similar cyclical pattern.

Figure 2. ALFT - cyclical patterns in absolute returns, dima and volume

Intraday average absolute returns from 01.09.26113110.2013 (A) 17.02.2014 to 04.04.2014 (B)

A. B.
0,09 0,35
0,08 03
0,07
0,06 - 0,25
0,05 - 0,2
0,04 - 0.15
0,03 -
0,1
0,02
0,01 - 0,05
0 0
hour

hour

! Ccharacteristics computed for the remained congsashares are available from the au-
thors for request.
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Figure 2 continued

Intraday average duration from 01.09.2013 to 12018 (A) and from 17.02.2014 to 04.04.2014 (B)

A.
90 18
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40 -
30 -
20 -
10 -

10 11 12 13 14 15 16 17 18
hour

Intraday average volume from 01.09.2013 to 17.1182@) and from 17.02.2014 to 04.04.2014 (B)

A. B.
250
140
120 200 -
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150 -
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60 - 100 -
40 -
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10 11 12 13 14 15 16 17 18 10 11 12 13 14 15 16 17 18
hour hour

Source: own calculations.
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For ALFT shares, one notices differences in the daily distribution of abso-
lute returns. For the first period (left-hand-side in Figure 2), the typical
U shape is observed, which means that greater changes in prices are observed
in the first and the last hour of the trading day. In the year 2014, the same
tendency remained, however, an increase in absolute returns is observed in the
middle of the trading day. Average durations are an inverse U- shaped. In
comparison to the typical tendency (observed for example for XOM, see Fig-
ure 3), this shape is flatted and skewed. As far as volume is concerned, in-
creased values are confirmed in the first and the last hour of the trading day in
2013. For the year 2014, an increase in trading volume for particular hoursis
observed.

Figure 3. XOM - cyclical patterns in absolute returns, duration and volume

Intraday average absolute returns from 01.09.2013 to 17.10.2013 (A) 17.02.2014 to 04.04.2014 (B)

A. B.
0,045 0,07
0,04 0,06
0,035
0,05
0,03
0,025 0,04 4
0,02 - 0,03 -
0,015 -
0,02 -
0,01
0005 0,01
0 - 0 -
09 10 11 12 13 14 15 09 10 11 12 13 14 15

hour hour
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Figure 3 continued

Intraday average absolute returns from 01.09.26113110.2013 (A) 17.02.2014 to 04.04.2014 (B)

A. B.
0,045 0,07
0,04 1 0,06
0,035 -
0,05 -
0,03 -
0,025 - 0,04 1
0,02 | 0,03 -
0,015 -
0,02 -
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hour hour

Intraday average duration from 01.09.2013 to 12018 (A) and from 17.02.2014 to 04.04.2014 (B)

A. B.
25 20
18
20 - 16
14 -
15 A 12
10 -
10 - 8 7
6 -
5 - 4
2 -
0 - 0 -
09 10 11 12 13 14 15 09 10 11 12 13 14 15

hour
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Figure 3 continued

Intraday average volume from 01.09.2013 to 17.1182@) and from 17.02.2014 to 04.04.2014 (B)

A. B.
200 300
250
150 -
200 -
100 - 150 -
100 -
50 -
50 -
0 - 0 -
09 10 11 12 13 14 15 09 10 11 12 13 14 15
hour hour

Source: own calculations.

For XOM, the average absolute returns and averalygnes for both peri-
ods exhibit a typical U-shape that characterizesnab cycle of investors’
activities on the market. For duration, the invetsshape is observed that
correspond to the typical characteristics. Thedased activity is observed
not only in the first but also in the second ariddthours of the trading day.

Figure 4 presents the autocorrelation function (AfOF price duration and
volume. Its shape is typical for stationary proessgee: Box and Jenkins,
1970). Note that for both shares, duration charizete longer memory than
trading volume. The values of ACF for ALFT (duratjoare greater than in
the case of XOM.

