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Abstract

We study market liquidity via daily close relative spreadsl aaily traded volumes
in a sample of 426 S&P500 constituents recorded over thesgz&04-2006, a period of
“normal” liquidity conditions. We use recent results on theneralized Dynamic Factor
Model (GDFM) with block structure to provide a sound defmitiof unobservable market
liquidity and to assess the complementarity of those twaidiidy measures. The advan-
tage of defining market liquidity as dynamic factors is tlwattrary to other definitions
that can be found in the literature, it tackles time dependeand commonness at the
same time, without making any restrictive assumptions erutiderlying data generating
process. Both relative spread and volume in the dataset stutty appear to be driven
by the same one-dimensional common shocks, which theretxeally qualify as the
unobservable market liquidity shocks.
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1 Introduction

Of all asset characteristics that are relevant for assetgans, liquidity certainly is among
the most elusive. Yet it is ubiquitous in financial practioel éheory (for instance, most of the
modern applied asset pricing theory lingers on its full preg) and it has a pristine definition:
an asset is liquid if it is easily convertible into cash, tegerence asset with perfect liquidity.
This definition is often rephrased in terms of time, volumad aost. Indeedwhen people
think about liquidity, they may think about trading quickdypout trading large size, or about
trading at low cost Since Kyle (1985), these three dimensions are well definda: tie
dimension refers toesiliency—the speed with which pricing errors caused by uninforneativ
order-flow shocks are corrected or neutralized in the markeist refers tdightness—the
accepted price forimmediacy in resolving the trade. Ladtyme refers talepth—the volume
that can be traded without price variations.

Though the concept of liquidity is clear, its quantitativakiation poses a major problem.
Liquidity indeed is an unobserved variable, which implikeattit has to be evaluated from
the measurement of liquidity-related quantities or prexieall themliquidity measuresBut
this is a delicate task because of the difficulty (i) to captilme three dimensions of liquidity
in a single measure and (ii) to reach a consensus on the iligumtasures to be taken into
account. This double difficulty seriously challenges thgeotvity of any final assessment.
The simplest liquidity measures currently considered édimpirical literature cover only one
of the three dimensions. Trade durations, for instanceneeéfas the time intervals between
two trades, clearly carry liquidity-related informatiobut only cover the time dimension,
ignoring tightness and depth. Moreover, they require bgktick data: at lower frequencies
(such as daily frequency), trade durations cannot be caedpas observations are regularly
spaced. Daily close or open bid-ask spreads, defined asfteeedce between the lowest ask
and highest bid prices for an asset at some given point in, tneasure liquidity effects as
well, but mainly cover tightness. Daily realized volumescameasure the liquidity effects of
an asset, but only cover its transacted depth. A number ddrpdpave proposed measures
that combine tightness and depth, such as the Hasbrouckepm &001)quote slopethe
Domowitz and Wang (2002)rder book integralthe Amihud (2002) ratio of average volume
effect on absolute returns, or the Pastor and Stambaug3)20€asure for average volume-
related return reversal. The former two consider the exgsthape of the available order book
through time, while the latter rely on transacted prices\aidmes. A common drawback of
all those liquidity measures is that we do not know up to whéer they capture liquidity
dynamics only> To get a deeper understanding of liquidity, we should stundgrielations
between the various liquidity measures and investigaierdlation to liquidity. Literature on
this subject is scarce, however: most papers dealing vgthdity perform an analysis based
one single liquidity measure at a time.

Harris (2003), p. 394.

2See Minguet (2003), O’Hara (1997) or Schwartz (1993), anathgrs, for further details.

3For example, when looking at the Spanish stock market, Kiztet al. (2005) found a disconcerting po-
sitive correlation between the Amihud measure for illiqyicand the Pastor-Stambaugh measure of liquidity.
This indicates that such measures, most likely, are driyestiher dynamics than liquidity alone.



The same comments apply in the analysigr@frket liquidity where the aim is to un-
derstand commonness in liquidity across securities. Tumaldmental contributions to this
domain are Chordia et al. (2000) and Hasbrouck and Seppilj20Both find that a com-
mon or “market” component is significantly present in vasdiguidity measures taken over
a large cross-section of stocks. Chordia et al. (2000) ptesedence of this fact by running
regressions of a given liquidity measure, for each indigldiiock, against its cross-sectional
mean. Hasbrouck and Seppi (2001), on the other hand, pedofttassical, hence static)
Principal Component Analysis (PCA) on liquidity measurest of which they consider up
to three principal components. Other papers assess thermoesof market liquidity risk, that
is, they examine whether market liquidity is priced acro$eent stocks. Amihud (2002),
Eckbo and Norli (2002), Pastor and Stambaugh (2003) or Achand Pedersen (2005) find
that market liquidity explains price differences acrosets

The influence of the aforementioned papers should not beresiitated, as they all sub-
stantially increase our knowledge and understanding ofdleeof liquidity in financial mar-
kets. However, they rely on the somewhat arbitrary choicsoafie liquidity measure, without
much of an analysis of its net informative contribution ippkaining the market liquidity phe-
nomenon. A first attempt to assess market liquidity baseceweral liquidity measures was
made by Korajczyk and Sadka (2008). In a very large samplegthan 4000 stocks followed
during 18 years), they use a static factor model method, eoatyte to that of Hasbrouck and
Seppi (2001), to estimate commonness for eight differguidity measures, which they call
“within-measure commonality”. Moreover, they also estiem@ommonness when considering
the eight different measures on the same panel, calledssereasure commonality”, through
the extraction of a common component that is then added todbkset pricing experiment.
Just as Hasbrouck and Seppi (2001), the authors extracttine third principal component
for each liquidity measure.

