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1. Introduction

Various studies show that liquidity provision in downwarankets difers fundamentally from that in
upward markets. Brunnermeier and Pedersen (2009) modeiaityuteinforcing market and funding lig-
uidity spirals and show that these can explain sudden droliguiidity as well as increases in commonality
during market downturns. Hameed et al. (2010) empiricatigficm the predicted links between market
valuation and liquidity as well as its commonality and Charelt al. (2001) report that aggregate market
liquidity “plummets” in down markets. In contrast, the ungg of the demand for liquidity driving these
results is less likely to occur when market values apprecials downward markets are characterized by
excess selling of stocks, it is intuitive to expect that tlesatibed liquidity asymmetry between up- and
downward markets translates into significarffetiences between buy- and sell-side liquidity.

However, most articles studying market liquidity do not makis distinction but employ liquidity mea-
sures which are based on the assumption that negative aitigdgosder flows &ect prices symmetrically.

An exception is the study of Brennan et al. (2012), who prepsvay to estimate monthly market depth
parameters for the buy and sell sides based on the studie®stie6 and Harris (1988) and Brennan and
Subrahmanyam (1996). Brennan et al. (2013) decompose thieudini002) measure into up- and down-
ward liquidity to show that the latter is priced while therfaer is not. Almost all studies of market liquidity
employ measures calculated from historical transactiarepror Level | bid and ask quotes.

In this paper, we disentangle buy- and sell-side liquiditpbserving ask- and bid-side transaction costs
for novel limit order book (LOB) data provided in the ThomdRauters Tick History (TRTH) market depth
files. TRTH provides millisecond timestamped snapshots®i10B, including prices and quantities at its
first ten levels on the ask and bid sides for each stock tradéldeoNew York Stock Exchange (NYSE). Our

data begin in 2002 and end in 2012. Given Amihud et al. (281#pad definition of a liquid security as one

1For a summary of important liquidity measures, see Holdexi.€2014).
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that can be traded in large amounts quickly and at a low dostl.OB is a natural source of information
concerning market liquidity. It allows one to observe — eatthan estimate — the demand and supply
schedules and thus trading costs of an investor seekingytorsell securities by placing a market order.
To the best of our knowledge, we are the first to study commsitie LOB data for the US equity market.

To summarize the information embedded in the LOB of a stoekpmpose a liquidity taker’s marginal
cost of immediacy MCI) as a new measure of LOB liquidity and compute it for both, itk and ask-side.
We defineMCla (MClg) as the volume-weighted transaction costs (relative tartiprice) of an investor
instantaneously accepting all ask (bidjess in the first ten levels of the book, scaled by the totaladoll
volume he acquires (sells). We interpfdiCl, and MClg as measures of ask- and bid-side transaction
costs and illiquidity. Additionally, we measure LOB imbat&esMClIypg to examine asymmetries in order
book liquidity. We do not introducé/CI to improve upon existing liquidity measures — in faMCla
andMClg are highly correlated with the Amihud (2002) measure ofitlify, amongst others — but simply
given the lack of a Level Il liquidity measure that (i) is imé with the above definition of liquidity, (ii)
combines the information on LOB prices and quantities) ¢&n be compared over time and across stocks
and (iv) uses information embedded in all ten levels of tha@LfO

Our empirical analysis contributes to research on liquiditarket microstructure, and asset pricing in
the following ways. First, we report details on the cleanifighe novel TRTH LOB dataset and show how

it can be matched to other databases even without a commuoiifiele Second, we document and discuss

2Kalay and Wohl (2009) examine all orders submitted to thenopgsession of the Tel Aviv Stock Exchange. Cao et al.
(2009) document a contribution of LOB data to price discgver Australian data. Roesch and Kaserer (2014) study areggte
measure of the LOB of German stocks - the Xetra Liquidity MeasMarshall et al. (2011) rely on TRTH LOB data to study the
liquidity of commodities. Fong et al. (2014) use TRTH datatalyze the performance of liquidity proxies computed fgtabal
sample of equities but restrict their study to Level | data.

3The main intuition for our measure — capturing transactist€per volume traded — corresponds to that of the Xetraditgu
Measure (XLM) developed by the German Stock Exchange (seedRaand Kaserer (2014)). However, the XLM measure fails to
meet these criteria because it is computed for a specifimgaalume, for example ten thousand or one million dollaAghile
the quote volume in the LOB of most NYSE stocks does not amimuae million dollars — and the XLM can accordingly not be
computed for this amount — the LOB of the largest stocks ed&eae million dollars and the XLM measure does not capture al
information in the book.
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the relationship between Level Il liquidity measures arelgbt of Level | measures computed from TAQ
by Holden and Jacobsen (2014) to provide an understanditige afformation content of the NYSE LOB.
Third, we provide an overview of the evolution of market-itdOB liquidity and imbalance. Average
bid- and ask side-transaction co$t,Clg and MCla are 1.64 and 1.54 basis points per additional one
thousand USD traded and were downward trending until thetasfghe financial crisis, during which they
spiked. The ask- but not bid-side liquidity of financial dtecleteriorates during the 2008 short selling ban,
indicating heavy distortions in the order book caused by tegulatory intervention. Fourth, we examine
the factors driving bid- and ask-side liquidity. The ecomcaily most important determinants of firm-level
order book liquidity are turnover, firm size, volatility, dicompetition for market making, whiclfact bid-
and ask-side liquidity in similar ways. Howev@iCla (MClg) decreases (increases) in lagged short- and
long-term returns, indicating persistent contrarian beiran limit orders. Turnover, volatility and returns
also dtect market-wide averagdCla andMClg, which may explain the common component in liquidity.
Liquidity commonality increases during the financial @jsinore on the bid than on the ask side. Fifth,
we provide evidence indicating that order book liquiditegicts future returns through two channels, short
term price pressure from imbalances and liquidity prerv&l, andMClyg, but notMClg, predict daily
returns, while botiMCla andMClg are positively related to future monthly returns.

The remainder of the paper is organized as follows. Sectimir@duces the marginal cost of imme-
diacy as a new LOB liquidity measure. Section 3 describessample selection, compares Level Il to
Level | liquidity measures and displays time series of LQRiidity and imbalance. Section 4 identifies the
determinants of LOB ask versus bid liquidity at the firm andragate levels and documents the existence
of and changes in liquidity commonality. Section 5 then doents that our MCI measures predict daily

and monthly stock returns. Finally, Section 6 concludes.



2. Measuring LOB Liquidity

Our main objective in this paper is to disentangle bid andsagk& liquidity. To do so, we analyze
comprehensive LOB data for the US equity market. Given tiééid number of studies using any type of
LOB data, the lack of a well established measure of Leveplitlity is not surprising. In this section, we
develop an LOB liquidity measure in the spirit of Grossmad Ehiller (1988), who motivate their model of
the supply and demand of immediacy by noting that “the costaafing immediately rather than delaying
the order, particularly when the order is a large one [..thésessence of market liquidity”. More recently,
Chacko et al. (2008) model transaction costs as the prigerokidiacy, which is zero if markets are perfectly
liquid and otherwise increases in the traded quantity. Wimeeur liquidity measure accordingly as the
value-weighted transaction costs of an investor who desanthediacy by instantaneously accepting all
ask (bid) dfers in the first ten levels of the order book, scaled by the taitar volume he acquires (sells).
We label our measure th#larginal Cost of Immediacy”and use it to separate bid- and ask-side liquidity
using high-frequency TRTH limit order book data as detaitethe following.

The TRTH Market Depth (MD) NYSE file used in this study contamillisecond timestamped snap-
shots of the LOB including ask and bid prices and quantitbegte first ten levels of the book. Figure 1
shows a sample snapshot of the LOB for IBM on July 2nd, 2007R¥13The left and right sides show bid
(B1 to B10) and ask (Al to A10) information for the first tenééy of the book, respectively. The upper
graph separately plots the order price (line) and order (&iaes). In the lower panel, both dimensions are

combined.

