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Abstract

Resear ch background: Empirical market microstructure research has régeshiifted its focus
from the examination of liquidity of individual sedties towards analyses of the common deter-
minants and components of liquidity. The identifica of commonality in liquidity emerged as
a new and fast growing strand of the literaturdiquidity. However, the results around the world
are ambiguous and rather depend on a specific stacket.

Purpose of the article: The aim of this study is to explore intra-marketnenonality in liquidity

on the Warsaw Stock Exchange (WSE) by using daibxips of six liquidity estimates: percent-
age relative spread, percentage realized spreackmiage price impact, percentage order ratio,
modified turnover, and modified version of the Aoshmeasure. The sample covers a period
from January 2005 to December 2016. The databageine the group of eighty-six WSE-listed
companies.

Methods: The research hypothesis that there is commonalitiyquidity on the Polish stock
market is tested. The OLS with the HAC covariancarix estimation and the GARCH-type
models are employed to infer the patterns of lipido-movements on the WSE. Moreover,
because the sample period is quite long, the #tabil the empirical results by time period is
examined. Seven 6-year time windows are utilizethénstudy.

Findings & Value added: The regression results reveal weak evidence of @zements in
liquidity on the WSE, regardless of the choicelaf liquidity proxy. Furthermore, the robustness
tests based on the time rolling-window approachndb unambiguously support the research
hypothesis that there is commonality in liquidity the Polish stock market. To the best of the
author’s knowledge, the empirical findings presdrtere are novel and have not been reported in
the literature thus far.
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I ntroduction

Empirical market microstructure research has régestifted its focus
from the examination of liquidity of individual sadties towards analyses
of the common determinants and components of lityuidhe first empiri-
cal study of commonality in liquidity was conductégt Chordiaet al.
(2000). Using transactions data for the NYSE duritP2 and five
measures of liquidity, the authors regressed iddai stock daily percent-
age changes in liquidity on market and industryitity. Their results re-
vealed that firm-level liquidity was significantigfluenced by both a mar-
ket and an industry-wide liquidity component.

Commonality in liquidity means that financial as$iguidity changes
over time, and that these time variations are adtleartly determined by
a significant common component in the liquidity @ss assets. This phe-
nomenon indicates that individual firm liquidity $®nsitive to changes in
aggregate liquidity. According to the literaturssessing commonality in
liquidity is crucial for a number of reasons. Tleddwing topics are espe-
cially frequently explored and documented: thetreteship between share-
holders’ structure and individual firm liquidityhe consideration of com-
monality in liquidity in non-classical asset prigimodels, the influence of
commonality in liquidity on investment strategidse importance of com-
monality in liquidity to central bankers and redala, etc. Empirical evi-
dence of common liquidity movements would assigul&ors in improv-
ing market design (Narayaet al, 2015). Moreover, the existence of com-
monality in liquidity has important implications rf@asset pricing since it
could represent a source of non-diversifiable (@krys, 2014).

However, the empirical findings concerning commdawpaih liquidity
around the world are ambiguous and rather deperadspecific stock mar-
ket. Therefore, the aim of this paper is to invgte intra-market common-
ality in liquidity on the Warsaw Stock Exchange (BjSTo the best of the
author’s knowledge, the results on the WSE predenhése are novel and
have not been reported in the literature thus far.

We use six liquidity estimates for eighty-six WSBeed companies in
the period from January 2005 to December 2016. & higsidity measures
are: (1) percentage relative spread, (2) percenegeed spread, (3) per-
centage price impact, (4) percentage order rafip,tffe modified daily
turnover, and (6) the modified version of daily Awud (2002) illiquidity
measure. Four liquidity proxies (i.e. percentadatinee spread, percentage
realized spread, percentage price impact, and mp&ge order ratio) are
approximated using high frequency intraday datanded to the nearest
second. As the raw data set does not identifydetdirection on the WSE,
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the Lee and Ready (1991) algorithm for classifaratof the initiator of
atrade is employed to distinguish between so-atleyer- and seller-
initiated trades. This information is essential éatculating the following
liquidity proxies: percentage realized spread, @etage price impact, and
percentage order ratio (OIBr& Mursztyn, 2017). Furthermore, we use
two liquidity measures that are approximated basetbw frequency (dai-
ly) data. These proxies are: the modified dailyntwer and the modified
version of daily Amihud (2002) measure. All liquidilliquidity proxy
time series utilized in this study have been pnasiyp assessed on the ac-
count of their various statistical properties aséfulness for commonality
in liquidity investigation on the WSE (Olbrys & Martyn, 2018b).

This study tests the hypothesis that there is camatity in liquidity on
the Polish stock market. In general, we utilize isgearch design of Chor-
dia et al. (2000). However, we employ not only the linearresgion with
the HAC covariance matrix estimation (Newey & Wd$87), but also the
GARCH-type models (if necessary) to infer the pageof commonality in
liquidity on the Polish stock market. Moreover, dese the sample period
is quite long (12 years), robustness analyses basdtie 6-year rolling-
window approach are provided.