None of these approaches fully exploits the time seriesreaifithe data. In particular,
they all overlook the leading/lagging phenomenons that exast among the various liquid-
ity measures and are particularly relevant here, sinceditydrelated data are highly auto-
correlated. Taking such time series features into accoaturally brings the Generalized
Dynamic Factor Model (henceforth GDFM) methods into theye. These methods were
developed in a series of papers by Forni, Hallin, Lippi anccRe (2000, 2004, 2005), Forni
and Lippi (2001), and Hallin and Liska (2007, 2008). Thelpwalfor disentangling com-
monness (market components) and idiosyncrasy (stockfgpemmponents), not only across
panels consisting of some given liquidity measure obseoxest a large number of stocks,
but also across panels juxtaposing several such measuoegraty to other dynamic factor
methods (such as Stock and Watson (2002a and b) or Bai andd8g)j2 GDFM methods do
not impose any restriction (beyond the usual assumptioseodnd-order stationarity, etc.)
on the actual data generating process.

We examine here the complementarity of two simple and widesd liquidity measures:
daily close relative bid-ask spread and daily realizedattotblume, for 426 S&P500 listed
stocks from January 2004 till December 2006. This is a peclwtacterized by a “normal”
state of market liquidity, which is appropriate for the seayf this article. A period with



extreme events and/or liquidity crunches, though impasiaould introduce distortions in the
measurement of commonness, which are left for future rekear

We consider the method proposed by Hallin and LiSka (2008} analysis of large pan-
els with block structure, where the blocks represent thesmapanels of volume and relative
spread, respectively. The method permits to identifynestie and compare the factors driving
each subpanel and the factors driving the joint panel. Itiqudar, it allows us to assess up to
what extent commonality in volume coincides with commaah relative spread. As vol-
ume and relative spread cover different aspects of liqu{diépth and tightness, respectively),
they are a priori unlikely to carry exactly the same inforimat it could be that some features
of liquidity are explained by realized volume but not by t®fa spread, and conversely. In
GDFM terms, this means that some common spread shocks mpgiarabe idiosyncratic to
volume and vice versa. Moreover, the analysis using GDFMdakto account the dynamic
interactions between the measures: some liquidity featomay be leading in volume while
lagging in spread, and vice versa.

Our findings mainly go into three directions. First, it apfgethat the common relative
spread and common volume spaces coincide, and have dynanmgogion one. This means
that, although relative spread and volume cover differgpeats of liquidity, their market or
common components have the same origin and thus carry the iséonmation. Moreover,
that common space being one-dimensional, it is driven byiquenshock, which therefore
strongly qualifies as the unobservable market liquiditycg&hd his suggests some homogene-
ity when markets are confronted with liquidity and that #fere there should be no distinct
market liquidity effects originating, for instance, fronifdrent sectors or different types of in-
vestors. Second, on average, market related shocks adoodi2% of the total variation of a
stock’s relative spread and for 18% of the total variatioito¥olume. This may seem a rather
low proportion, but is not surprising if compared to the sade decompositions obtained in
Hasbrouck and Seppi (2001) and Chordia et al. (2000), evergthwe should be careful with
such comparisons, given that databases and the nature etirasaliffer. Third, we observe
a significant difference between the autocorrelogramsio$yahcratic spread and volume. On
average, idiosyncratic relative spread components ayevegdkly autocorrelated, but they are
persistant. By contrast, volume components exhibit higlaéocorrelations, with much faster
decay. This difference can be explained by the fact that ®&RBnstituents are highly traded
stocks with thick limit order books. Relative spreads factsstocks do not move quickly, so
that the impact of a market shock stays for long. Volumeshercontrary, are more flexible,
and their adaptation to changing market circumstances chifaster.

The outline of the article is as follows. Section 2 frames phevious contributions on
liquidity with respect to the present one, and explains thpootunities offered by GDFM
for liquidity econometrics. Section 3 explains the builglinlocks of GDFM. Section 4 gives
information about the dataset used and comments on theliigumeasures considered. The
main results are presented in Section 5, and Section 6 aelu



2 Commonnessin liquidity

The analysis of liquidity is deeply rooted in market micrasture theory; its origins can be
traced back to Kyle (1985) and Amihud and Mendelson (198&prag others. Most of the
models developed under the market microstructure peligpdotus on the liquidity of indi-
vidual securities, and give little attention to the commetedminants of liquidity across the
market. On the other hand, modern finance emerged throughutie of portfolio theory and
the benefits of risk diversification by exploiting returnatlity risk and its market component,
paying little attention to liquidity risk, though.