[Figure 1 about here.]

The calculation oMCI, andMClg can be illustrated using the transformed order book showmeimower

graph of Figure 1, in which the logarithm of the volume-weégghaverage price of the ask (bid) side scaled
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by the midpriceVWAPN L (VWAPM 1), is plotted against the cumulative dollar volume at ldvef the

ask (bid) sideVIma (VImg). More preciselyVWAPM, | is defined for a given snapshot of the LOB as

follows:
VWAP
VWAPM, = In (TAL) @
where
VI
VWAPy, = # )
Z|=1 QA,I

andVima = ZI';l Pal x Qa). The price and quantity available at tHelevel of the ask side are denoted
by Pa; andQa, respectively, and/ is the midquote price defined simply as the averageof andPa 2.
For the bid sideVWAPM  is defined analogously.

VWAPM L (VWAPM ) thus corresponds to the transaction cost of buying (spliatl stocks avail-
able up to levelL in the book, expressed as a log return relative to the midgpiite. Scaling this by the
total dollar volume he acquires (sells) yields our measfirearginal transaction costs, the marginal cost of
immediacy,MCla (MClIpg), for the ask (bid) sideMCla and MClg correspond to the inverse of the slope

of the ask and bid sides in this transformed LOB and can be otedmas:

VWAPM 10
MClp= ————— 3
A VImA,lo ( )
and
-VWAPM.10
MClg= ————— 4
B VlmB,lo ( )

for the ask and bid sides, respectively. We meadufel, and MClg in basis points (bp) per 1,000
US dollars. The measures are straightforward to interpFedr instance,MCla = 0.2 means that an

immediacy-demanding investor who purchases an additio&i) 1,000 by accepting sell orders shown
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in the ask schedule of the book will face additional trarisactosts of 0.2 bp. If he purchased an additional
USD 1,000,000, transaction costs would increase to 2.0%.
In addition to the level oMCI, we study its bid-ask imbalance, defined as ttikedence betweeNICla

andMClg, scaled by their sum:

MCla - MClg

MClyg = —A_ "8 5
'MB = MCl,+ MClg ®)

As both MCla and MClg are positive by constructionVICl g lies between -1 and1. An MClyg of
zero implies that accepting all sell orders is as expensivacaepting all buy orders. Values below zero
mean that the marginal cost of accepting ask orders (buydnigver than the marginal cost of accepting
bid orders (buying). The opposite is true for positive valueorMCl g equal to+1 (-1), all of a liquidity
taker’s transaction costs are due to buying (selling).

MCIpa and MClg are similar to some liquidity proxies computed from Levebtal They are inversely
related to the slope of the ask and bid sides of the graph shottwe lower panel of Figure 1. The steeper
the slopes are, the lowdClp and MClg are. Closely related, Kyle (1985)s can be estimated as the
slope coéicient from a regression of price change on signed volumeerieikng the work of Glosten and
Harris (1988), Brennan et al. (2012) estimate monthly laashbskeparately for the buy and sell sides. In
contrast to these liquidity proxie®)CI can be observed and does not need to be estimated from tiireg ser
of Level | data. MClI is therefore not fiected by potential estimation errors and can be computedcat e
snapshot of the LOB, which makes it especially useful foeaesh on bid- and ask-side liquidity at a daily
or higher frequency.

To the best of our knowledge, oMCI| measures are the first measures of LOB liquidity and imbalanc
meeting the following criteria. FirsMCl is in line with the broad definition of liquidity fiered by Amihud

et al. (2012), according to which a liquid security is onet tten be bought and sold in large amounts at a



low cost? Second, it combines the information on LOB prices and qtiestiThird, it exhausts information
from all levels of the LOB. FinallyMCI can be compared over time and across stocks, enabling dysiana
of comprehensive panel data. As discussed in Appendix ARBeWCI is similar to the “Xetra Liquidity
Measure” published by the German Stock Exchange to desitraeOB liquidity, the latter is not suitable
for studying a heterogenous cross-section of stocks, amis ith this article.

We include the following additional measures based on thEH Bataset in our overview of the dataset
presented subsequently. We computeRéreent Quoted Spreg@rctQuotedSpread as the bid-ask spread
scaled by the midquote price. TAggregate Dollar VoluméVIim,) of the book is the sum of the cumulative
volume at the same levelof the bid and ask side¥olume Imbalanceare the diference between ask and
bid volume scaled by their sum. We compute these measurdésvidsL = 1 andL = 10, and they serve
two purposes. First and foremost, the correlation betweeset based oh = 1 using TRTH and the same
variable computed using TAQ provide information on thedi}i of the TRTH dataset. More precisely, a
high correlation would suggest that Level | informationfrd@ RTH is similar to that from TAQ. Second,

those based oh = 10 provide some information on the cost and quantity dinmsseparately.

3. Dataset and Summary Statistics

3.1. Data Sources and Sample Selection

This study aggregates high-frequency stock market datatihe Thomson Reuters Tick History (TRTH)
and the Trade and Quote (TAQ) databases into a joint datésklilp observations that is complemented
by data from the Center for Research in Security Prices (JR8& Compustat. The primary sources of

data used in this study are the TRTH Market Depth (MD) New Ystick Exchange (NYSE) files, which

“Widespread measures consistent with this general defiritidude those proposed by Roll (1984), Ho and Macris (1984)
Choi et al. (1988), Glosten and Harris (1988), Huang and §t6b6), Lesmond et al. (1999), Amihud (2002), Pastor arahSt
baugh (2003), Hasbrouck (2004), Holden (2009), and Felténg@011).
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include comprehensive high-frequency LOB data. They csaghe bid and ask prices and aggregate or-
der volumes for ten levels for each side of the book (bid amkgl. aBhe snapshot of the LOB for a single
stock at a specific point in time thus consists of 40 data poifach snapshot is identified by a Reuters
Instrument Code (RIC) and a millisecond timestamp. As s@there is a change in price or quantity at any
level of the book due to a newly placed, withdrawn, or exetateler, a new snapshot of the entire book is
created. In other words, we can observe the LOB for all stacksir sample with millisecond precisién.
Our sample period begins in January 2002 — when the NYSE begéing level-two LOB data available
to market participants outside the trading floor and TRTH Mibacbegin — and ends in December 2612.
The initial dataset includes 52.44 billion snapshots. Asitkxl in Appendix A-2, our sample selection
criteria are similar to these used by Korajczyk and Sadk@&20We require that each snapshot include
price and volume data for all levels and that prices increaseotonically throughout the book. We further
delete observations with Level 1 (Level 10) bid-ask spresuts/e 25% (250%), midprices below $1 or
above $1000. Next, we eliminate securities for which we aable to establish a link to data reported in the
Center for Research in Security Prices (CRSP) files, usmgiching procedure described in Appendix A-
1, and all securities other than ordinary common sharesllizieleting all firm-days with fewer than 100
snapshots in the TRTH data or fewer than 100 trades in then@@{fAQ dataset as well as observations with
incomplete CRSP or Compustat data results in a sample 09 3illion observations reported for 2,103
stocks over 2,740 trading days and 3.37 million stock-dageokations. Chordia et al. (2002) study the
relationship among liquidity, order imbalances, and megwuand argue that daily time intervals balance the

trade-df between reducing problems related to very-high-frequetatg and capturing short-ternffects

SAlthough the TRTH MD data are also available for stocks tiste NASDAQ, we follow Korajczyk and Sadka (2008) and
restrict our analysis to stocks listed on the NYSE due fieténces in trading mechanisms between the two exchanges.

5We exclude days for which the number of book snapshots pdingahour is less than 50% of the monthly average, namely
January 28th, February 1st, October 31st and November 2082, January 21st and October 15th, 2003, January 13tH, aad
May 4th, 2009. TRTH confirms technical problems related ta dallection for these days.
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among the variables of interest. In line with their argumeve aggregate all TRTH and TAQ liquidity
measures on a daily basis by computing their equally weitjhverage.