The regression results reveal rather weak evidehce-movements in
liquidity on the WSE, regardless of the choicelad tiquidity proxy. Fur-
thermore, the empirical findings are robust toc¢heice of the 6-year time
window. Therefore, no reason has been found to bitarausly support
the hypothesis that there is commonality in ligyidin the WSE.

The remainder of the study is organized as folld®ection 2 contains
a brief literature review regarding probable sosyrdmplications, and em-
pirical findings of liquidity co-movements arourttetworld. Sections 3 and
4 present liquidity proxies used in the researddctiBn 5 describes the
methodological background of assessing commonalitiguidity. Section
6 contains the empirical results for the WSE, ab agethe robustness tests
based on the time rolling-window approach. Seciatiscusses the nature
and behavior of liquidity on the WSE. The last gettsummarizes the
main results with conclusions and indicates furttieections of the re-
search.

Literaturereview
The literature concerning liquidity and commonalityliquidity is too vast

to give a full citation list. As mentioned in Inthaction, the existence of co-
movements in liquidity suggests that there existeast one common fac-
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tor that simultaneously influences liquidity of atbcks in a market. From
an investors’ point of view, the main question isether they have to take
liquidity risk into consideration in their finantidecisions.

Therefore, there are some important aspects wiistifyj tackling the
problems presented in the paper. Firstly, we knefatively little about the
fundamental sources that drive commonality in liifyi and there is no
unanimity in the literature regarding the causeshtd phenomenon. For
example, Karolyiet al. (2012) point out that one can distinguish between
supply- and demand-side explanations for commanaiitliquidity. The
authors stress that some empirical studies havedfeupport for supply-
side sources of commonality in liquidity relatedthbe funding constraints
of financial intermediaries (Coughenour & Saad, £0Blameedet al,
2010). Other studies have explored demand-sidecesudriven by corre-
lated trading activity (Chordiat al, 2000; Hasbrouck & Seppi, 2001), the
level of institutional ownership (Kamaet al., 2008), and investor senti-
ment (Huberman & Halka, 2001).

Furthermore, findings on commonality in liquiditgve raised a new is-
sue of whether shocks in liquidity constitute arseuof non-diversifiable
risk. This is important because even if liquidiffeats the risk of an asset,
it should not be a priced risk factor if it is idincratic and can be diversi-
fied away at the portfolio level. The literatureshaovided both theoretical
and empirical evidence on the pricing of liquidritgk, but the results are
ambiguous and rather depend on an individual stagiket (e.g. Pastor &
Stambaugh, 2003; Acharya & Pedersen, 2005; Bekekeral.,, 2007,
Korajczyk & Sadka, 2008; Martine#t al, 2005; Sadka, 2006; Watanabe &
Watanabe, 2008; Lee, 2011; Olbr2014; Foraret al.,2015; Ho & Chang,
2015; Steréczak, 2019).

Beginning with Chordiaet al. (2000), the identification of commonality
in liquidity emerged as a new and fast growingretraf the literature on
liquidity. Among others, Hasbrouck and Seppi (20®H)berman and Hal-
ka (2001), Korajczyk and Sadka (2008), Kameraal. (2008), and Kang
and Zhang (2013) examined and documented commaordaia liquidity,
looking at the NYSE stocks. However, the resultsenaambiguous. While
Hasbrouck and Seppi (2001) found strong evidencedmmon factors in
order flows and stock returns but weaker evidewmcecommonality in li-
quidity proxies, Huberman and Halka (2001) obtaieeidlence suggesting
the existence of a systematic liquidity componéfdre recent studies of
commonality in the U.S. markets confirmed earli@sults. In fact,
Korajczyk and Sadka (2008) and Kamataal. (2008) found evidence of
commonality on the U.S. stock markets. Kang anchgh@013) examined
the existence of limit order book commonality o tNYSE, and they
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showed that inside liquidity provided by the liroitder book exhibits much
stronger commonality than outside liquidity.

There are also some empirical studies on commgnialitiquidity for
other individual equity markets in the world. Amoaiers, Brockman and
Chung (2002; 2006), Fabre and Frino (2004), Kenmaf lslayston (2008),
Pukthuanthong-Le and Visaltanachoti (2009), Faatead. (2015), Narayan
et al. (2015), and Miralles Marcelet al. (2015) investigated the Stock
Exchange of Hong Kong (SEHK), the Australian Stécichange (ASX),
the Frankfurt Stock Exchange (FSE), the Stock Emgbain Thailand
(SET), the London Stock Exchange (LSE), the Chirstaek exchanges (in
Shanghai and Shenzhen), and the Euronext Lisbak &xchange, respec-
tively. It is pertinent to note that the empirigalsults on different stock
markets in the world are ambiguous. For examplerd-and Frino (2004)
found no evidence to support commonality in ligtyidin the ASX. On the
other hand, Brockman and Chung (2002) reportedetigtence of com-
monality in liquidity on the SEHK. According to thigerature, the incon-
sistent evidence of commonality in liquidity on tA&X and the SEHK
might be attributed to the differences in markedigies.