The present article builds further on recent contributiorth respect to the identification
of market liquidity. The main idea is that, while agreeingtba existence of standard market
illiquidity (i.e. that in “normal” market conditions), thiquidity of every asset can be seen
as the sum of a common (hence non diversifiable) and an idiogia (hence diversifiable)
component, in the same sense as for return volatility.

The contributions and methodology of three leading adiatethe identification of com-
mon versus idiosyncratic liquidity are discussed in thet paxagraphs.

Chordia et al. (2000) look at all NYSE transactions in 199@ analyze commonality in
daily percentage changes of five order book-related ligpimieasures (quoted and effective
spread, both in absolute and in proportional terms, andeguaéptH by considering regres-
sion equations of the form

ALIQ; = BALIQY + ¢, (1)

where LIQ denotes the value taken by one of the five liquidity measuréisna ¢ for stock

i, LIQM is the average liquidity over all stocks excépandA = 1 — L whereL denotes
the lag operator. The first term of the right hand side accotortmarket related variations.
The second terng; = «; + i, includes the intercept of the regression, and a white noise
terme! . The authors find that thé;’s are significantly different from zero, which indicates
the presence of common underlying determinants of liquidiowever, they obtain lowk?
for all measures (about 4%).

Hasbrouck and Seppi (2001) perform a similar analysis on I&uminute interval order
flow measures (share volume, dollar volume and square rattta volume, both signed and
in absolute value8)of 30 Dow Jones stocks traded during 1994. Instead of therdifices
ALIQ¢, they consider the levels LIQf each liquidity measure. Moreover, they use PCA
instead of linear regressions, by defining Qs the principal component of the order flows
of the 30 stocks:

LIQ; = GiLIQY" +¢;. )

4The quoted spreads the difference between the best ask and bid quotes.effaetive spreads twice the
observed deviation of the price at which the transactiok f@ace and thenidquote which is the average be-
tween highest bid and lowest agkroportional(or relative) spreadsare quoted spreads divided by the midquote.
Quoted deptlis the depth at the best quotes.

5The authors perform two distinct analyses, based on unwesigind value-weighted averages, respectively.

5The sign of a liquidity measure is negative or positive, adtw as the trade takes place at a price which is
below or above the midquote.




They find that, for signed dollar volume, 8% of the total vade is explained by the first
common factor, and empirically suggest that the secondtardticommon components could
be negligible.

Korajczyk and Sadka (2008) use the asymptotic principalpmment method of Connor
and Korajczyk (1986) and the EM algorithm to identify marketidity. First they apply both
methods to eight different liquidity measures indepenigerthe Amihud (2002) montlhly
average effect of volume on absolute value return, turn@wer the ratio of montly volume
and shares outstanding), quoted percentage spreadjwfpetcentage half-spread and four
parametric estimates of price impact components. As Haskrand Seppi (2001), the authors
consider up to the third principal component. They obtairy ifferent 22 for the different
measures: 7% for turnover versus 24% for effective sprebdniooking at the first principal
component. The major contribution of Korajczyk and Sadk#0@) is that, for their pricing
experiment, they also compute common liquidity by inclydiheir eight different liquidity
measures into a single joint panel, as they argue that thiddaveliminate some liquidity
measurement bias.

Although these articles significantly contribute to thedstand understanding of com-
monalities in liquidity, neither of them take into accouhné ttime series nature of the various
liquidity measures. Assuming tl§¢s in (1) and (2) to be serially uncorrelated clearly is unre-
alistic; it requires, for instance, LI in (2) to account foall dynamic aspects all LIQ''s.
Lagged influence of unobserved common liquidity factordse arecluded: LI is a purely
static principal component which only depends on contempeous LIQ's, with an implicit
and questionable assumption that the liquidity charasttesi of all stocks are perfectly syn-
chronized.

The Generalized Dynamic Factor Model (GDFM) estimates comatity in a spirit which

is somewhat similar to Hasbrouck and Seppi (2001) and Key&jand Sadka (2008) in the
sense that it also seeks for a variance maximizing linearbawation of observations. The
main difference, however, is that, by allowing for laggeddmgs (instead of contemporane-
ous) and autocorrelated idiosyncratics (rather than widige residuals), it does not force any
model on the data, while fully exploiting their time seriegture. In the present context, this
means that GDFM tackles persistence and co-movement aamhe sme, as it estimates the
effect of common shocks. This also implies that all commangonents are orthogonal, at all
leads and lags, to all the idiosyncratic ones, while all@dor mild cross-sectional correlation
among the idiosyncratic components of distinct individstakcks (typically, the idiosyncratic
component of a given stock may yield autocorrelation wifinde number of other, closely
related, idiosyncratic components). The latter is an etitra property in the study of liquidity,
as it provides us with a clear and formal distinction betweemmonness and idiosyncrasy.
Another advantage of the GDFM theory is that it identifies divaension of the common
space, as opposed to Hasbrouck and Seppi (2001) and KdtagndySadka (2008), who look
at the first three principal components without having anogs criterion of whether they all
significantly contribute to commonality. Finally, the GDRkethod allows for a global anal-
ysis of (arbitrarily many) different liquidity measuresh@ next section describes in detail the
building blocks of the GDFM method.