Of course, our dataset only reflects a part of all the liquigitovided by market participants. First,
the TRTH data do not include hidden orders. Second, the TRirkpcises only NYSE limit orders and
not limit orders from other markets, unlike TAQ data. Ouwiijty measures might therefore overstate the
actual transaction costs. However, as argued in Fong e2@4]§ and shown below, TRTH passes several

integrity checks and provides useful information on the tcast of trading.

3.2. Level | Measures of Liquidity

In this section, we briefly discuss some Level | measures coedpusing TAQ data, which mainly serve
as a validity tool for the TRTH data, as mentioned at the enSieation 2, and leave the details concerning
the computation of these measures to Appendix A-4.

We calculate all of the measures discussed in Holden anddaesd2014). Given the very high cor-
relations between some of their measures, we report resuolgsfor the percent quoted spread in basis
points PrctQuotedSpreadd percent &ective spread in basis pointEffectiveSpreadPercenttotal dollar
depth available at both the best bid and ask prices in millmfirdollars T otalDe pthDollay, the total dol-
lar depth imbalance between bid and ask sidest#lDe pthDollarimbalancg the percent price impact
in basis points PercentPricelmpagt and the buy-to-sell order imbalanc®rflerimbalancg Whenever
necessary, we use the Lee and Ready (1991) algorithm tafglasders into buys and sells. All measures
are computed from the monthly TAQ files using the “Interpetaifime Technique” proposed by Holden
and Jacobsen (2014). In addition to their measures, we stisoage buy- and sell-side illiquidity following

Brennan et al. (2012). Their buy and sell lambdas measumn#nket impact of trading on the ask and bid

"We also considered a time-weighted average, i.e., asgigmaater weight to snapshots that wereffiee for a longer period
of time, and our results remain similar.



side, respectively, and are thus conceptually similavit@lg andMCla. Finally, we also consider the com-

mon Amihud (2002) illiquidity measureédfnihudlllig) and the annualized realized volatilitRéalizedV gl

3.3. Descriptive Statistics and Correlations

Examining the relationship between Level | and Level Il meas computed from information beyond
the best bid and ask provides initial insights into the infation content of Level Il data. Table 1 presents
descriptive statistics for variables computed from TRTHeéldl LOB data (Panel (A)) and TAQ Level |

data (Panel (B)).

[Table 1 about here.]

We compute TRTH (TAQ) measures for 3.37 million firm-daysir8,250 LOB snapshots (6,666 trades)
per firm-day on average. The average (median) percent qsptead equals 20.3bp (12.0bp) for TRTH
data and 16.1bp (10.5bp) for TAQ data. Théelience between these can be explained by the fact that the
TAQ bid-ask spread is computed for the National Best Bid affe¢f(GJQNBBO) quotes, where the national
best bid (dfer) is the highest (lowest) quote available across all UgSkséxchanges, whereas the TRTH
bid-ask spread is computed based on NYSE data alone. Themeduwailable at the Level-1 bid and ask
equals 53.6 million USD on average, representing only aldnaation of the volume in the first ten levels
of the book, which equals 913.9 million USD. However, tragiarger volumes instantaneously is costly:
The average Level-10 bid-ask spread equals 2.8%. The dfdlath at the NBBO is substantially lower
than that observed for NYSE orders. For both TRTH and TAQ,dataobserve that the ask-side volume
is slightly larger than the bid-side volume, although thi$estence is not statistically significant. Marginal
transaction costMCI equal 3.2 bp per 1,000 USD on average for a roundtrip tradéndrwith the higher
depth of the ask side, selling is more expensive than buylihg.average transaction cost imbalance equals

47.3%. Overall, the level of and variation in TAQ measures @mparable to those reported in Holden
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and Jacobsen (2014). All measures except the LOB imbalaeesures exhibit substantial variation and

skewness.

[Table 2 about here.]

We now turn our attention to the correlations presented bieTa. TAQPrctQuotedSpreadnd TRTH
PrctQuotedSpregd ; are 90% correlated. Similarly,otalDe pthDollarbased on TAQ and its analog based
on TRTH,VIm__1, are also highly correlated at 87%. These results suggast dvel | information from
TRTH is similar to that from TAQ and confirms the integrity dfet TRTH dataset reported in Fong et al.
(2014). The remaining results are in line with intuition. gHer depth is accompanied by lower spreads.
Marginal transaction cost¥ICI are positively related to spreads and negatively relategbliome. The
correlation betweeMCla or MClg and the widespread Amihud (2002) measure of market impactiate
to 74%. Imbalances in depth afliC| exhibit a substantial negative relationship as expectedretations
between imbalance measures and illiquidity measures areitdicating that order imbalances capture

different information.

3.4. Time Series of Average Bid- and Ask-side Liquidity

Before analyzing the determinants of liquidity in the neattton, we present evidence on the variation
of market-wide LOB liquidity over time. We first examine theo&ition of transaction costs and their
imbalances over the entire sample period and then focus angels in liquidity around the 2008 short
selling ban. Figure 2 displays monthly averages of ask- @éhdilde transaction cosddCl, andMClg. The
upper plot shows value-weighted and the lower plot equadligited averages. We observe improvements
in market liquidity (decreases in transaction costs) pdhe financial crisis. In part, this decrease can be
attributed to the end of the market downturn induced by tivstlaf the tech bubble in 2000 and lasting

until early 2003. In relative terms, the decrease in tramsacosts was larger for firms with a high market
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capitalization, as reflected by the steeper decrease inallne-weighted relative to the equally weighted
average. We attribute the improvements in trading costs pui the financial crisis to the long-run trend
towards increased market liquidity documented by Brenriaal. 2012), amongst others. Trading costs
jump sharply in the aftermath of the bankruptcy of LehmantBecs and remain at high levels until market
valuations reached the bottom in early 2009. A similar pattan be observed following the burst of the
dot-com bubble. Liquidity began improving following the rkat turnaround in January 2003. Overall,

transaction costs are high when market valuations are lawalatility is high.

[Figure 2 about here.]

The time series of average imbalances in the LOB shown inr€igare less straightforward to interpret.
Consistent with the finding that sell lambdas tend to be higren buy lamdbas reported by Brennan et al.
(2012), buying in the LOB (accepting ask orders) is less rgpe than selling for the majority of the sample
period. The gap betweddIC andMClg is highest at the beginning of our sample period and decsease
until the onset of the financial crisis, when, during a vergtperiod in the fall of 2008, averagdCl yg
values reach peak levels above 0.05. As detailed in thewlly this increase is driven by substantial
decreases in the ask-side liquidity of financial stocks du&e short selling ban imposed from September

19th to October 8th, 2008 following the collapse of LehmaantBers.

[Figure 3 about here.]

Figure 4 displays daily averages of the transaction cosalamzeMClI,yg around the ban. The upper
figure shows value-weighted and the lower figure equally iteidj averages. Thefect of the short selling
ban on the limit order imbaland@lCl,yg of financial stocks is dramatic. On the first day of the ban; ask
and bid-side costs are approximately equal. Ask-side dostsase sharply following the implementation

of the short selling ban. While the ban is active, the volumsgghted average ask-side trading cost is
12



approximately four times as high as the bid-side cost. Imately after the end of the bartMCl g
declines to approximately zero. Théext is stronger for large than for small firms. To the best aof ou
knowledge, we are the first to document this finding. It addbéadiscussion on the usefulness of the short

selling ban, which has been questioned by academics antitipraars alike.?
[Figure 4 about here.]

To further decipher the sources of thieet, Table 3 documents changes in Level-10 spreads and vol-
umes around the 2008 short selling ban for financial serdioms (Panel A) and all other firms (Panel B).
For financial firms, the aggregate bid- and ask-side volunsemfable in the first ten levels of the book does
not change significantly. Only the level-10 mid-to-ask sprincreased significantly, driving the reported
results. In addition to the substantial decline in the adk-Bquidity of financial stocks, we also find signif-
icant decreases in ask-side liquidity for non-financial §irithis extends the evidence on spillovéiieets

provided by Boehmer et al. (2015).