Moreover, some studies concern commonality in diguifor the group
of equity markets. Brockmagt al. (2009) applied methodology of Chordia
et al. (2000) to 47 stock exchanges. They documentegehesive role of
commonality in liquidity within individual exchangeKarolyiet al. (2012)
investigated cross-country commonality in liquiditgsed on daily data for
individual stocks from 40 developed and emergingntoes. Bai and Qin
(2015) analyzed commonality in liquidity on 18 egiag markets. The
authors pointed out that liquidity co-movementsoasremerging markets
has a strong geographic component. The aforememtitimree papers in-
clude Poland as one of emerging markets.

Measuring liquidity from high frequency intraday data

According to the literature, a quite extensive agslke on direct measure-
ment of liquidity based on high frequency intradiaya has been provided.
Specifically, the literature indicates that diffeteversions of a bid/ask
spread are proper proxies for stock illiquidity dese they estimate the cost
of immediate execution of a trade. For example, ghecentage relative
spread (sometimes referred to as inside bid/askadpor as proportional
guoted spread) is commonly used as a measureoftk diquidity (see e.g.
Olbrys & Mursztyn, 2018a; 2018b and the referenbesein).
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The bid/ask spread can be decomposed into perménéimational)
and transitory (immediacy-related) components (elns1987). Realized
spread is a temporary component of the effectiveash which is described
as the amount earned by a dealer or other sumgliermediacy (Huang &
Stoll, 1996). Realized spread is sometimes refetveds a price reversal
component, since a dealer takes profit only if gonieverses. A proxy for
price impact measures the sensitivity of a stogkise to trades (Stoll,
2000), and most of researchers calculate pricegtngsing intraday trans-
action data (see e.g. (Fomgal, 2017) and the references therein). Kyle
(1985) introduces a theoretical model for such asuee based on the ad-
verse information provided by a trade. Price impzetld be defined as an
increase (decrease) in the quote midpoint ovema tnterval beginning at
the time of the buyer- (seller-) initiated tradéhisTis a permanent price
change of a given transaction, or equivalentlyearanent component of
the effective spread. Moreover, order imbalance drasial influence on
stock liquidity. Therefore, order imbalance indaat could be utilized
among other liquidity and trading activity measui@spproximate liquidi-
ty. The literature proposes various alternativexjg® for order imbalance
(see e.g. Chan & Fong, 2000; Choréiaal, 2002; Olbrys & Mursztyn,
2017; 2018a; Nowak, 2017).

In this study, four alternative estimates of ligtydlliquidity derived
from intraday data are utilized: (1) percentagatiet spread, (2) percent-
age realized spread, (3) percentage proxy for pmigact, and (4) the per-
centage order ratio as an indicator of order imimda To justify the
measures selection for the WSE, it should be sideigat Olbrys and Mur-
sztyn (2018a) propose five liquidity proxies indhugl percentage effective
spread, but their empirical findings unveil thailyaalues of percentage
effective spread and percentage relative spreadlau@st the same for data
from the WSE. Furthermore, percentage effectiveagpris factored into
our research by its two components that complema&cit other: percentage
realized spread and percentage price impact. Aahdiliy, Olbrys (2018a)
tests stability of correlations between four ligtyigproxies (excluding per-
centage effective spread) and her results confinat, four liquidity esti-
mates seem to capture various sources of markadilig on the WSE.

Percentage relative spread
The database contains high frequency data rourmléket nearest se-

cond, i.e. opening, high, low and closing prices,well as volume for
a security over one unit of time.
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The percentage relative spread value is given byHQg

100 - (P — P)
%RS, = T pma 1)

wherePH, P} are the highest and lowest prices at ttnrespectively, while
the midpoint priceP/"¢ at timet is given by the following Eq. (2):

P + Pt

! @

mid _
PM™Me =

The midpoint price?™¢ at timet is calculated as an arithmetic mean of
the best ask pricB;(a) and the best bid price (b) at timet. Considering
that the bid and ask prices are not made publitherWWSE, the midpoint
price at timet is rounded by an arithmetic mean of the lowesteaPfc and
the highest pric@/ at timet, which approximate the best ask price and the
best bid price, respectively (Olrg Mursztyn, 2015).

Percentage relative spread (1) is in fact a meadutkquidity. A high
value of percentage relative spread denotes lowidity. Conversely,

a small value of this estimates denotes high ligui#RS at time is equal

to zero whenP! = PL. The value of daily percentage relative spread is
calculated as a volume-weighted average of pergentalative spreads
computed over all the trades within a d®jbrys & Mursztyn, 2018b).