Figure 4. Duration and volume (after cyclical adjustment)

ALFT XOM
ACF duration ACF duration
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0,08 0,03
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Figure 4 continued

ACF volume ACF volume
0,08 0,06
0,05
0,06 0,04
0,04 0,03
0,02
0,02 0'01 Hi
Mo 0 1111 PP R
0 | bl -||||l|| I IIIII
0,01 1
-0,02 -0,02

Source: own calculations.

Empirical Results

After eliminating the cyclical patterns from thetalathe models described in
section Il are estimated. The first AR(1)-EGARCHI) model including the

impact of price and volume duration in both equaics estimated. The form
of the model, corresponding to formula (1), is@kfvs:

Tt = ao + alrt—_l + bldt—l + bZWt—l + Vt—

Vi = Ot&

& ~ii.d. (t-skew(v,A))

Ino? = w + Bylnof g +y(e_q) + a1y (er_3) + prde—q1 + pawr_q

whered, ; denotes price duration amg; denotes volume duration.

As indicated in the formula above, a skewed t-Stuéeror distribution is
assumed. In this section, the results of estimatio:n presented, focusing
mainly on the impact of both price and volume dorabn the observed vola-
tility of returns. That is why presentation of paeters’ estimates for the first
equation is limited to only two companies (Table Bhe estimates of the
conditional variance equation are given for all pames in Table 6. In each
table the period 01.09.2013 until 17.10.2013 isotleth as |, and the period
between 17.02.2014 until 04.04.2014 as II.
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Table 5. Estimates of the conditional mean equatign (r

C(:]r;]r;:%ny Period N a b, b,

| -0.03082 0.08164 0.00664 0.01739
ALET (-0.01049) (0.00543) (0.00538) (0.00576)
" 0.03349 -0.37773 -0.00795 -0.02770
(0.0053) (0.00377) (0.00231) (0.00247)
-0.00171 0.12830 -0.01126 0.00877
XOM (0.01435) (0.00946) (0.0081) (0.00791)
" -0.01037 0.12022 0.00232 0.00301

(0.00691) (0.00386) (0.00369) (0.00356)

Source: own calculations.

The main information coming from the results ofiraating eq. (J) is that
both price and volume duration are significant dioly ALFT, except for the
price duration in period I. It is interesting tithe there is a change of signs
for the corresponding parametegsaind B. In the case of the Russian compa-
ny ALFT, the change is from positive sign to negatbne. This may indicate
that the greater volume is related with sells & #hares. The worsening of
the political sentiment causes an increase in thwity of investors who
mainly sold their assets, decreasing their retUfos.the American company,
XOM, the price and volume duration estimates as@iificant.

Table 6. Parameter estimates of the equatiarfIn

Company name Period o p1 P2 Alpha Gamma Beta

Shares from Russian market

-0.22340 -0.01941 0.04211 0.43268 -0.06513 0.71000
(0.02517) (0.01179) (0.00846) (0.03565) (0.02181) (0.03031)

ALFT -0.27742 -0.01204 0.03402 0.41768 0.01164  0.83847
! (0.00562) (0.00237) (0.00186) (0.00807) (0.00508) (0.00471)

0.17094 0.00293 0.11752 1.88046 0.11067  0.65691

ROSN ! (0.28077) (0.02632) (0.02572) (0.59845) (0.16087) (0.08032)

1.58890 -0.01809 0.06973 11.96600 0.52780  0.64114
(0.19198) (0.01048) (0.00924) (2.81046) (0.24492) (0.02218)
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Table 6 continued

Company name Period o p1 P2 Alpha Gamma Beta

Shares from Russian market

-0.31506 -0.01249 0.07380 0.41079 0.02481  0.83546
(0.02509) (0.01378) (0.00626) (0.02313) (0.01869) (0.01785)