3 Dynamic factorsand commonnessin liquidity

First consider a panel of stocks, for which some liquidity measure has been recorged o
a time period of lengtf”. Denote by LIQ,i = 1,...,n,t = 1,..., T the observation made
at timet for stocki. These observations are treated as finite realizations otible-indexed
zero mean second order stationary stochastic prddd€s : i € N, ¢ € Z}. Bothn andT,

in the sequel, are assumed to be large, and asymptotic stiateare made asand? tend to
infinity.

Denote byy,, (#) then x n spectral density matrix of the thedimensional vector process
{LIQ,, := (LIQ;,...,LIQ});t € Z}, and assume that, forall € N, k& € {1,...,n} and
somecy, > 0, sup,(X,(0))rr < cx. Foranyd € [—m, x|, let\, x(0) beX, (0)'s k-th eigenvalue
(in decreasing order of magnitude).

Denote byg the number of diverging such eigenvalues, that is, defiagq := min{k €
N @ sup, [[Anx(0)]| < oo 6 —a.e} — 1, and assume that < co. Theorem 2 in Forni and
Lippi (2001) then establishes the existence of a uniquerdposition of LIQ into

LIQ, = xi + & = Bi(L)u, + & foralli e N, t € Z, 3)
where i and ¢/ are mutually orthogonal at all leads and lags, := (uy, ..., uq) IS ¢-
dimensional orthonormal white noise, alJ(L) := (B (L),..., Bi(L))" is a vector of

square-summable filters (the decomposition igter & is unique; the filterd;(L) and the
u;’s are not). Equation (3), with unspecifigdthus is not astatistical modelbut acanon-
ical representatiorof the panel under study—contrary to (1) or (2). That repnegen is
called thedynamic factor representationf LIQ!; the yi’s are thecommon and the¢!’s the
idiosyncraticcomponents, respectively, of LJQThe processy;,;} is cross-correlated with
infinitely many liquidity measureprocessg@siQ:}, i # iy, asn — oo and therefore can be
identified as the component §£1Q, ,} which is driven by the market, whilg, , is specific to
stocki, (market-uncorrelated), and presents cross-correlatuithsa finite number of related
cross-sectional processes only. The Hilbert space spamnétk \i's is called thecommon
space. It has dynamic dimensigmand its elements amarket liquidity variablesThe corre-
sponding innovation process, : ¢t € Z} (namely, any orthonormal white noise such that the
Hilbert space generated until timecoincides with the Hilbert space generated up hy all
xi's, i € N) naturally are interpreted as thearket liquidity shocks

Forni, Hallin, Lippi and Reichlin (2000) show how the commamnd idiosyncratic com-
ponentsy: and £/ can be consistently reconstructed from the observed's|@long with
estimators of their respective variances. The variancerdposition

Var[LIQj] = Var[y;] + Var[¢]] (4)
for giveni (because of stationarity, these variances do not depenyl @ncourse indicates
how common or idiosyncratic the liquidity of a particulaosk is.

The Hallin and LiSka (2008) method for the analysis of padeh with block structure
very much relies on the Hallin and LiSka (2007) proceduretlie identification of the num-
ber of dynamic factors. That identification procedure csissin tuning the penalty term of

7



an information-theoretic criterion by a positive factor A grid (ng, 7x), k = 1,..., K of
increasing: and/orT values . = n; Tx = T) is considered, and, for each valuecadnd

k, a numberg;(c) of factors is selected as the valuef N minimizing the information
criterion with tuning constant, computed from a panel consisting of the seties ., n, ob-
served ovet = 1,...,T,. A particular valuec* then is chosen as the second smallest value
of ¢ for which the K selectedy,(c)’s are stable across they, 7)) grid. In practice, this is
achieved by examining a double plot. In the first one, the eéngivarianceV/ (c) of the K-
tuple (¢1(c), - .., qx(c)) is plotted against; the second plot provides the corresponding final
selectiongk (c) as a function ot. The number of factors which is ultimately selected then
is ¢ := qk(c*), wherec* belongs to the second interval efvalues for which the empirical
varianceV/(c) takes value zero. Hallin and LiSka provide several versioftheir criterion,
which all yield essentially the same results. The versiapéet here is their I€Clog criterion,
together with their penalty, (n, T')—see Section 3.2 of Hallin and LiSka (2007) for details.

No method so far allows for reconstructing the market ligyilundamentakhocks (its
innovation process;); however, see Forni and Lippi (2009) for significant pragrén that
direction. When results are available on that point, the @RIgfinitely will be the ideal tool
for identifying, estimating, and forecasting market lidjity, as well as its impact on individual
stocks’ liquidity.

A major advantage of the GDFM in the analysis of market ligyic that several liquidity
measures can be handled, either jointly or separatelyhei&iallin and LiSka (2008) method-
ology for dynamic factor models in the presence of blockdtite. The blocks here are the
(sub)panels associated with a given liquidity measure-e;hretative spread and volume. The
method, as we shall see, provides interesting insightdlmtmterrelations between those two
measures, and answers such questions as “do relative spréatlume convey the same in-
formation about market liquidity?” “should we choose onéh@&m, or rather combine them?”
“Is there an optimal way to do so?” etc.