[Table 3 about here.]

4. Determinants of Bid versus Ask Liquidity

A tremendous amount of empirical and theoretical reseaashbeen dedicated to identifying the de-
terminants of symmetric measures of illiquidity such ashikask spread. However, to the best of our
knowledge, evidence onftiérences in the determinants of buy- and sell-side liquiditimited to Brennan
et al. (2012). We complement their research by first compdiim-level determinants of bid and ask LOB
liquidity using panel data. We next analyze the time-sattetgrminants of market-wide (average) bid ver-
sus ask liquidity. Finally, we study commonality in bid arskdiquidity to understand whether firm-level

liquidity is partly determined by market liquidity.

8See Beber and Pagano (2013), as well as Christopher Cdehtme interview with Reuters, December 31, 2008.
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4.1. Determinants of Firm-Level Liquidity

To identify and compare the firm-level determinants of bitd ask-side LOB liquidity, we jointly esti-
mate seemingly unrelated regressions (SUR) of logdéd, andMClg measures and test for thetdrence
in codficients using a Wald test. We follow Aragon and Strahan (2@12) use logged liquidity as a de-
pendent variable in the first two regressions because bothm@@sures are heavily skewed. Furthermore,
we present results of regressions WiMC g as the dependent variable. Explanatory variables include
traditional determinants of the bid-ask spread, proxiedréme direction, and a set of control variables. In
all three regressions, standard errors are clustered &trthkevel following Petersen (2009).

Table 4 shows our results. In addition to the regressiomestis, we report indicators of the economic
significance of the relationship between the dependent goldreatory variables in the last three columns.
They display the product of céicient estimates and the standard deviation for each expligneariable.

As the first two regression models are log linear (the depandeiables aréogMCla andlogMClg), this
product corresponds to the log changeM€l, and MClg given a one-standard-deviation increase in the
explanatory variable. For the third model, it simply indesahow muctMClyg changes in absolute terms

given this increase.

[Table 4 about here.]

Our MCI measures capture the cost of trading in the LOB, wicichsists of a collection of bid-ask
quotes. It is thus natural to use variables in our regresdibat have traditionally been employed to ex-
plain variations in the bid-ask spread. These include a etamiaker’s order processing costs, his inventory
holding costs (Garman (1976), Stoll (1978), Amihud and Masaoh (1986), Ho and Stoll (1981)) and his
costs of adverse selection due to the risk of being pickétyan informed trader (Glosten and Milgrom

(1985), Kyle (1985)). In addition, several studies, inahgdChacko et al. (2008), argue that market makers
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can use their power to extract rents from selling immedidaparket making is not perfectly competi-
tive. We proxy for these four determinants as folloWsVe measure order processing costd asnover
defined as the log of the daily dollar trading volume repoite@RSP. Not surprisingly, the relationship
betweenT urnoverand our illiquidity measurekbgMCla andlogMClg is negative and highly significant.
Furthermore T urnoverhas by far the highest economic impact on trading costs. Asteredard-deviation
decrease T urnoverresults in an increase (stated as log change) of 97.9% @)IrOMCla (MClg).

As indicated by dierences in the cdiécients, the impact of urnoveris higher on bid-side liquidity than
on ask-side liquidity. This is also reflected by a positive aignificant relationship betwedrurnoverand
MClugs. Our proxy for inventory holding costs is realized voladyilRealizedV glwhich we compute from
intraday TAQ data. In line with expectations, the relatlipsbetween both of our illquidity measures and
RealizedVolis positive, statistically significant and economically anangful. A one-standard-deviation
increase in volatility increaseICl, and MClg by approximately 42% RealizedV oldoes not appear to
drive difference in bid- versus ask-side liquidity; thdéfeience between cfiients is insignificant. The
relationship between realized volatility aMICl,yg is negative but only significant at the 10% level. Given
the lack of more detailed information, we capt@empetitionbetween market makers as one minus the
Herfindahl index measuring the dispersion of trading volatr®ss exchanges based on TAQ data. Indeed,
we find a statistically and economically significant negatielationship betwee@om petitionand trading
costs. We further observe that its impact on bid-side lifyig substantially higher than that on ask-side
liquidity together with a positive and statistically sifoant codficient in theMCIyg regression. A poten-
tial explanation is that market makers are able to extragdri rents from the demand for immediacy on
the sell (bid) side because the need to sell shares quicklgisably more widespread than the urge to buy

them. Increased competition could accordingly reduceithedity provider's rent more on the bid than on

SFor an overview of empirical analyses of the bid-ask spresaiguthese and alternative proxies, see Bollen et al. (2004)
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the ask side. Finally, we include the Easley et al. (1996pabdity of informed trading PIN) estimated
based on the approach described in Lin and Ke (2011) andutbswder imbalanceAbsOrderimbalance
as proxies for the cost of adverse selection. The calculatid®IN is detailed in Appendix A-3° Again
in line with expectations, we find th&Cl increases in adverse selection costs. While the relatipnsh
statistically significant, the factor's economic impoxtaris relatively low.

Our next set of variables labelled “Trade Direction” capiwhether a stock is or has been under direc-
tional trading pressure. It includes contemporaneousrandealance Qrderimbalancg and return Red,
the previous day’s returiRetLag, as well as the Campbell et al. (2008) long-run excessnetutil the day
before ExretAvg. While the economic impact of these measures on bid- angidskliquidity is lower
than that of the traditional determinants, all of them eithgbsignificant and negative relationship with
logMCla and a significant and positive relationship wityMClg and are, in economic terms, the most
important determinants of imbalance in LOB liquiditiCl;yg. The higher lagged or contemporaneous
returns and the higher the buy-sell order imbalance, thiednigsk-side liquidity and the lower bid-side lig-
uidity. Loosely speaking, investors provide more bid arss lask side liquidity during or following falling
stock prices, while the opposite holds when stock prices riBhis evidence for contrarian behavior by
liquidity providers complements studies documenting @mdn behavior by liquidity takers. For instance,
Chordia et al. (2002) document increases (decreases) indhieet buy-minus-sell order imbalance follow-
ing market declines (increases). However, while they rigpat overall liquidity reduces in order imbalance
independent of its direction, we are able to separatefieets on bid- and ask-side liquidity. Our findings
are in line with the LOB model of Rosu (2009), which predidtatta sell order will decreases bid prices

more than ask prices.

0We compute order imbalance as théelience between the number of Lee and Ready (1991) buy milusders scaled by
their sum. We include the daily availabdsOrderImbalancé addition toPIN, as the latter needs to be estimated from longer
time series — we use data from the preceding month.
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Finally, our set of control variables includes logged maxagpitalization §izg, the Campbell et al.
(2008) measures log stock price winsorized at $15, marksidé ratio M B), leverage I(eve, profitability
(Profit), and cash holdinggC@ash), a dummy for financial services firms (FS), one for days dyvimich
the 2008 short selling ban was actiigaf), and their interaction. Liquidity increases$ize which is the
second most important determinani@MCI, andlogMClg in economic terms. The cfiicients of most
other controls are not surprising. It is noteworthy, howeteat the illiquidity of non-financial services
firms decreased during the 2008 short selling ban, indichyethe Ban codfticient. For financial stocks,
this increase was stronger on the ask than on the bid sideeTmelings suggest thaffects from the short
selling ban on financial stocks spilled over to unregulated-financial stocks. They are in line with the

evidence for illiquidity spillovers in regulatory experamts documented in Boehmer et al. (2015).