RTKM
-0.37802 -0.01657 0.04698 0.55863  0.04493  0.87810
! (0.00924) (0.00347) (0.00303) (0.01374) (0.00631) (0.00709)
0.23001 0.00021 0.00011 0.20613 0.07226 0.76863
! (0.0000)  (0.0000)  (0.0000) (0.01648) (0.02772) (0.02994)
YNDX 0.21355 0.00034 -0.04466 0.16631 -0.02359 0.40272
! (0.07027) (0.01711) (0.01948) (0.03638) (0.02279) (0.13012)
0.09433 0.00869 -0.06129 0.19972 -0.05288 0.41884
(0.09172) (0.03067) (0.07031) (0.09717) (0.04961) (0.31876)
cTem 0.02967 0.20469 -0.01282 0.1784 -0.02024 -0.02228
! (0.06483) (0.02114) (0.02168) (0.04244) (0.02534) (0.09394)
Shares from American market
-0.00989 0.00461 -0.03656 0.10409 -0.00425 0.87859
(0.01744) (0.00882) (0.01135) (0.02243) (0.00973) (0.05151)
Mcb -0.02408 -0.01674 -0.02848 0.14226 0.00149 0.88516
! (0.00824) (0.00384) (0.00462) (0.00911) (0.00498) (0.01152)
-0.04690 -0.02730 0.01898 0.14595 0.00473  0.82581
(0.01481) (0.00832) (0.01114) (0.03893) (0.00642) (0.07446)
MSFT -0.08713 -0.02151 0.02204 0.15489 -0.00123 0.85709
! (0.00897) (0.00413) (0.00463) (0.01238) (0.00567) (0.02315)
-0.23386  0.14082 0.1206 0.12657 -0.13611 0.51778
! (0.07361) (0.03291) (0.04818) (0.05096) (0.02871) (0.10805)
YAROO -0.19309 0.02187 0.01181 0.19764 -0.01257 0.98744
! (0.0064) (0.00084) (0.00283) (0.0069) (0.00448) (0.00121)
-0.10215 -0.01003 -0.01534 0.18486 0.00066 0.92220
om (0.01269) (0.0043) (0.00516) (0.0217) (0.00707) (0.01647)

-0.06985 -0.01076 0.00215 0.11710 -0.00678  0.94856
(0.00373) (0.00165) (0.00175) (0.00491) (0.00258) (0.00363)

Source: own calculations.
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For the case of volatility, one observes a divémggact of price and vol-
ume duration on volatility. For many company shaies, ROSN, RTKM,
MSFT and YAHOO, the volume duration exhibited pesitand significant
impact for volatility in both periods. It is typicéor liquid assets when inves-
tors are rather careful. Negative impact of voluineation is observed in the
case of XOM, which characterizes the typical sitwafor a significant ratio
of informed investors trading in the market. In easf ALFT (I period),
MSFT and CTCM (both periods) the impact of volunueations are insignif-
icant.

However, there is negative impact of price durafmmvolatility, observed
for ROSN (Il period) and RTKM (both periods) whishggests a decreasing
number of individual investors (see, Admati & Rdleier, 1988). Their risk
aversion is then growing. Thus periods of high #itya correspond to longer
time of price duration and low volumes of transacsi. \WWhen the longer dura-
tion implied decrease in volatility, the Eslaey a@ddHara rule may hold that
namely, no trade means no news (Easley & O'H&82)L Thus, it is worth
mentioning that the gamma parameter responsiblafpmmetry of reaction
for good and bad news for in the EGARCH modelgmigicant in the follow-
ing cases: ALTF (both periods), ROSN and RTKM (dripd), YNDX (I
period), YAHOO (both periods) and XOM (Il periodjor the remaining as-
sets, it is insignificant, in line with Easley a@dHara. In the case of AR(1)-
EGARCH(1,1) models, it is hard to indicate the pesior negative impact of
the Ukrainian crisis for returns volatility. Thestéts are rather diversified.