For K = 2 blocks (in order to fix the ideas, call them relative spreadi\aume, respec-
tively, and denote b$PR,, andVOL,, the corresponding subpanels), the method actually de-
composes the Hilbert space spanned by all variables in ihieganelL1Q,, (consisting of all
SPR’sand VOL's, fori = 1,...,nandt = 1,...,T) into a product of four mutually orthog-
onal Hilbert subspaces, spanned (for the sake of simpheéaywrite “spread-common” instead
of “relative-spread-common” etc.) by the spread- and va@twwommon, spread-common and
volume-idiosyncratic, spread-idiosyncratic and voluooeamon, and spread- and volume-
idiosyncratic components, respectively. Projecting S&RI VOL: onto those four subspaces
yields the following refinements of (3):

SPR = gPRt + wéPRt + VéPRt + féPRta (5)
VOLi - ¢</OL;t + ¢</OL;t + V\Z/OL;t + g\Z/OL;t' (6)
Thegbl 'S andgl 's are calledstrongly commorandstrongly |d|osyncrat|cthewZ 'S andz/Z /'S

Weakly commorandweakly idiosyncraticomponents, respectively. This decomposmon is
shown in Figure 1; see Hallin and LiSka (2008) for details.



Figure 1: Schematic representation of the Hilbert spacerdposition for two blocks

SPR-common VOL-common

SPR & VOL
common

¢SIPR;t
¢\I/OL;t

i
!//SPR st
i
VOL;¢

\%

i i
§SPR;t SPR- & VOL-idiosyncratic §VOL;t

Now, if (as will appear in Section 5) all spread-common antume-idiosyncratic and
all volume-common and spread-idiosyncratic componemzearo, that is, if (5) and (6) boil
down to

SPR = ¢spr; + Espre and VOL, = oL, + EvoLus (7)

spread and volume are driven by the same common shocks, whasnbiguously can be
interpreted ashe market liquidity shocks.

4 Data

We considem = 426 S&P500 constituents that listed from Monday January 5ti042@ill
Friday December 29th, 2006, and that were still listed in &woker 2008. This is a period
characterized by “standard” market illiquidity, i.e. watlt extreme illiquidity conditions,
which is appropriate for the scope of this article. Fr&uauters 3000 Xtrawe extracted,
for each of these stocks, the daily close best ask, dailyedbest bid and the daily realized
dollar volume, from which we constructed two liquidity maess. The first one is the relative
spread, defined as
ask — bid.

mg
where ask (respectively bif) is the daily close best ask (respectively bid),:mg (ask +
bid!)/2 is the midquote of stock at dayt. We denote the spread subpanel 88R,, :=
{(SPR,...,SPR)’;t = 1,...,T}. The second measure is the realized dollar volume, de-
noted by VOL.. The corresponding subpanel (or volume subpanel) is dermgtyOL ,,, the
total panel byL1Q,, := (SPR],,VOL!Y'.

SPF§ =

There are several reasons for choosing these two measuirss. béth are simple and
widely used in practice. Second, each of them covers a diftetimension of liquidity: VOL
is a proxy for depth and SRR proxy for tightness. Third, they cover different aspedts o



the trading process: SPR a pre-trading measure, conveying information about thte ©f
the limit-order book and the immediacy cost (measuringitiijy ex ante, whereas VOL is
a post-trading measure, conveying information about thesatrade (measuring liquiditgx

pos).

Prior to estimation, we applied some algorithms to cleanddia. First, days on which
trading for more than 80% of the stocks was suspended wargnelied from the analysis.
Second, days for which at least one stock showed negatigadiso were eliminated. Third,
missing spread or volume values were interpolated. In,tthé leaves us with’ = 747
observation dates. Fourth, SPR multiplied by10* and VOL: by 105, Relative spread for
S&P500 constituents is very small, which may entail nunanproblems. Likewise, traded
volumes are very large, which may entail numerical problasmwell.

We checked for the presence of weekly seasonality. We ihereégressed the demeaned
relative spread and volume, denoted generically by;L)@n a set of dummy variables that
account for the different days of the week

5
LIQi" =  BiDis+¢; ®)
k=1

where D, ; stands for the Monday indicator functiof,, for the Tuesday one, etc. We thus
obtained 426 least squares estimategipfor a given dayk. The plots in Figure 2 show
the estimated parameters for all the stocks and the 5% cofideands for relative spreéd.
In very few cases there are parameters significantly diiteirem zero. Table 1 shows the
percentage of stocks with parameters that are significdiftgrent from zero for the different
days of the week and for three probability levels. Overautts indicate that very few stocks
show significant weekly seasonal patterns, either foriveapread or for volume.

Table 1: Percentage of significant seasonal parameters
levele Mon Tue Wed Thu Fri
a=10% 7.51 563 9.8 9.62 11.5
Relative Spread o =5% 5.63 3.76 5.63 6.34 6.81
a=1% 141 0.70 2.82 282 3.29
a=10% 7.51 869 516 8.69 2.35
\Volume a=5% 587 6.57 423 T7.04 1.88
a=1% 3.05 3.05 3.29 399 1.64

Percentage of parameters in (8) that are significantly rdiffefrom zero for the two liquidity measures, at three
different probability levelsy, across all stocks.