Three liquidity proxies supported by a trade sitsssification algorithm

To compute some liquidity proxies using intradayadét is crucial to
recognize the side that initiates a transactiontardistinguish between so-
called buyer- and seller-initiated trades. The Vi&S&n order-driven market
with an electronic order book. However, informaticoncerning the best
bid and ask price is not publicly available. Asangequence, researchers
should rely on indirect classification rules todnthe initiator of a trade.
Various classification procedures of this type described in the literature,
but the Lee and Ready (1991) algorithm (LR) rem#s@smost frequently
used. For a brief literature review concerning érathssification rules see
e.g. (Olbrg & Mursztyn, 2015; 2018c).
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The LR algorithm operates in three steps (Theis2@dl):

1. Transactions that occur at prices higher (lowesiptthe quote midpoint
are classified as buyer-initiated (seller-initigteddes

2. Transactions that occur at a price that equalgjtiote midpoint but is
higher (lower) than the previous transaction peace classified as being
buyer-initiated (seller-initiated)

3. Transactions that occur at a price that equals thethquote midpoint
and the previous transaction price but is highawér) than the last dif-
ferent transaction price are classified as beingebinitiated (seller-
initiated).

Moreover, the opening trade is treated as beind¢pasified. In this re-
search, the LR algorithm is utilized as Olbrys &marsztyn (2015; 2017;
2018c) confirm that this procedure performs quitdlvior data from the
WSE. The empirical findings turn out to be robusttte choice of the sam-
ple and do not depend on firm’s size.

In this paper, three alternative proxies of ligtyililiquidity derived
from intraday data and supported by a trade sidssification algorithm,
are used: (1) percentage realized spread, (2) mege price impact, and
(3) the percentage order ratio as an indicatorrdémimbalance. Both the
realized spread and price impact estimates areidayed as the compo-
nents of the effective spread, and they are cordpoter a time interval
beginning at the moment of the buyer- or selleiated transaction. For
example, Goyenket al. (2009) and Fongt al. (2017) utilize a five-minute
interval and the subscript5 defines trade five minutes after trade at time
t. Theissen (2001) proposes a more general appesatkhe subscrigtz.

In this study, the subscript5 indicates the fifth trade after thiéh trade

(Olbrys & Mursztyn, 2017; 2018b).

1. Percentage realized spread

Percentage realized spremda temporary component of the effective
spread and is given by Eq. (3):

Py

{200 . lnP ,when trade t is classified as buyer — initiated
%RealS, = PHS ., (3)
200-In ;rs ,when trade t is classified as seller — initiated
t

where the transaction pridg at timet is approximated by the closing
price. The priceP;, s is the closing price of the fifth trade after teaid
%RealS at momerttis equal to zero wheh, = P;,-. The value of daily
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percentage realized spread is computed as a vohgigted average of
percentage realized spreads calculated over attades within a day. The
value of daily percentage realized spread is ddfitmebe equal to zero
when all of the transactions within a day are wsifeed (Olbrys & Mur-
sztyn, 2018b).

2. Percentage price impact

Percentage price impafticuses on the change in the quote midpoint af-
ter a signed trade and is defined by Eq. (4):

mid
(200 -In Ptn:isd ,when trade t is classified as buyer — initiated
_ t
%Pl = pmid ’ (4)
kZOO . lnﬁ, when trade t is classified as seller — initiated
t+5

where the midpoint price™¢ at timet is given by Eq. (2), while™¥ is
the quote midpoint of the fifth trade after traddPrice impact could be
described as the increase (decrease) in the midpegn a five trade inter-
val beginning at the time of a buyer- (seller-}Yiated transaction. %Pl at
timet is equal to zero wheR™¢ = P The proxy for daily percentage
price impact is computed as a volume-weighted @eod the estimates of
percentage price impact calculated over all thdesawithin a day. The
value of daily percentage price impact is definede¢ equal to zero when
all of the transactions within a day are unclasdifOlbrys & Mursztyn,
2018b).

3. Percentage order ratio

Percentage order ratie utilized as an indicator of imbalance in daily
orders and is given by Eq. (5):

|7, VBuy, — ¥¥_, VSell;|
Y= Va '

()

%OR = 100 -

where the sumgL2, VBuy; , 4., VSell; , ¥, V;, denote the daily cumula-
tive volume of trading related to transactions siféed as buyer- or seller-
initiated trades, and daily cumulative volume aiding for all transactions,
respectively. This indicator captures imbalancéhim market since it rises
as the difference in the numerator grows. A highueaf the order ratio
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denotes low liquidity. Conversely, a small valuetlod order ratio denotes
high liquidity. The %OR indicator is equal to zexnen the numerator is
equal to zero. This happens when the daily cunugatolumes of trading
related to transactions classified as buyer- adi@raritiated trades, re-
spectively, are equal. The value of daily ordeioret defined to be equal to
zero in the following two cases: (1) when all oé tiransactions within
a day are unclassified, or (2) when the total vawhdaily trading, in the
denominator, is equal to zero (Olbrys & Murszty@12b).

Measuring liquidity from low frequency daily data

Direct measurement of liquidity is difficult andesvimpossible as intraday
data are not freely available in the case of mastrging stock markets.
A lack of access to high frequency data for emeygitarkets in general is
a fact that is widely known and reported in therlture (e.g. Lesmond,
2005; Bekaer¢t al., 2007).