In the next stage of the research, separate mtwtgbsice and volume du-
rations, i.e., ACD and ACV models, are estimatede Teason is to test
whether the dynamics in both periods for all shanestypical or not. The
parameter estimates are given in Table 7 (for ti®Anodel) and Table 8
(for the ACV model). The estimation is done by Dojiski in R using algo-
rithm prepared in 2011 and popularized by Tsayp(ftaculty.chicagob
ooth.edu).

Table 7. Estimated ACD models

Company hame Period Omega Alfa Beta Shape
0.0958 0.1303 0.7727 0.7713
(0.0321) (0.0163) (0.0418) (0.0079)
ALFT
0.0391 0.0957 0.8663 0.9243

(0.0019) (0.0026) (0.0038) (0.0025)
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Table 7 continued

Company hame Period Omega Alfa Beta Shape
0.0363 0.1115 0.8551 0.9864
(0.0026) (0.0042) (0.0056) (0.0038)
ROSN
0.0639 0.1235 0.815 0.9606
Il
(0.0026) (0.0031) (0.0048) (0.0023)
0.0406 0.1418 0.8223 0.8819
|
(0.0048) (0.0085) (0.0106) (0.006)
RTKM
0.0581 0.1073 0.8349 0.8593
Il
(0.0027) (0.0032) (0.005) (0.0024)
0.1478 0.1154 0.737 0.8548
|
(0.0477) (0.0175) (0.0571) (0.0095)
YNDX
0.1325 0.091 0.7769 0.8666
Il
(0.0136) (0.0058) (0.0177) (0.0033)
0.1178 0.1094 0.7687 0.8344
|
(0.0367) (0.0215) (0.0431) (0.0125)
CTCM
0.0825 0.0921 0.8169 0.8976
Il
(0.0156) (0.0062) (0.0217) (0.0073)
0.1824 0.0836 0.734 0.9427
(0.0333) (0.0108) (0.041) (0.0071)
MCD
0.1235 0.063 0.8134 0.9558
Il
(0.013) (0.0046) (0.0161) (0.0039)
0.1823 0.0836 0.7341 0.9428
(0.0333) (0.0108) (0.041) (0.0071)
MSFT
0.1232 0.061 0.8135 0.9557
Il
(0.013) (0.0046) (0.0161) (0.0039)
0.0254 0.0778 0.8831 0.9591
(0.0428) (0.034) (0.0035) (0.0182)
YAHOO
0.0376 0.0576 0.9051 0.961
Il
(0.0025) (0.0022) (0.004) (0.0029)
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Table 7 continued

Company hame Period Omega Alfa Beta Shape
0.0866 0.054 0.8592 0.93
(0.015) (0.007) (0.0208) (0.0057)
XOM
0.0711 0.0688 0.8605 1.0005
Il
(0.0044) (0.0027) (0.0063) (0.0028)

Source: own calculations.

The ACD models indicate that a relatively high teat for new infor-
mation (alfa>0.1) is observed for all companiesirsis quoted on the MOEX
market that exhibited greater sensitivity for newan the shares quoted on
the NYSE or the NASDAQ. The increasing beta forigurl as compared
with period | indicates that that the share of widtlial investors in the market
decreases..

High (and greater in period IlI) level of shape €oafnt from the
Weibull's distribution is related to the fact ofcreased number of transac-
tions in period I, which is characteristics foetRussian shares quoted on the
MOEX. When the market is more liquid, the sharewtdiers in the sample is
relatively smaller.

Except for the MSFT, the American companies’ shamescharacterized
by higher persistence (represented by beta) arategreesistance for outliers
(according to the shape parameter). The increabetafin period Il suggests
that the impact of individual investors has beemake®ed. Comparing shares
guoted on the NASDAQ and the NYSE indicates no g differences
between the markets.