Table 2 shows descriptive statistics of the meaf)safnd variancessf) of the liquidity
measures per stock over the considered period. Their sexggnal means (denoted. and
mg2 respectively) and interquartile ranges (1Q&nd IQR:) are computed for the complete

Similar results for volume are available under request.
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Figure 2: Weekly seasonal parameters
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collection of all stocks (first row) and for subsets of themheTsubsets are defined accord-
ing to the 25, 50 and 75% quantiles of relative spreads anghwes$. So, for instance, row
[Q"2°, Q%) shows the mean and interquartile range of the means andhwas®f the stocks
whose average relative spread and volume (over the periderstudy) are between the 25
and 50% quantiles. Two conclusions can be drown from thietabirst, stocks with large
relative spread and volume (columms) also have large variances (columns:). Very lig-
uid stocks have tight spreads that do not move much, as thiedmer book is very thick.
However, since these are the stocks that are the most szedjrihey are the first to react if
an event arrives to the market (such as a bad macroeconomws} ard hence will experiment
large changes in trading volume. On the other hand, theilgsisl Istocks take, in principle,
longer to react to events, smoothing the traded volume sinte the limit order book is thin-
ner, an unexpected increase in the trading activity endailsnexpected variation in spread.
Second, the interquantile range tells us that the stockstkaon the tails of the distributions
of relative spread and volume show the largest discrepaatieoth the average and variance.
This suggests that, on one hand, there are large differémé¢les traded volume between the
most liquid stocks. In a sense, there are stocks that aree‘inloee chips than others”. On
the other hand, the heterogeneity in the relative sprealdeoless liquid stocks suggests that
differences in the thickness and depth of the limit orderdsaare larger than among the more
liquid stocks. All in one, there are significant differen@eshe liquidity measures between
the stocks. As far as this article is concerned, the quessiovhether, regardless of these
differences, the stocks share a common component and upeticewtent it drives the relative
spread and volume across all stocks. We provide an answiistquestion in Section 5.

Table 2: Descriptive statistics
Relative Spread \Volume
mz 1QRz me 1QRe m; 1QR; me IQR,
All stocks 096 0.35 058 029 259 207 6.70 223
0, Q%) 0.62 0.08 026 015 056 031 0.16 0.15
Q%%,.Q%) 0.78 0.06 0.33 0.12 1.18 034 0.69 0.57
[Q%5,Q°™) 095 008 042 0.13 216 057 1.82 1.10
[Q%T5 +00) 1.46 045 1.26 0.74 6.14 3.60 1851 15.54

Descriptive statistics for the relative spread and voluredl stocks, and for subsets thereof classified by
quantile ranges (subsequent row@): stands for the quantile of orderand[Q>*, Q2) for all the stocks with
liquidity measure (either relative spread or volume) lybejween thev;- andas- quantiles. The columm
(respectivelym,:) shows the sample mean of individual stock means (resggtiariances), and the column
IQR; (respectively IQR:) the interquantile range of individual stock means (retipely variances).

The left plots in Figure 3 show the evolution of the averagsdtive spread (top plot) and
volume (bottom plot) over the 426 stocks. Visual inspectioes not suggest any violation
of the assumption of second-order stationarity. Yet, iadiereveals some heteroskedasticity.
Note that all these plots show averaged values. The assumipti applying GDFM is that
all the relative spread and volume seriesSIPR,, andVOL,, are second order stationary.
Because of obvious space reasons we do not show the 852, dettiessual inspection also
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suggests that they all fulfill the GDFM assumption of secordkpstationarity. Right plots

of Figure 3 show the autocorrelation functions of the avedagplative spread (top plot) and
volume (bottom plot). They confirm the well-known stylizestt that liquidity time series
are strongly autocorrelated. The averaged relative sppeanhs to be more persistent than
averaged volume, as the autocorrelations decay more sldwiy may be due to the fact that
the S&P500 constituents we consider are in general heaatiet! with small spreads near
the tick, which implies persistent autocorrelations. la #pirit of Chordia et al. (2000), these
averaged relative spread and volume series can be seemaatestof market liquidity. Their
strong and persistent autocorrelations give more crediitalaim that liquidity needs models
that can handle time dependencies.

Figure 3: Averaged data and their autocorrelograms
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Averaged (over all stocks) observed liquidity measurds)(l@long with their autocorrelograms (right).

The left plot in Figure 4 presents a scatter plot of the cop@m@neous average spread and
volume time series. This plot shows a cloud with undefinedgppal directions, indicating

8Results are available under request.
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that relative spread and volume are not contemporaneoasiglated. Correlations however
are found when looking at lagged relationships. The right phows the cross-correlations
(y-axis) for different ordersa(-axis). Negative orders stand for the relation betweenddgg
volume and lead relative spread. So, for instance, the letior of order—5 explains the
relationship between volume five days ago and today’s velapread. We observe that, al-
though there is some cross-correlation at the negativegyrthee bulk of it is on the positive
orders: relative spread leads volume. The conclusionsrdugen these cross-correlations go
in the same direction as for the autocorrelograms of Figuhg@idity panels show important
time series features that cannot be explained nor exploitestatic factor models. In the next
section, we show the results of a GDFM analysis.