Given the uncertainty concerning liquidity estimati some measures
are especially often advocated in the literaturpravide empirical study in
liquidity/illiquidity effects in low frequency datal he popular measures of
daily trading activity, i.e. volume, dollar tradinglume, and share or mar-
ket turnover are among them. Raw trading volunthésnumber of shares
traded. The stock turnover is defined as the ratithe number of shares
traded in a day to the number of shares outstaratitige end of the day. It
is worthwhile to note that using turnover disentaadhe effect of a firm’'s
size from trading volume (Nowak & Olkiy2015). The market turnover is
the ratio of the shares traded to market capitatiza

In this paper, two proxies of liquidity/illiquiditderived from daily data
are calculated: (1) modified daily turnover and if@)dified version of the
Amihud (2002) illiquidity proxy.

Modified daily turnover

A modified version of daily turnoveT; 4, as a measure of liquidity
for stocki on dayd, is defined by Eq. (6):

Lcl k
= 6
MT; 4 = log[1+NSOLd] Zlog[ NSO, k] (6)
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whereV; 4 is the trading volume of stodkon dayd, and NSO; 4 is the
number of shares outstanding of stoan dayd. Our method is based on
Karolyi et al. (2012), but we use the number of shares outstgratirihe
beginning of the quarter for stoclon dayd in equation (6), while Karolyi
et al. use the number of shares outstanding at the begihthe year. We
calculate turnover in logs and de-trend the rasyl8eries with a 30-day
moving average to account for non-stationarity. Theving average is
computed for the available data over the past &firtg days. The empiri-
cal findings presented by Nowak and OK(2015) unveil various day-of-
the-week patterns in liquidity on the WSE. Therefat is important to note
that using the modified version of daily turnovéy disentangles these day-
of-the-week effects from daily turnové®lbrys & Mursztyn, 2018b).

Modified version of the Amihud illiquidity proxy

A modified version of the Amihud (2002) liquiditifiquidity proxy,
MAmih, 4, is defined by Eq. (7):

|1i.al
: l 1+—/—|,whenV; 0
MAmih, 4 = { 09( + Vi,d> whenV;q # ’ (7)
0,whenV;;, =0

wherer; 4 is the simple rate of return of stoclon dayd, andV;, is the
trading volume of stockon dayd. We follow Karolyiet al. (2012), but our
method is slightly different, because the auth@s return and volume in
local currency, and finally multiply the result mggative one to obtain
a variable that is increasing alongside with ligyidf individual stocks.

According to Eq. (7), the value of daily Amihud reeaee is defined to
be equal to zero when the total volume of dailgitrg, in the denominator,
is equal to zero. To avoid numerical problems,daiy values of the esti-
mator (7) are rescaled by multiplying by?1 the literature, the Amihud
measure is usually estimated monthly or for otlergols (e.g. Goyenket
al., 2009; Olbrg¢, 2014; Vidovt et al., 2014; Foraret al., 2015; Fonggt
al., 2017; Bdowska-Séjka, 2018). In this paper, we calculaity dalues
of the Amihud proxy (Olbrg, 2018b).

Resear ch methodology

To assess commonality in liquidity, the classicalrket model of liquidity,
or the market and industry model of liquidity irdueced by Chordiat al.
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(2000) have been most frequently used. Moreoveiws modifications of
the models proposed by Chordaital. (2000) have been presented in the
literature (e.g. Coughenour & Saad, 2004; BrockmdarChung, 2006;
Kempf & Mayston, 2008; Brockmaet al, 2009; Pukthuanthong-Le &
Visaltanachoti, 2009; Kang & Zhang, 2013; Fortnal., 2015; Miralles
Marceloet al.,2015; Bai & Qin, 2015).

In this study, we follow Olbrg/ (2018b) and employ the modified ver-
sion of classical market model of liquidity of CH@ et al. (2000), includ-
ing the Dimson’s (1979) correction for daily daiy( (8)):

DLy = a; + ﬁi,—1 "DLy 1 + ﬁi,o *DLy; + :31',+1 *DLy 41 + €t (8)

whereDL;, for stocki is the changén liquidity variableL from trading

dayt-1tot,i.e. DL, = Lt;ﬁ According to the Dimson’s procedure, the
t—1

DLy ¢t—1, DLy, andDLy ¢y, are the lagged, contemporaneous (concur-
rent), and leading changes in a cross-sectionabgeeof the liquidity vari-
ableL, respectively. The Dimson’s correction enablesouaccommodate
the problem of nonsynchronous trading effects (Gzefiet al.,1997).

It is important that in computing the ‘market’ ligity proxy L,,, stock
i is excluded and the measukg is calculated as the equally-weighted
average liquidity for the rest of stocks in the planhence the explanatory
variables in model (8) are slightly different foaah stock’s time series
regression. Chordiet al. (2000) point out that changes are examined rather
than levels because the interest is fundamentallgiscovering whether
liquidity moves. Based on model (8), positive atatistically significant
slope coefficients are especially desired, as thdicate intra-market co-
movements in liquidity and therefore confirm commlity in liquidity. In
other words, they inform about liquidity co-movertseim the same direc-
tion. A positive and significant coefficient wouhdean that exchange-level
liquidity changes exert a substantial influenceadirm’s liquidity (Brock-
manet al,, 2009).