Table 8. Estimated ACV models

Company name  Period Omega Alfa Beta Shape

| 0.1714 0.0832 0.6888 0.6181
ALFT (0.0681) (0.0161) (0.0818) (0.0061)
" 0.1236 0.0855 0.7758 0.6887
(0.0103) (0.0035) (0.0132) (0.0017)

0.0801 0.131 0.7663 0.6033

ROSN ! (0.0175) (0.0087) (0.026) (0.0025)
0.0815 0.108 0.7924 0.5985

(0.0106) (0.0047) (0.0148) (0.0015)
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Table 8 continued

Company hame Period Omega Alfa Beta Shape
0.1759 0.1423 0.6648 0.6066
(0.0325) (0.0151) (0.0445) (0.0042)
RTKM
0.1386 0.0932 0.753 0.6098
Il
(0.01) (0.0048) (0.0145) (0.0018)
0.2069 0.0292 0.7679 1.0584
(0.0709) (0.0101) (0.0739) (0.0109)
YNDX
0.1919 0.0333 0.7700 1.0423
Il
(0.1129) (0.0173) (0.1199) (0.0252)
0.1561 0.0396 0.7891 1.0114
|
(0.0612) (0.0081) (0.0559) (0.0149)
CTCM
0.1422 0.0413 0.8112 1.0213
Il
(0.1349) (0.0133) (0.1239) (0.0262)
0.0763 0.0457 0.8765 1.1279
|
(0.016) (0.0059) (0.021) (0.0044)
MCD
0.1972 0.0421 0.7932 1.2262
Il
(0.0242) (0.0038) (0.0261) (0.0046)
0.0763 0.0457 0.8765 0.7679
|
(0.016) (0.0059) (0.021) (0.0044)
MSFT
0.1333 0.049 0.8167 0.8826
Il
(0.0121) (0.003) (0.0142) (0.0028)
0.1355 0.0495 0.8156 0.9766
(0.0903) (0.0216) (0.1047) (0.021)
YAHOO
0.1075 0.0539 0.8383 0.967
Il
(0.0091) (0.0029) (0.0113) (0.0028)
0.096 0.0444 0.8603 1.0969
(0.0167) (0.005) (0.0198) (0.0066)
XOM
0.1524 0.0491 0.8003 1.1407
Il
(0.0135) (0.0029) (0.0154) (0.003)

Source: own calculations.



842 Magdalena Osgiska et al.

Volume size is considered as a good proxy of information flow. However,
it is often distorted by a random noise. Analyzing the estimated ACV models,
severa observations can be ascertained. First, the conditional volume duration
is more sengitive for new information flows in the case of shares from the
MOEX market. Second, the persistence of these shares is lower than in the
case of price duration. Third, the shape coefficient is much lower for Russian
shares than for the ACD models and in the case of American shares it sup-
ports the fact that their liquidity on the market is low. In the second period,
the increasing number of transactions with the Russian shares indicates rapid
changes in trade. The American shares are highly persistent. It may be due to
a small number of individual investors or their disregard of the news. The
betas for the shares quoted on the MOEX are smaller in magnitude while the
afas are higher. Similar differences are observed for the ACD models. When
the resultsfor YNDX and CTCM are anayzed, one needs to take into account
that they join the characteristics of both the Russian and American markets.
They exhibit a small impact of new information typical for the NASDQ and
NY SE, but the level of persistenceis significantly lower.

In the last stage of the empirical analysis, the Manganelli models are esti-
mated. These models incorporate all the information that is individualy ana-
lyzed in the previous models. The model (4) is estimated in the following
form:

Y = Po + P1¥io1 + DaWeoq + P3deoy + Payiq + 5;/)

Ve = Qo+ quVe—1 + QW1 + q3de_q + QuYiq + €
Theresultsare presented in Table 9.