Figure 4: Scatter plot and cross-correlogram
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Left plot shows the scatter plot of relative spread againéime. Right plot shows the cross-correlogram of
averaged relative spreads against averaged volumes. iWeEgs correspond to cross-correlations between
leading volumes and lagging relative spreads.

5 Main results

As explained in Section 3, we use the Hallin and LiSka (20@foymation criterion to identify
the numbers of factors, that is, the dynamic dimensions @fctimmon spaces of the three
(sub)panelSPR,,, VOL,, andL1Q,,. Identification is based on a visual inspection of the three
double plots of Figure 5. For each (sub)panel, the figure steomeasure (the variantéc),
dashed line) of the instability of the selection associat#ti various values of the tuning
factor ¢, along with the final selection associated with the sameevafu: (solid line). The
procedure then consists in spotting the second intenaatifsy from the left) ot values over
which the dashed line touches the horizontal axis (he¥i¢e), = 0); the number of factors to
be selected then is obtained by reading, on the solid linectine corresponding value shown
by the solid line.

Each of the three plots leads to a selection of one singlerfadthis and Lemma 1 in
Hallin and LiSka (2008) implies the existence of a unigquersgly common factor driving the
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common components of both subpanels, thus yielding thecpkat case, described in (7), of
empty weakly common and weakly idiosyncratic spaces: sger&i6? Two important con-
clusions can be drawn from this result. FiiSER,, andVOL,, share the same common space,
meaning that the shocks driving commonness in relativeasppa®d commonness in volume
are the same. This result supports the conjecture that,iqualiImarket such as S&P500, a
single liquidity measure (either relative spread or volysigfices to understand market lig-
uidity dynamics. Second, this common space presents a dgrtamension one, suggesting
some homogeneity when markets are confronted with liquittitnay be an indication that no
market liquidity effects are originating from, for instandifferent sectors or different types
of investors but only from the market itséff. The innovation of the one-dimensional fac-
tor driving both the common spread and the common volume ocomts therefore strongly
gualifies as the unobservable market liquidity shock.

We find that, on average, market liquidity accounts for 12%otdl variations of relative
spread and for 18% of total variations of volume, as showniguife 6. These proportions
are much larger than those of Chordia et al. (2000) (abo@o®-4arger also than those of
Hasbrouck and Seppi (2001) (about 8-14%), and they are c@alesto those of Korajczyk
and Sadka (2008). These differences can be due to an arrapsdns: different databases,
different time frequencies, different liquidity measyrasd different methods to extract com-
monality in liquidity. Yet, our results support previousi@tes and offer an alternative based
on a representation result, rather than on model assunspaoi on a rigorous methodology
that leaves little room to subjectivism. Idiosyncratic gunents on the other hand account
for 88% and 82% of total variations of relative spread andinad. As mentioned earlier, this
large proportion does not mean that relative spread angnsare very noisy measures. Since
GDFM allows for mild correlation among the idiosyncraticgoonents of individual stocks,
some groups of stocks may share liquidity drivers that amuslated with market liquid-
ity. Further, idiosyncratic terms in the GDFM may be autoelated, i.e. an idiosyncratic
component at timeé may contain information about its future values.

All these percentages and variance decompositions areofi@ps averaged over the
panel. Individual decompositions, however, also may rewearesting features. The plots
in Figure 7 show the proportions explained by the common @mapts for each individual
stock (left plot is for relative spread, right plot for volein Stocks are ordered from smallest
to largest relative spread and volume, respectively. d@rtines divide the stocks according
to the same quantile ranges as in Table 2. In that table wealfeigmificant differences for
those stocks with the largest relative spread and volunmeil&ifeatures are observed in Fig-
ure 7. For stocks with average relative spread and volumdéemtizan the 75% quantile, the
proportions of total variance explained by market dynardcsiot exhibit any clear pattern,
even though showing significant differences among them. é¥ew beyond the 75% quantile,
the market impact on total variances seems to be increasthghve liquidity measure value
(this is very clear for volume, somewhat less so for relaspeead since there is also a large

°In a way, this result is in line with the empirical intuitiomqvided by Hasbrouck and Seppi (2001), who
argue that only the first principal component, in their PCArmach, should be taken into account.

105y ch effects may exist; but then they only have an impact msyecratic components, hence on a limited
number of stocks.
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Figure 5: Implementation of the Hallin-LiSka identificati method

SPR,,

o.4 0.6 0.8 a

o.8 1

o 0.2 0.8 1

Application of the Hallin and LiSka (2007) information t&fion in the identification of the dynamic dimensions
of the common spaces of the various (sub)panels (top: velafireads; middle: volumes; bottom: joint panel),
as described in Section 5. Dashed lines are a measure ofstiaility of the selection associated with various
values of the tuning factor. Solid lines are the final selected number of factors as atiumof the tuning
factorc.
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Figure 6: Spaces, factors and variance decompositions
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increase in variability). This fact may be explained witmsar arguments as in the discus-
sion of Table 2. Relative spreads lying beyond the 75% qleaaute more sensitive to market
conditions, as their limit order books are thinner. A shatknarket liquidity should imply a
reaction in relative spread that is more important thanfarignore liquid stocks. On the other
hand, stocks with the largest volumes, the blue chips, a&altiving forces of the market,
which means that a shock in market liquidity entails a reactn volume which is larger than
for the less liquid stocks.