For each stock, the model (8) is initially estintat®y using the linear
regression and the robust HAC estimates. Howetier Newey and West
(1987) method may not fully correct for the infleenproblems caused by
the ARCH effect. Therefore, the estimation of thedel (8) as a GARCH-
type model is well-founded. To assess for the AR€Iféct, the test of
Engle (1982) with the Lagrange Multiplier (LM) ssdic is used. In this
research, the GARCH(p, q) model is utilized. Act@ogdto the literature,
the lower order GARCH(p, gp, g= 1, 2, models are employed in most
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applications (Tsay, 2010). The GARCH(p, q) mode¢swsually compared
and selected by the Akaike (AIC) and Schwarz ($€)rimation criteria.
The GARCH(p, q) model is given by Eq. (9):

DLiy = a;+ Bi—1 " DLy -1+ Bio " DLyt + Biv1 " DLuesr + €t

it = Zjt }hi,t' Zi,t"’N(O'l)'
a » 9
h=ap+ Z Qi €feoy + Z by i,
k=1 =1

where Qo >0, a;k =>0k=1, . q,q > 0, bi,l =>0,1= - Dpp = 0.
Moreover,g; . is the innovation in a linear regression witte) = o2, h;,
is the variance function, and remaining notatis&e In Eq. (8). The param-
eters of GARCH(p, q) models are almost invarialdjineated via Maxi-
mum Likelihood (ML) or Quasi-Maximum Likelihood (QM (Bollerslev
& Wooldridge, 1992) methods, which bring up the jeab of a suitable
choice for the conditional distribution of innovati Hamilton (2008)
stresses that even if the researcher’s primaryestas in estimating the
conditional mean, having a correct descriptionhaf tonditional variance
can still be quite important, because more efficestimates of the condi-
tional mean can be obtained in this case.

Results
Data description and results of commonality in idity on the WSE

In this research, two data samples are used (Oridursztyn, 2018b).
The first sample contains daily data (availablevatw.bossa.pl) for the
group of eighty-six WSE-traded companies, in thegoefrom January 2,
2005 to December 30, 2016 (3005 trading days). diteeterly number of
shares outstanding of each stock is available atNvankier.pl.

The second sample consists of high-frequency dataded to the near-
est second from the WSE (available at www.bossé#&opljhe same group
of companies. The dataset contains the opening, lkiw and closing pric-
es, and volume for a security over one unit of tiftee whole sample co-
vers the same period from January 2, 2005 to Deee®®, 2016. In the
database, only the securities that were tradechenASE for the whole
sample period since December 31, 2004 and weresusyended, were
included. The 138 WSE companies met these basiditamms, and they
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were initially selected. However, Nowak and Ok(2016) document that
a large number of the WSE-listed companies unvedubstantial non-
trading problem. To mitigate this problem, we exied the stocks that
exhibited extraordinarily many non-traded days migirihe whole sample
period, precisely, above 300 zeros in daily volumleich constituted about
10% of all 3005 trading days. In this way, 104 camips were included in
the database. In the next step, we excluded stbeksvere suspended or
removed from the WSE in 2017. Moreover, we perakitree problem of
inconsistency between both intraday and daily data. We observed vari-
ous gaps in data for some companies and hencecigeddo exclude them
from our database. Finally, 86 firms were entergd the database.

The foundation of time series analysis is statibp#fsay, 2010, p. 30).
Therefore, we detected with the ADF-GLS test (Hilebal., 1996) or ADF
test (Dickey & Fuller, 1981) whether the analyzealydtime series are
stationary. Using daily data, we utilize a maximiag equal to five and
then remove lags until the last one is statistjcalignificant (Adkins,
2014). The critical values of the ADF-GLS or ADRFstatistics for the re-
jection of the null hypothesis of a unit root amegented in Elliotet al.
(1996), Cook and Manning (2004), MacKinnon (20M% proved that the
unit-root hypothesis can be rejected at the 5 pat significance level for
all-time series utilized in the study.

In order to reduce the effects of possibly spurioutliers, we ‘winso-
rized’ the data by using the 1st and 99th peratibr each time series
(e.g. Korajczyk & Sadka, 2008; Kamaatzal ., 2008).

In the next step, we employed the linear regressitimthe HAC covar-
iance matrix estimator to calculate the paramaittee model (8). In total,
516 models were estimated. For each stock, dadipgrtional changes in
individual stock liquidity variables were regressiedtime-series on the
changes of an equally weighted cross-sectionalageeof the liquidity
variable for all stocks in the sample, excluding ttlependent variable
stock. In the case of 93 models (comprising 18 rwofde %RS, 22 models
for %RealS, 21 models for %PI, 4 models for %OR)@&lels for MT, and
20 models for MAmih measure), the ARCH effect inideials was detect-
ed. Therefore, for those 93 companies and liquiglibxies the GARCH(p,
a),p, q=1, 2, models were estimated. The number ofggagsvas selected
on the basis of the Akaike (AIC) and Schwarz (S@primation criterid.