Table 9. Estimated Manganelli models

AFLT

Period Po D P2 Ps Pa
| 0.9278 0.8867 -0.0003 0.0812 -0.0004
(0.0122) (0.0063) (0.0005) (0.0007) (0.0015)
0.9206 0.8030 -0.0082 0.0615 0.0000

(0.0036) (0.0067) (0.0009) (0.0022) (0.0000)
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Table 9 continued

AFLT
Period Po p1 p2 P3 Pa
| 0.8963 0.751 0.0569 0.002 0.0278
(0.0041) (0.0093) (0.0003) (0.0005) (0.001)
0.7818 0.7179 0.0320 -0.0109 0.0000
! (0.004) (0.0095) (0.0026) (0.0016) (0.0000)
ROSN
Period Po P P2 Ps P4
| 0.9564 0.9662 0.0001 0.0642 0.0000
(0.0183) (0.0014) (0.0002) (0.0003) (0.0000)
0.9406 0.9482 -0.0000 0.0739 0.0002
! (0.0081) (0.0011) (0.0001) (0.0002) (0.0000)
Period (o 0] ql g2 g3 o]
0.9387 0.9114 0.0703 -0.0006 0.0000
I (0.0112) (0.0023) (0.0003) (0.0005) (0.0000)
. 0.9396 0.8914 0.0659 0.0006 0.0012
(0.0046) (0.0016) (0.0002) (0.0002) (0.0000)
RTKM
Period Po Ps P2 Ps P
| 0.9539 0.9513 0.0005 0.0864 -0.0006
(0.0297) (0.0029) (0.0004) (0.0006) (0.0007)
I 0.9524 0.9559 -0.0007 0.0632 0.0000
(0.0113) (0.0013) (0.0001) (0.0002) (0.0000)
Period q0 gl q2 g3 g4
| 0.8888 0.8799 0.0782 -0.0018 0.0283
(0.0121) (0.0045) (0.0005) (0.0007) (0.0007)
I 0.9641 0.927 0.0456 -0.0018 0.0001
(0.0081) (0.0016) (0.0002) (0.0003) (0.0000)
YNDX
Period Po p1 p2 P3 Pa
| 0.8475 0.8597 -0.0038 0.0776 0.0505
(0.0104) (0.0075) (0.0006) (0.0007) (0.0041)
I 0.9389 0.8439 -0.0008 0.0747 0.0002

(0.0064) (0.0029) (0.0006) (0.0002) (0.0000)
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Table 9 continued

AFLT
Period Po p1 P2 P3 Pa
I 1.0082 0.8499 0.0226 0.0010 -0.0189
(0.0031) (0.0078) (0.0002) (0.0002) (0.0013)
I 0.9496 0.8755 0.0514 -0.0003 0.0000
(0.0026) (0.0026) (0.0002) (0.0001) (0.0000)
CTCM
Period Po p1 P2 P3 Pa
| 0.8821 0.8347 -0.0068 0.0682 0.0612
(0.0114) (0.0081) (0.0012) (0.0009) (0.0061)
I 0.8387 0.8568 -0.0002 0.0757 0.0009
(0.0124) (0.0056) (0.0008) (0.0006) (0.0000)
Period q0 gl q2 g3 g4
| 0.9983 0.8233 0.0326 -0.0011 -0.0147
(0.0431) (0.0061) (0.0012) (0.0007) (0.0013)
I 0.9697 0.8455 0.0424 -0.0009 0.0002
(0.0127) (0.0066) (0.0008) (0.0004) (0.0000)
MCD
Period pO pl p2 p3 p4
| 0.6822 0.884 -0.0055 0.0595 0.1827
(0.0074) (0.0048) (0.0005) (0.0004) (0.0038)
1l 0.8962 0.9288 -0.0025 0.0396 0.0444
(0.0039) (0.002) (0.0002) (0.0002) (0.0008)
Period (o 0] ql g2 g3 o]
| 1.0154 0.8451 0.0262 -0.0002 -0.0287
(0.0025) (0.0055) (0.0002) (0.0001) (0.0014)
1l 0.9812 0.9025 0.0252 -0.0009 -0.0047
(0.0015) (0.0024) (0.0001) (0.0001) (0.0004)
MSFT
Period p0 pl p2 p3 p4
I 0.9283 0.9132 -0.0008 0.0526 0.0163
(0.00712) (0.0031) (0.0003) (0.0003) (0.0004)
I 1.0012 0.8621 -0.0009 0.0002 -0.0001
(0.002) (0.0021) (0.0002) (0.0001) (0.0002)
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Table 9 continued