4.2. Time-Series Determinants of Aggregate Liquidity

Chordia et al. (2000) examine liquidity commonality andrppdd the need for research on the macro
determinants of liquidity. Before verifying the existermed significance of commonality in LOB liquidity
in the next section, we aim to provide an understanding offélators driving market-wide bid and ask
liquidity and their imbalance in this section. As documehiie Table 5, we regress the daily time series
of equally and value-weighted averages of M1 measureMCla, MClg andMCl g on independent
variables comprising those used by Brennan et al. (2012)dtyze the time series of their monthly buy- and
sell-side measures of liquidity. Their variables incluble ¥IX implied volatility index {/1X), the ratio of
the number of stocks with a positive contemporaneous rétuimat with a negative returtupDown Ratig,
today’s and yesterday’s market retufRef, andRet,Lag), as well as the TED spread measuring funding
liquidity (TED). We add the log of the market-wide dollar trading volume suead in billions of USD
(Turnovesy), as turnover is the most important determinant of LOB lilifyiat the firm level, and a dummy

variable for the 2008 short selling ban on financial stod&anj. Market returns and volume are computed
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from stocks listed on the NYSE, AMEX and NASDAQ. As in the poeis section, we assign these variables
to the categories “Traditional Determinants”, “Trade Bifen”, and “Control Variables”. As opposed to
firm-level MCI measures, their averages are not plagued by heavy skevarebsye therefore do not
estimate log-linear regressions but use the non-transi@MC| measures as dependent variables. As in the
previous section, we report indicators of the economicigmce of the relationship between dependent
and explanatory variables, which are displayed in Panel Babfe 5. It reports the product of dbeient
estimates and the standard deviation for each explanasmigble. In contrast to the previous section, none
of our dependent variable is logged. These statistics tidisate how much the dependent variable changes

in absolute terms given a one-standard-deviation incrieetbe explanatory variable.

[Table 5 about here.]

Our findings indicate that the macro equivalents to our nmagbrtant determinants of firm-leveiCl
measures are indeed important determinants of aggregaelig@dity and imbalance. Again, turnover
(Turnovesy) and volatility /1X) drive aggregate LOB liquidity. Their relationship withwedly and value-
weightedMCla andMClg is statistically highly significant. In addition, they abettwo most economically
important determinants of LOB liquidity. The impact ©rnoveg, on both equally and value-weighted
bid side liquidity MClg is substantially more negative than BICl. Results for the relationship between
measures of trade direction, including contemporanedusn® lagged returns, and thipDown Ratig are
mixed. Their relationship wittMCla and MClg varies across regression specifications, and even statis-
tically significant relationships are of low economic imfamce. However, consistent with our firm-level
results, their impact oMClg is higher than that oMCl, and all of them are negatively related to equally
and value-weighted LOB imbalanddCl,yg. When markets rise, bid-side liquidity deteriorates mare (
improves less) than ask-side liquidity. This indicateg tha previously documented contrarian behavior of

liquidity providers at the firm-level carries over to the aggpte market.
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Surprisingly, while (not reported) bivariate correlasdretween the TED spread and MIC| measures
are positive, the relationship becomes negative afteralling for other factors in three out of four regres-
sion specifications. For our dataset and at an aggregate Wevean therefore not confirm the hypothesis
that limited funding liquidity during the financial crisisale transaction costs, as would be expected from
Brunnermeier and Pedersen (2009), for instance. Tfierdntial impact of the 2008 short selling ban on
bid versus ask liquidity displayed in Figure 4 remains digant in this multivariate setting, as indicated by
the significant dtference between tigancosdficients and the positive and significant relationship betwee
BanandMClug.

Overall, our results on the relationship between tradirgjcand explanatory variables are in line with
our expectations based on the predictions of microstraaturdels and the study of aggregate market lig-
uidity by Chordia et al. (2001). However, neither the théoed nor the empirical literature provides much
guidance on whether the explanatory variables should haydifierential relationship with the ask and bid
sides. The only exception is Brennan et al. (2012), who aeadifferences in the determinants of monthly
Level | estimates of buy- and sell-side liquidity. Our réswn the time-series determinants of aggregate
liquidity complement theirs in that they are based on daidyé! Il data comprising the financial crisis,
confirm the diterential impact of the 2008 short selling ban on bid verskdigaidity, and highlight the
substantial economic impact dfurnoveg, andV X on liquidity. As volatility, turnover, and returns drive
LOB liquidity both at the firm and aggregate levels, a natueitt step is to examine the prevalence of

commonality in liquidity.

4.3. Commonalities in Bid and Ask Side Liquidity
In this section, we study commonalities in liquidity vailieda As Korajczyk and Sadka (2008) note, the
absolute level of illiquidity only requires a small premiumcompensate investors for higher transaction

costs. In contrast, systematic comovements of individutdd market-wide liquidity can justify substantial
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liquidity premia. Accordingly, commonality in market ligiity has important implications for asset pricing.
We contribute to studies confirming the prevalence of conatitynby documenting dierences in bid-

versus ask-side commonality and by studying it's time amgaround the financial crisfs.

4.3.1. Estimation
Commonality in LOB liquidity implies covariation betweetosk-specific and aggregatdC| mea-

sures. As in Chordia et al. (2000), we estimate the followimagket model of liquidity for each stock:

ALIQit = aj + B1iALIQmt + B2iALIQm -1 + B3iALIQmt+1 + BxiXt + &its (6)

whereALIQ;; is the percentage change in stock i's liquidithQ from trading day t-1 to t andL1Qy; the
contemporaneous change in the cross-sectional averdg&ofX; represents control variables including
lagged, contemporaneous and lead market returns, as wiblk aslative change in the realized volatility
of stocki. Studying changes rather than levels reduces econometititeps due to the persistence of lig-
uidity. When computing average market liquidityQuy, we exclude stock This avoids an overestimation
of commonality due to noisy data and outliers. Moreoveg #pproach implies that the average beta of all
stocks does not necessarily equal one. As highlighted bydidnet al. (2000), although this adjustment has
a minor dfect on the explanatory variables and thus theffament for each stock, it can substantialljesct

average betas.

4.3.2. Commonality in the Pooled Sample

Table 6 presents the results of stock-level regressiomg) ukita from the entire sample period. Com-

monality is documented for bid- and ask-side LOB liquiditydats imbalance. In line with Chordia et al.

11studies documenting and explainingfdient features of commonality include Chordia et al. (20@@ughenour and Saad
(2004), Korajczyk and Sadka (2008), Kamara et al. (2008m&ton-Forde et al. (2010), and Karolyi et al. (2012).
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(2000), the results confirm the existence of commonalityoth1Cl, andMClg. The sum of concurrent,
lead and lag cd@écients is positive and significant, and market liquidity tridnutes 1.6% (1.5%) to the
explanatory power oMClg (MCl,) regressions on average. While thiffeience in marginal explanatory
powerAR? is insignificant, the economic magnitude of commonalityigmiicantly larger on the bid than
on the ask side. The sum of the three market illiquidityfiorents equals 0.62 for the former and 0.54
for the latter. An intuitive explanation for this is that rkat participants’ need to sell is likely to co-move
more systematically than their need to buy, especiallynivesi of economic distress. Market sells (which
are matched with and thus eliminate limit buy orders) are filely to co-vary more systematically than
market buys. Similarly, the number of placed limit buy (biddlers is then likely to decrease in a more sys-
tematic fashion than is true for limit sells. To further istigate this hypothesis, the next section examines
changes in the level of commonality around the financialsris

Liquidity imbalancesVIClyg show no signs of commonality. On average, none of the thref@dents
is significant. The medianR? is zero. This indicates that the strong positive relatigmdletweenMClivg
and stock returns documented in Section 5 is not due to thimgrof a systematic liquidity factor but rather

reflects temporary and idiosyncratic price pressure.

[Table 6 about here.]