! Due to the space restriction, details are availalplon a request, because the number of
time series is large, i.e. there a@32 = 6 - 86 + 6 - 86 daily time series in total.

2 The SUR (Seemingly Unrelated Regression) methamhgsed by Zellner (1962), has
also been applied, because it seemed to be appm@dar our panel data. The Breusch-
Pagan (1980) Lagrange Multiplier statistic has besed to test for the existence of contem-
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The summarized cross-sectional estimation restiisoalels (8) — (9) are
presented in Table 1. This table contains the ptimpoof positive, positive
significant, negative, and negative significantfioents.

The overall cross-sectional findings presented abl@ 1 need com-
ments. There is some evidence of intra-market ceements in liquidity,
but it is definitely less significant and less sive than that presented by
Chordiaet al. (2000) in their seminal paper. Our results areenasimilar to
those reported by Fabre and Frino (2004) for thetralian Stock Ex-
change, which is a pure order-driven market lilee\WASE. The regressions
provide weak evidence of commonality in liquidity the WSE, regardless
of the choice of the liquidity measure, becausetipesand statistically
significant coefficients are scarce. For examie, fositive and statistical-
ly significant concurrent coefficients constituteayo 13.95%, 8.14%,
3.49%, 6.98%, 8.14%, and 8.14% of all concurreeffadents for D%RS,
D%RealS, D%PI, D%OR, DMT, and DMAmih models, respety. The
results for different liquidity proxies are slightiiiverse, but they are quan-
titatively similar.

Robustness analyses

The stability of the empirical results by time periis examined. The
whole sample period is quite long (12 years), tloeeerobustness tests
based on the 6-year rolling-window approach areigeal. We utilize sev-
en 6-year time windows: (1) Window 1 (5.01.20054212010), (2) Win-
dow 2 (2.01.2006-30.12.2011), (3) Window 3 (2.0072€28.12.2012), (4)
Window 4 (2.01.2008-30.12.2013), (5) Window 5 (52009-30.12.2014),
(6) Window 6 (4.01.2010-30.12.2015), and (7) Wind@w(3.01.2011—-
29.12.2016). We estimate the parameters of the n{8yidor each stock
and liquidity proxy, within each window. A large mber of models
(3612 = 7-516) has been investigated. Summarized time rollingeaiv
results are presented in Table 2.

The summarized results of rolling-window analysgsorted in Table 2
reveal that positive and statistically significarttefficients appear rarely,
regardless of the choice of the liquidity estimati@reover, the number of
positive and negative statistically significant ffimgents is similar for al-
most all liquidity proxies, except for the modifidsnihud measure. In the
case of the MAmih estimate (Eq. 7), the proportbmegative and statisti-

poraneous correlation among the cross-sectiondk.ukiowever, statistical evidence to
reject the null hypothesis of no contemporaneouretation have been found only for four
liquidity proxies, lending support to the use oét8UR model only in these four cases.
Estimation details are not presented in the pdpgrare available upon a request.
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cally significant coefficients for each window igem greater than the pro-
portion of positive and statistically significandefficients. This evidence
informs about liquidity movement in the oppositeedtion, but it does not
concern the whole sample period (see Table 1).umopinion, this phe-
nomenon observed for the MAmih estimate could h@agmed by its rela-
tively high sensitivity to nonsynchronous tradirfieets (see the next sec-
tion), as this measure is calculated based on daityof return.

To sum up, the stability tests based on the 6-yeling-window ap-
proach do not unambiguously support the researpbthgsis that there is
commonality in liquidity on the Polish stock market

Discussion

The Warsaw Stock Exchange is large compared totiher Central and
Eastern European stock exchanges. For comparistime and of 2016 the
total number of listed stocks was equal to: 881 r&afa), 23 (Prague), 41
(Budapest), 71 (Bratislava), 37 (Ljubljana), 34I@is), 17 (Tallinn), and
32 (Riga) (Olbry, 2018b). One could expect that the WSE is a liouid-
ket. Unfortunately, a large number of the WSE-ttchdempanies reveal
a substantial non-trading problem, which meansh ¢d transactions over
a particular period when the stock exchange is dpeirading. This phe-
nomenon may be considered as a special case abttsynchronous trad-
ing effect. Nowak and Olbgy(2016) documented that the average amount
of non-traded days is not significantly larger $onaller firms, so the non-
trading problem does not depend on a firm’'s size fion-trading effect is
usually placed in a broad class of market frictidnghe literature, frictions
are understood as various disturbances in tradingepses, and they have
some important theoretical and empirical implicasioAmong others, the
presence of frictions causes market illiquidityd dherefore it plays a sig-
nificant role in asset pricing on the WSE (e.g. i§db 2014; Stergczak,
2019). Moreover, it is well known fact that the Aoading effect induces
potentially serious biases in various statisticalasures of asset returns
(see e.g. (Nowak & Olbgy 2016) and the references therein). Another
strand of the literature concerns price jumps, Wimay be treated as mar-
ket frictions. Rdowska-Sojka (2016) analyzed the behavior of liyid
measures around the time of price jumps on the VBBE.documented that
jumps are accompanied by abnormally high incre@sesome liquidity
proxies, hence jumps occur together with the sakistdiquidity pressure.
Aforementioned reasons help us to understand thathar weak evidence
of commonality in liquidity on the WSE is not vesyrprising.
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Conclusions