AFLT
Period (o 0] ql g2 g3 o]
| 0.9746 0.9615 0.0246 0.001 0.001
(0.009) (0.0021) (0.0002) (0.0001) (0.0002)
I 0.9984 0.9267 0.0044 -0.0002 -0.0001
(0.0047) (0.0016) (0.0002) (0.0002) (0.0002)
YAHOO
Period pO pl p2 p3 p4
I 0.9431 0.9615 0.0011 0.0231 0.0229
(0.0274) (0.0077) (0.0007) (0.0006) (0.0039)
I 0.919 0.9615 -0.0007 0.0344 0.0346
(0.0089) (0.0019) (0.0002) (0.0002) (0.0004)
Period q0 gl q2 g3 g4
| 0.9813 0.9301 0.0301 -0.0011 -0.0052
(0.0149) (0.0103) (0.0007) (0.0005) (0.0037)
I 0.9705 0.928 0.0253 0.0013 0.0022
(0.0034) (0.0026) (0.0001) (0.0001) (0.0003)
XOM
Period pO pl p2 p3 p4
| 0.9724 0.885 0.0000 0.0292 0.0000
(0.0052) (0.0039) (0.0000) (0.0000) (0.0001)
I 0.9154 0.9546 -0.0012 0.0417 0.0322
(0.0052) (0.0012) (0.0001) (0.0001) (0.0004)
Period (o 0] ql g2 g3 o]
| 0.9768 0.899%4 0.0234 0.0000 0.0000
(0.0038) (0.0037) (0.0000) (0.0000) (0.0000)
I 0.9662 0.9159 0.03 -0.0012 0.0018
(0.0017) (0.0016) (0.0001) (0.0001) (0.0003)

Source: own calculations.

On the basis of Table 9, note that for all shares quoted on the MOEX simi-
lar relationships are observed. Particularly, it shows a positive impact from
the observed price duration on the expected price duration and a similar im-
pact for volume duration. This is typica for such type of anaysis (Doman &
Doman 2010). In both periods, volatility does not affect expected price dura-
tion. It indicates a relatively low activity of non-informed investors. It is ac-
companied by ahigh level of risk aversion for an average individua investor.
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The results of volume durations are interesting.tRe first period, a sig-
nificant impact of volatility exists, which howevdisappeared in the second
period. For the second period, the same resultsrathe price duration are
confirmed. Disappearance of the volatility in theeend period supports the
hypothesis that the Ukrainian crisis had a negaitiwpact on the Russian
stock market. The crisis weakened a small groupdi¥idual investors oper-
ating on the MOEX market. Furthermore, note theatigg impact of volume
on price duration that occurred during the Ukraingaisis. It can be consid-
ered together with the negative impact of volumetlanreturn that happens
when the investors react on bad news.

However, the impact of price duration on volumeeither negative or
none. When shares quoted on the Russian marketasnpared with the
American shares, the most significant differenceceons the impact of vola-
tility on price and volume duration. For stock cemton NASDAQ and
NYSE, this relationship is significant with a pdgét sign. In the second peri-
od, it is stronger than the first one. The reasoim¢reased investors’ uncer-
tainty and thus greater cautious in new transastimaking. The estimated
relationships between volatility and expected vautration are difficult to
interpret. However, their appearance provides sofieemation that possibly
different groups of investors have different invesnt goals and investment
horizons. The informed investors have better acteg&sformation. The oth-
ers, those who are more risky make their decisigren their beliefs about
the incoming news. They are likely to exhibit sotmehavioral heuristics.
Their decisions are finally the source of inforroatifor the other investors
that is supported by the significant impact of tititg on both price and vol-
ume duration. Negative impact from volume on theguduration indicates
that greater transactions result in occurrencestibsequent transactions with
greater frequency. Investors are encouraged to thaketransactions.