4.3.3. Time Series of Commonality

In this section, we explore variations in commonality overe. Given the lack of commonality in
MClivg, we do not report time series results for this variable bstead focus orMCls and MClg.
Table 7 presents the results of the stock-level regressiessribed above estimated using data from each
semester instead of the full sample period. Each row in Taldbows averages and statistics from a t-
test for the sum of all three market liquidity dfieients (Sum), together with averagdR?. During the
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2008 financial crisis, LOB liquidity of firms in the financiadiwices industry wasfBected by factors less
relevant for industrial firms, including the short sellingrbon financial stocks discussed in Section 3. We
therefore report commonality results for the subsamplenainitial services firms (SIC codes 6000-6999)

and industrial firms (all others) separately.

[Table 7 about here.]

We find substantial time variation in liquidity commonalitgommonality increases for both industrial
and financial services firms on the bid and ask side during ti@adial crisis, peaking in the second half
of 2008. In line with our hypothesis stated in the previoustiee, AR?s are significantly higher on the bid
than on the ask side. Our results indicate that bid-sidédityis more prone to being driven by systematic
factors in times of crisis than is ask-side liquidity. Thisding dfers one explanation for why the premium
for sell-side liquidity is higher than that for buy-side digity, as reported by Brennan et al. (2012) and
Brennan et al. (2013). In contrast to the peak of commonatityre core of the financial crisis at the end
of 2008, the substantial increase in commonality in the sédwlf of 2009 is puzzling, and we leave it to

future research to identify its causes.

5. Predictive Power of Bid versus Ask Liquidity

In this section, we analyze the power of our MCIl measures édlipt stock returns. We first make
predictions concerning the channels through which we éX{p®@8 liquidity to affect returns and then test

our hypotheses in-sample and out-of-sample through piorgorts.

5.1. Two Channels for Return Predictability

There are two known channels through which LOB liquidity efiect returns. First, Cao et al. (2009)

and Brogaard et al. (2014) argue that an imbalance betwdearse buy-side liquidity can result in short-
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term price pressure and document a positive relationshiwdas Level | order imbalance and next-day

stock returns. Translating their finding to the LOB, shai-returns should be high when the bid side is

more liquid than the ask sid®éClg < MCla). Second, the existence of a liquidity premium documented
in numerous studies including Amihud and Mendelson (19B8nnan and Subrahmanyam (1996), and
Amihud (2002) implies that long-run returns increase irhdaggedMCla andMClg.

Taken together, we expect the following. The first channglli|es a positive relationship between im-
balance MCIvg) and returns, which is more pronounced for daily than for thigrreturns. Both channels
imply a positive relationship between ask illiquiditiCl,) and both daily and monthly returns. In con-
trast, the relationship betwe@iClg and returns is less straightforward to predict. We expetitiuidity
premium to result in a positive relationship between lagylig and monthly returns and the relationship
betweenMCIg and next-day returns to be less positive thanMiiZ 1. To test these predictions, we report
results for in-sample predictive regressions of daily arahtinly returns on our threMCI measures, as

well as for daily and monthly portfolio sorts.

5.2. In-Sample Predictability

We first estimate linear regressions for the pooled samptecifically, we regress daily or monthly
return on lagged values dfCla, MClg or MCl;yg and control for lagged returns in each regression.
Table 9 presents céi&ient estimates and HAC standard errors. The left side ajspthe power of bid-
versus ask-side liquidity in forecasting daily returnslife with our expectations, daily returns increase in
laggedMCl g andMCla and less so itMClg. Signs and levels of significance are identical in regressio
with monthly returns, displayed on the right side of the ¢alilowever, theViClg codficient is no longer
lower than theMCla codficient, which is consistent with the prediction that the iitity premia channel

dominates at longer horizons.
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[Table 8 about here.]

We complement the in-sample results for the pooled samplefinin-by-firm predictive regressions that
include the same variables as before. We require a stock/edtdeast 24 monthly or 63 daily observations
to be included in this analysis. Figure 5 presents the (winsd) distribution of the cd&cient estimates
on theMCI measures from the firm-by-firm predictive regressions. Weplement the histogram with the
descriptive statistics of the (unwinsorized) distribatio Table 9.

Overall, codficient signs and significances are similar to those foundhermpboled sampl¥ At the
daily level, an increase in botkCl, and MClg predicts, on average, higher returns. In line with our ex-
pectations, the evidence is stronger Kd€1a, which has a positive and significant ¢ibeient estimate for
25% of the stocks in our sample, compared with 14%NtE1g. This is also reflected in the cfiieient
estimates on laggeMCl,yg, which, on average, positively predicts daily returns. A& tmonthly level,
results are similar for the predictive relationship betwaad returns antCl as well asMClg. However,
the predictive relationship betwe@nCl;s and monthly returns is less clear at the firm level. Theftcoe
cient estimates on laggedCl g are almost symmetrically distributed around zero, withadian equal
number of positive and negative dheient estimates and only approximately 8% that are sigmificahis
suggests thatCl g does not possess much predictive power at longer horizahs @onsistent with the

prediction that the liquidity premia channel dominatesatler horizons.

[Figure 5 about here.]

[Table 9 about here.]

2The adjusted Rof the firm-by-firm regressions are very low and are not reggbfor brevity. This is not surprising, as it is
well known that stock returns are notoriouslyfdiult to forecast.
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5.3. Portfolio Sorts

Finally, we verify the robustness of the in-sample evidebgeconducting portfolio sorts. Table 10
reports equally and value-weighted returns (Panel A) andfactor alphas (Panel B) of portfolios formed
on a daily basis. At the end of each trading day, stocks aigressto a portfolio according to the quintile
of their MCI measure and held until the end of the next trading day, whenpoetfolios are defined. Of
course, these portfolio strategies are very costly to implat given the ongoing rebalancing. Our results
therefore do not indicate whether a strategy is profitaktier éafading costs. Rows 1-5 report returns and
alphas of the respective portfolio. For alphas, reportgélanel B, we also display the level of significance
to test whether they areftierent from zero. We omit the results of these tests in PanakAll portfolio
returns are significantly positive. Table 11 reports theesamsults but for portfolios formed at the end of

month M (depending on the averalyeC| value in M) and held until the end of month-M.

[Table 10 about here.]

[Table 11 about here.]

Our results strongly support our initially stated hypotges Equally weighted daily returns and alphas
increase significantly iMCla andMCl g but not inMClg. Over one year (252 trading days), the return
on the equally weighted higMCl;yg portfolio is 21.17% higher than that of the IdWCIyg portfolio. In
fact, the four-factor alpha of the latter is negative, iadiieg that there is both upward and downward price
pressure. The higMCl g quintile alpha of 5.948 basis points per day is substantakvever, entering

a long position in highMCl,yg implies buying stocks with an illiquid ask (sell) side, whiis particularly
costly. Comparing equally weighted to value-weighted Itesthe price pressure hypothesis only appears
to hold for smaller stocks. The return and alpha of the highesaveightedMCl,g portfolio do not difer

significantly from those of the loWICl,yg portfolio. This is not true foMCl, which may be because it
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also captures the second channel through which liquidigces returns, liquidity premia. These become
more visible in monthly portfolio sorts. In line with our hgthesis, returns and alphas increase in both
MCla and MClg. While the diference between high and IoMCI is not statistically significant, this is
likely due to the relatively low number of months covered iy sample, which limits the power of this
monthly analysis. In sum, our results are in line with theuargnt that lagged liquidity carffact short-run
returns by creating price pressure and is positively rdl&ddong-run return because investors demand a

premium for holding illiquid stocks.