Commonality in liquidity is nowadays the centeratention of many em-
pirical studies. Therefore, the main goal of thaspgr was to explore and
document commonality in liquidity patterns on thé&SEY/ using six alterna-
tive liquidity proxies based on intraday or dailgta for a broad sample of
stocks. To address this issue, the OLS-HAC estimadind the GARCH-
type models have been employed. The research basled evidence for
statistically insignificant intra-market co-movent®in liquidity, regardless
of the choice of the liquidity measure. Therefare, reason has been found
to support commonality in liquidity on the WSE,.ilguidity rather does
not co-move on the Polish stock exchange. As waeldanticipated, the
empirical results are consistent with the existitgrature concerning the
Polish stock market. For examplegd®dwska-Sojka (2019) employed dif-
ferent liquidity measures, but she also found tmehmonality in liquidity
on the WSE is weak and robust to the choice ofdiguproxy. Moreover,
it is important that these findings are in accomawith the investor’s intu-
ition because, as mentioned in the previous secéidarge number of the
WSE-traded companies reveal a substantial nonAggatioblem.

On the contrary, the evidence of no commonalitljguidity is rather in
contrast to previous studies for the U.S. develapadket. However, apart
from a market size, the WSE is a pure order-dristtk market with an
electronic order book, and it differs from the NY&&d the NASDAQ. The
U.S. stock exchanges are hybrid markets. Theretbeegempirical results
obtained for the U.S. stock market are not compartbthe Polish stock
market in many aspects. In general, the probaljdapation of discrepan-
cies in liquidity/illiquidity between markets isahstock market structure
and trading mechanisms may affect the level ofidiity

Given the importance of the topic, one of possibitections for further
investigation could be to identify the componenitsiquidity on the WSE
by using methods based on the principal compongpitoach. The PCA
method has been applied by Hasbrouck and Seppl)20@ Chen (2005)
among others. The authors employed principal compbmnalysis for
constructing factors to maximize explanatory powihin a set of related
variables. The main goal was to extract a commaincgoof liquidity varia-
tion. The APC procedure has been used e.g. by &yajand Sadka
(2008), and Foraast al. (2015). In this procedure, the asymptotic principa
component analysis is utilized to capture systemagdriations or common-
ality in liquidity across stocks. To the best oé thuthor’'s knowledge, no
such research has been so far undertaken for ttsd Btock market.
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Table 2. The rolling-window results of testing for marketd@ commonality in
liquidity on the Warsaw Stock Exchange

The proportion of positive /negative and statistically significant slope coefficients
(the total number of estimated modelsisequal to 86 for each window)

Coefficient Window Window Window Window Window Window Window
1 2 3 4 5 6 7
DY%RS
C"”’f“”em 12/6 10/4 5/4 8/6 6/4 5/4 712
i,0
Lag B, 7/6 9/9 6/10 3/9 3/6 3/8 414
Leadf, ., o7 5/5 413 a3 6/6 6/2 413
D%RealS
Con’fu”em 415 10/4 7/6 /8 7/6 5/5 415
i,0
Lag B, 71 5/0 7/4 5/6 7/5 5/7 an
Leadg, ., 6/4 417 4/8 419 5/9 217 2/8
DY%PI
C°”;“"e”t 7/6 7/10 7/6 5/3 7/6 6/8 4/8
i,0
Lagf;_. 5/7 5/5 5/7 3/6 37 2/9 2/8
Leadg, 306 5/4 43 5/2 6/5 5/4 6/1
D%OR
CO”BC“”em 1172 8/2 6/1 33 414 415 21
i,0
Lag B, 23 414 6/4 5/4 416 415 416
Leadp, ,, 5/5 6/6 3/5 5/7 4/5 416 202
DMT
Cor‘[:,’“"e”t 3/5 4/6 717 5/2 6/5 7/3 5/3
i,0
Lagf;_. 414 4/5 6/7 8/6 8/1 an 713
Leadg, 2/5 306 4/8 214 32 211 214
DMAmih
C°”;“"e”t 418 7 0/6 3/5 2/8 313 013
i,0
Lag B, 3114 2/8 214 1/9 18 1/9 1/9
Leadg, 3/16 1/16 0/20 0/20 0/18 011 08

Notes: Notation like in Table 1. Window 1: 5.01.8681.12.2010; Window 2: 2.01.2006-
30.12.2011; Window 3: 2.01.2007-28.12.2012; Windbw2.01.2008-30.12.2013; Window
5: 5.01.2009-30.12.2014; Window 6: 4.01.2010-3@Q@25; Window 7: 3.01.2011-
29.12.2016.