Figure 7: Variances of common components of invidual stocks
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Proportions of variance explained by the common comporfentsll individual stocks and for relative spread
(left plot) and volume (right plot). Stocks are ordered fremallest relative spread (respectively volume) to
largest.

Figure 8 shows a plot of the a cross-sectional average divelspread (top left) and vol-
ume (top right) autocorrelations, along with the correspiog plots for their common (middle
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plots) and idiosyncratic components (bottom plots). Thaeés reveal quite interesting dif-
ferences between those components.

First, note that the autcorrelations of averaged relatpreads, as shown in Figure 3,
strikingly differ from these averaged autocorrelation®bserved series and common com-
ponents. Averaging all spreads and volumes indeed cangetdl deading/lagging dynamics
that may exist between stocks, and therefore provides adiaisture of reality. These im-
portant differences, especially for relative spread, destrate the danger of using averaged
relative spreads or volumes as a proxy for market liquidityd, more particularly, the danger
of defining market liquidity shocks as the innovation of crgectionally averaged spread of
volume series.

Second, by the fundamental property of GDFM that common dia$yncratic compo-
nents are mutually orthogonal at all leads and lags, theageeautocorrelations of observed
series are a linear combination of the common and idiosyic@eerage autocorrelations, with
coefficients given by the variance ratios. As a consequehickasyncratic predominance in
variance decompositions, the autocorrelation profilesbseoved series look closer to those
of the corresponding idiosyncratic components than toglodshe common ones.

Third, the autocorrelations for the common components hery different for relative
spread and volume. This indicates that the ways marketdityushocks are transferred to
relative spread and to volume also are quite different. @/ie impact of a market liquidity
shock on volume is instantaneously very significant, it aoishes relatively fast. By con-
trast, the same market liquidity shock has a rather weak ¢tnpa relative spread, but that
impact decays very slowly with time. This difference in thayiquidity shocks are loaded
by the two liquidity measures under study can be explainethéyact that, as mentioned in
Section 4, the limit order book, in the stocks we considerglatively thick and hence, on
average, the spread does not move quickly, so that the ingbacimarket shock stays for
long. But this is not the case for volume, a measure that adapth faster to market varia-
tions. A more precise discussion of this, would require agarative analysis of the loading
filters—which is impossible at this stage.

Finally, observe that idiosyncratic volume componentswaueh more autocorrelated than
the idiosyncratic relative spread ones. This indicates dhaerved persistence in relative
spread almost entirely originates in market dynamics, edeserial autocorrelations for ob-
served volume clearly both have market-wide and idiosyticaaigins. A possible explana-
tion for this is that, while the relative spread essentiallgt bounded variable, and less depen-
dent on stock specificities, trading volumes are clearlyneated to the size of the firms, so
that huge cross-sectional magnitude discrepancies mal exi

Summing up, although relative spread and volume providévabpnt characterizations
of market liquidity as dynamic factors, one should not cadel that they constitute equiva-
lent liquidity measures, since the ways they react to mdityeidity shocks are drastically
different.
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Figure 8: Averaged autocorrelograms: Observed, Commotdaoslyncratic
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Averaged (over all stocks) autocorrelograms of obsenapddity measures (top), their common (middle) and
idiosyncratic (bottom) components; to be contrasted witjufe 3, where autocorrelograms of averaged (over
all stocks) liquidity measures, common and idiosyncratimponents, are shown.
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6 Conclusions

The GDFM presents a number of advantages in the identifitagioalysis and forecasting of
market liquidity dynamics. First, unlike its competitoitds based on a general representation
result which is free of restrictive model assumptions. 8€écd tackles co-movement and time
dependencies, two stylized facts of liquidity time seri€kird, it provides a clear distinction
between commonness and idiosyncrasy. Fourth, it allowstimate the dimension of the
common space. Finally, it allows identifying commonalityeodifferent liquidity measures on
a global analysis. An application of GDFM to panels of relaspreads and volumes suggests
that these two liquidity-related quantities actually ceywhe same information about market
liquidity. The one-dimensional common shocks driving theso panels therefore strongly
qualify as the unobservable market liquidity shocks. Swesults of course are calling for
more extensive and detailed empirical investigationsplinag larger databases and further
liquidity measures.

Extensions of the present paper go hand in hand with furteeeldpments in the theory
of GDFM. For instance, a most attractive research direationld consist in a comparative
study, based on their dynamic factor loading filters, of lsso&nd liquidity measures. These
filters indeed characterize the way these stocks and ligguaaieasures react to market liquid-
ity shocks. Such a study however requires being able to ezdte fundamental liquidity
shocks; Forni and Lippi (2009) provide a significant progrego that direction. A clean
identification of the impact of liquidity shocks on variouguidity measures also would lead
to a better assessment of the links between liquidity anet gsiing, and a better analysis of
the macroeconomic drivers of liquidity. Uncertainty indidity could be dealt with by apply-
ing the Dynamic Factor GARCH model introduced by Alessi,i§azzi and Capasso (2007),
while the Eichler, Motta and von Sachs (2008) extension oF@IIo non stationary time
series opens the door, for instance, to a better undersigodfinancial crises.
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