6. Conclusion

Recent studies have highlighted the importance of separaéll- and buy-side liquidity. In this article,
we use limit order book data to study bid- and ask-side ligyiat a daily frequency over the period 2002-
2012. We contribute to the data on market microstructuggiidity, and asset pricing in multiple ways.
First, we introduce the marginal cost of immediacy as a neasme of Level Il liquidity that exhausts the
information on price and quantity in a given LOB. Our measareonceptually similar to some liquidity
measures obtained from Level | data such as Kyleesxd Brennan et al.’'s measures of buy- and sell-side
liquidity. Second, to the best of our knowledge, we are ttst for explore the LOB data provided by TRTH
for a comprehensive sample of NYSE stocks. We describe haleém the TRTH data and how to match
them to the CRSP files. We compare liquidity estimates basddweel Il data to common Level | liquidity
estimates and examine the time-series evolution of bid-askeside liquidity. Fourth, we disentangle the
determinants of bid- and ask-side liquidity at the aggretmatel and at the firm level and provide evidence of
persistent contrarian behavior in limit orders. In addifizve document that liquidity commonality varies
substantially over time and ftiers between bid- and ask- side. Finally, we show that LOBidigu and

imbalance predict returns at the daily and monthly levels.
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The relevance of our results extends beyond academic obse@ur analysis of changes in bid- and
ask-side liquidity around the 2008 short selling ban cap belicy makerdo understand the mechanisms
through which regulatory interventiongfact liquidity provision. We document that the ask- but nat-bi
side liquidity of financial stocks deteriorated during thenb Furthermore, we show that the liquidity of
non-financial firms also changed significantly, indicatingemtial spillover &ects. Our study can help
investorsto understand when flierentiating between ask- and bid-side liquidity matterstikes, it can
be cheap to buy but expensive to sell and vice versa. Stegté@giended to reduce transaction costs should
depend on the trade direction. Furthermore, we documeht®B imbalances reflect price pressure and
can predict daily returns, while the predictive power of L@duidity for monthly returns appears to be
driven by liquidity premia.

Our results indicate potential for future research usimgtlorder book data. For instance, it would be
interesting to further examine the impact of regulatorgiméntion on liquidity provision by studying the
effect of Regulation SHO on the LOB. Comparing the LOBs of NASD&@ NYSE can provide insights
into the relevance of flierences in trading mechanisms on liquidity. Finally, feteesearch could explore

whether information in the LOB can be used to predict the délighoments of the return distribution.
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Appendix

A-1. Matching TRTH and CRSP

The primary security identifier in the TRTH data is the Resifastrument Code (RIC), which consists
of a security’s ticker symbol and an optional extensiondating specific exchanges or security types. The
primary identifier of a security in the CRSP database is itsnlRe. The only additional identifier in our
TRTH dataset is the company name. As tickers and companyseang over time and across databases,
they are known to be unreliable identifiers for matching bases.

We therefore establish a table allowing us to link TRTH andSBRlata on a daily basis using three
matching criteria: the level of closing prices, the coriela between closing price returns and similarities
in the ticker or company name. In sum, we consider the caitieribe strict and, accordingly, the resulting
link to be conservative. Despite the strictness of the link, nevertheless cover more than 98% of the
volume in NYSE common stocks included in the CRSP databake. fdllowing describes the matching
procedure in greater detail.

In a first step, we identify the CRSP security that best matthe price patterns of a TRTH security in
a given month from the entire universe of NYSE-listed sdmgireported in CRSP for each TRTH stock-
month. To do so, we need daily time series of closing pricehil&\d CRSP closing price is typically the
last transaction price, we derive the TRTH closing pricehasltevel-1 midprice of the last book snapshot
reported for a stock during trading hours. We then gathetithe series of daily closing prices reported
in TRTH and CRSP into monthly blocks. Stock-months with feti®n 10 prices are excluded from the
matching procedure at this stage. Links for such stock-hsonith very few observations are established
using the links obtained from the months around them in & &i&p.

We now compute two matching parameters, price distance etndircorrelation. The former is the

average absolutefiierence between the time series of prices for a given stocgivea month. The second
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is the correlation between returns computed from the pritfes1 a given month, the CRSP security with
the highest correlation is also the one with the lowest pdistance, we save the CRSP Permno identifier
together with the value of both matching parameters. If #hisot the case, but the CRSP stock with the
highest correlation with the TRTH stock in a given month hasagerage price distance of less than 1%,
we use this as the best match and again save both paramdtexs.bést match has been identified yet
and the correlation computed for the security with the ldwe&e distance is at least 90%, we use the
minimume-distance security as the best match.

This step produced a matrix containing a Permno for each rRé@th for which a best match was
identified. We observe very few outliers in these Permno serées, indicating the validity of the employed
matching criteria. We replace these outliers with the Perfimik from the surrounding months.

In a next step, we validate the monthly link by comparing tH€ Rlentifier — which contains the
security’s ticker symbol — to all CRSP tickers reported ia @RSP names file for a given Permno. If we
find a CRSP ticker symbol that fully matches the RIC ticker nlydifters by one- or two-digit ticker
extensions included in the RIC, we consider a link valid. &bnon-verified links, we manually compare
the company names from CRSP and TRTH. If these are not iééntie discard the link. Out of 6959
TRTH securities for which we identify a link in at least onemtio, only 14 are not verified based on ticker
or company name.

Finally, we translate the monthly linking table to a dailyeoto avoid losing data from stock-months
with fewer than 10 price observations. In a month withoutnd,liwe use the link from the preceding or
subsequent month. We then identify the beginning (ending) day of a link as thst flast) one with a price

distance of less than 5%.

B3This never causes a conflict because there are no occurrehsiek-months without link that are preceded by a link ihat
different from the subsequent link.
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A-2. Sample Selection

Securities in the TRTH database are identified by the Relrtsteument Code (RIC). Between 2002
and May 2006, the MD database includes RICs ending with “,GXCX> denoting Nasdaq's Computer-
Assisted Execution System (CAES). According to Thomsont&sythe CAES quote is the best aggregated
quote from market makers participating in the Intermarkeding System (ITS). We compared data entries
between securities with RICs ending in .CX to their courderpot ending in .CX for randomly selected
dates and found that the data are fully identical. We theeedaclude all securities with RICs with a .CX
ending.

After the exclusion of these double entries, our initialadat includes 52.44 billion snapshots. We
require each snapshot to give a full picture of the book,uskng any snapshot for which order price or
volume data are missing for any level of the book. This rediiee number of snapshots to 49.61 billion. We
next limit the sample to snapshots for which prices aretstmmonotonically increasing over the 20 levels
of the book. This eliminates all negative bid-ask spreadk datreases the sample size to 44.83 billion
snapshots. In line with Korajczyk and Sadka (2008), we dedatries with very large bid-ask spreads and
those not reported for NYSE trading hodfsWe then delete observations with a midprice of $1 or less or
$1000 or more, yielding 44.49 billion observations. Limgiour sample to securities for which we are able
to establish a link to data reported in the Center for Resear&ecurity Prices (CRSP) files as detailed in
Appendix A-1 further decreases this number to 42.83 billiBemoving all securities other than ordinary
common shares identified by a CRSP sharecode of 10 or 11s@swur sample of 31.32 billion LOB
snapshots. Finally, deleting all firm-days with fewer th&® knapshots in the TRTH data or fewer than
100 trades in the matched TAQ dataset as well as observatitmsut return data in CRSP or balance sheet

information in Compustat results in a sample of 31.19 hillabservations reported for 2,103 stocks over

We delete observations with a Level-1 (10) ask price thatdgenthan 25% (250%) higher than the Level-1 (10) bid price.
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2,740 trading days and 3.36 million stock-day observatidr®e following overview summarizes how the

above criteria reduce the sample st2e.

Criterium billion snapshots left

Delete snapshots ...