When two Russian shares quoted on the NASDAQ an&ENdre ana-
lyzed, i.e., YNDX and CTCM, similar conclusions aeached. In the second
period, one observes two important differencesstFihe impact of volatility
on price and volume duration is lower. This is duehe fact that investors
withdrew from this segment of the market becaugsdhcompanies operate
mainly in Russia. Second, is the significant, beaken relationship, between
the observed (lagged) volume and expected pricatidaras well as the ob-
served (lagged) duration and expected volume. ¢fhimbe related with the
distortion of hitherto flow of information and theay investors react. It seems
that in the decision-making process, the inveddisregard the magnitude of
transactions and their frequency. Thus, the tradthe stock market became
more chaotic and unpredictable.
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Conclusions

The paper compares two different periods — befoik ater the Ukrainian
political crisis at the beginning of 2014 from therspective of market micro-
structure. Data from the mature American and thesRun emerging stock
markets are used. The hypothesis is that the énfti'enced the fragile Rus-
sian financial market equilibrium. As markets adtpthe new equilibrium,
the paper studies the effects of the Ukrainiariscead the imposition of eco-
nomic sanctions on Russia. The paper investightesealationships between
volatility, duration, price and volume for selecjetht stock companies listed
on the United States (U.S.) and the Russian sta@okets. These markets are
the New York Stock Exchange (NYSE), tNational Association of Securi-
ties Dealers Automated Quotations System (NASDAQ@Y the Moscow
Stock Exchange (MOEX). Furthermore, the study caegpahe microstruc-
ture effects of the first phase of the Ukrainiaisisr(from February 17, 2014
until April 4, 2014) and a more neutral period bé tsame length (from Sep-
tember 1, 2013 until October 17, 2013). Varietyeobnometric models for
time series are applied. These econometric modelshee EGARCH(p,q),
ACD, ACV and Manganelli. The paper shows that th@®X has no good
transmission channel from informed investors tordst of the market. At the
same time, the results for the United States coiapashares are in line with
the expectations for mature market where largepgaf different investors
trade in the stock markets.

The paper reveals that as a result of the Ukrairi&ussian conflict the
MOEX market exhibits a significant increase in thenber of transactions,
which resulted in shorter duration and increasddme. The paper attributes
these changes to the economic sanctions whichimp@sed on Russia at the
beginning of the Ukrainian crisis. These charasties have not changed for
the U.S.

Typical intraday cyclical patterns for duration aradume are observed for
both the NYSE and the MOEX. For the MOEX markeg, thshape pattern is
flatter. The autocorrelation patterns are typical dltra-high frequency data.
In the case of the estimated ACD models for Russ@anpanies, the impact
of new information on expected duration is obserwdareas it is not con-
firmed for the U.S.

However, the companies with shares listed on thegan stock markets
are characterized by a higher persistence, typacamature markets. Lower
values of shape parameter in the Weibull distrdrufor the Russian compa-
nies are caused by larger number of non-typicatmasions resulting in low-
er market stability. Using the ACV models, the ease in the persistence
parameter for the second period is significanafbcompanies.
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The estimation of Manganelli model allows for a m@recise interpreta-
tion. It shows that the MOEX has no appropriategmaission channel from
informed investors to the rest of the market. Thidue to the lack of the im-
pact of volatility on the expected duration anddoiume and disappearing
impact of other variables during the period of tHeainian crisis.

At the same time, the results for the U.S. compmrilee reactions of the
stock markets are in line with the expectationsnfiature market where large
groups of different investors are present. Whedetraf the Russian shares
traded on the NYSE and NASDAQ has been analyzethéoyear 2013, they
are similar to the behavior of typical Americanr&sa At the beginning of the
Ukrainian crisis, the situation has changed becthesémpact of duration and
volume disappeared, which indicates that the inflofvinformation has
changed.
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