.. with missing price or volume 49.61
.. without strictly monotone price schedule 44.83
.. with large bid-ask spreads or outside trading hours 4.4
.. without link to CRSP data 42.83

.. which are not ordinary common shares 31.32

.. with fewer than 100 TAQ or TRTH observations

per day or missing CRSP or Compustat data: 31.19

A-3. Comparison of the Marginal Cost of Immediacy and the Xeta Liquidity Measure

MCI is conceptually and empirically closely related to the Hyyedical Transaction CosH(T Cy) for
a given order volumé&/. HTCy measures how much an investor pays in bid-ask spread if he dy
sellsV in the book instantaneously and is published by the Germack®xchange under the label “Xetra
Liquidity Measure” to describe the LOB liquidity of tradedarities'® In Figure 1, theHT Cy-us b 1mio
corresponds to the length of the horizontal line and equapscximately 5.5 basis points. Relative to
HTCy, MCI has two main advantages. FirMCl exhausts all information from the book, whit¢éT Cy,
only uses information up to the level at which the cumulatistume reache¥.!’” Second,MCI can be

calculated for any stock, whilelT Cy is restricted to LOBs with a cumulative bid and ask volume tof a

Byvariables obtained from CRSP include share code, markeétatiaption (number of shares outstanding times closinge)r
daily returns, and Standard Industry Classification (Sti)es. Compustat balance sheet information comprises Hreegly items
of total assets, cash and short-term investments, totalitias, net income, and equity book values.

16See Roesch and Kaserer (2014).

In the example given in Figure 1, the measure ignores therirdtion contained in levels 7-10 of the ask schedule.
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leastV. This makedH T C unsuitable for studying a wide cross-section of stockshdlgh we accordingly
do not report results foH T C, we observe that in a given size category (allowing HEC measure to be
meaningful across all stockd)l TCy andMCI are almost perfectly correlated.

We aggregate all TRTH measures on a daily basis by compuiigig équally weighted average. To
avoid spurious results due to extreme outliers, we winsalkLevel | and Level Il variables by setting the

value below the 0.1 fractile (above the 99.9th percentitg)adto the value of the 0.1 (99.9) fractile.

A-4. Calculation of Level | Measures

The following details the calculation of Level 1 measurediauiidity computed from TAQ data. The
first set of level | liquidity measures is based on Holden aaxbbBsen (2014). The authors compare the
quality of a wide range of liquidity measures constructahfithe expensive Daily TAQ (DTAQ) database
to measures based on the more commonly used Monthly TAQ (M TR@abase. While they conclude
that DTAQ is the first best, they suggest an interpolated tichnique that makes it possible to improve
the quality of MTAQ measures. We use these improved MTAQ nressas a benchmark to assess the
marginal information content of our Level Il measures. @iviee substantial correlation between some of
their measures, we report results only for the following sueas. Whenever necessary, we use the Lee and
Ready (1991) algorithm to classify orders into buys andssell

The percent quoted spread over a certain time intedairing a trading day is given by:

As—Bs

S

PrctQuotedSpreagd=

()

whereAs andBs are the National Best Ask and Bid prices during a certain timerval s, respectively, and
Ms is the corresponding the midquote during the same timevialtere., the average @ andBs. Then, a

stock’s daily percent quoted spread is calculated as the-weighted average éfrctQuotedSpreadover
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all time intervals in a given trading day.

The percent £ective spread for a given tradétes defined as:

EffectiveSpreadPercept %{Mk) (8)
whereDy is a trade direction indicator based on the Lee and Readyitigoand is+1 if the kth trade is
a buy and -1 if the kth trade is a selPy is the transaction price of the kth rate, allg is the midquote
price assigned to the kth trade based on the time interpolétichnique proposed by Holden and Jacobsen
(2014). Then a stock’s daily percenftective spread is weighted averagebgfectiveSpreadPercegnover
all trades during a trading day where the weights are thedatllume of each trade.

The total dollar depth available at both the best bid and askgfor a time intervasis given by :
TotalDepthDollag = Bs x QF + Ag x Q4 (9)

where Q% and QE are the total quantities available at the best ask and biteguoespectively. A stock’s
daily total dollar depth can then be calculated as the tire@ghted average of total dollar depth available
over all time intervals. The total dollar depth imbalancén®en bid and ask sides is defined as the time-
weighted average of the ratio of dollar depth available atist ask price to total dollar depth available at
both the best bid and ask prices.

The percent price impact for the kth trade is given by:

2D (My45 — My)
My

PercentPricelmpagt= (10)

whereMy,s is the midquote price five minutes after the kth trade. Thegrrprice impact for a stock in a
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given trading is the dollar-volume-weighted average otpaet price impact over all trades.
We include two diferent measures of imbalance against which we can benchmagkiocipal measure
of imbalanceMCl;yg. Similar to Holden and Jacobsen (2014), we compute a meaforder imbalance

as:

Ng — Ns

Orderlmbalance= ,
NB + NS

(11)

whereNg andNs are the number of buys and sells according to the Lee and R&8€@¢) trade classifica-
tion. In addition, we calculate the Level 1 quantity imbalaras:

Ag X Qé

TotalDepthDollarimbalance- 5 A
Bsx Qs + As X Qs

(12)

where the denominator corresponds to Equation 9.

We estimate the Brennan et al. (2012) buy and sell lambdis\violg using the regression specification:

Apy = a + Apuy(Ql G > 0) + Asen(Glok < 0) + (Dt — Di-1) + Wi, (13)

whereépy is the change in the price of a stock from one transactiong@éxt,q; is the transaction quantity,
g > 0 andg; < O indicate whether a transaction is classified as a buy orasebrding to the Lee and
Ready (1991) algorithm arid is the sign of the orderl for buys, -1 for sells) at time t. Lambdas capture
liquidity as price impact based on the relationship betwesler flows and returns and are conceptually
derived from the work of Glosten and Harris (1988). Accogdia their frameworky; is the unobservable
innovation in the fundamental value that, in the estimatmmresponds to the error terng. is the zero-
quantity bid-ask spread. We divert from Brennan et al. (2@i2vo ways. First, while Brennan et al. (2012)

estimate the regression using one month of TAQ intraday, @&ado so on a daily basis for consistency
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with our dataset. While this of course renders the estimae® noisy, they can still be used to obtain
meaningful empirical results, as will be shown subseqyerflecond, we defing as the dollar quantity
traded rather than the number of shares traded. In sum, #rBn et al. (2012) approach is an alternative
for obtaining buy- and sell-side liquidity from widely alable TAQ data.

The Amihud illiquidity measure for a trading day is defined as

[ril
Pk * Qk

K
Amihudllliq = % D (14)
k=1

wherer, is the return on a stock between ttke<(1)" andk™" trade,Qy is the share volume corresponding
to the kth trade, ani is the total number of trades in the trading day. The realz#ditility of a stock for

a given trading day is calculated as the sum of squared setimes /(252), i.e.:
K
RealizedVok V252 )" (1)’ (15)
k=1

We aggregate all TAQ liquidity measures that can be complitkeby-tick to daily averages. Variables
estimated from time serieRéalizedV gl Amihudlllig, and lambdas) are computed at daily frequency. To
avoid spurious results due to extreme outliers, we winsalkLevel | and Level Il variables by setting the

value below the 0.1 fractile (above the 99.9th percentitgjatto the value of the 0.1 (99.9) fractile.

A-5. Calculation of PIN

PIN is the probability of informed trading described in Easléle (1996) and Easley et al. (2002).
To obtain monthly estimates of PIN for each firm, we follow #pmoroach described in Lin and Ke (2011).
Specifically, we estimate the parameters of the structucalahby maximizing the joint probability density

function of the observed numbers of bug énd sells §) in a given month for a given firm, rewritten in a
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more accurate fashion to reduce biases due to numericdepmeb

L(01B,S) = log(adexpEr — emax) + a(1 - 6) expEz — emax) + (1 — @) eXpEs — emax))

+ Blog(ep + u) + Slog(es + 1) — (ep + £s) + €max— l0g(S!B!)

whereq is the probability of an information eventi,is the probability of a bad signaty, andeg are the
arrival rates of uninformed buys and sells,respectivelig the arrival rate of informed trades, = —u —
Blog(1+u/ep), & = —u—Slog(1+u/es), €3 = —Blog(1+u/ep)—Slog(1+u/es) andenax = maxer, e, €3).

We restrictey, s andu to be greater than 0.5 and bathandé to be between 0.025 and 0.975. We use
the NLP procedure (NonLinear Programming) of SAS to for teneation. The PIN, which is the ratio

of mean informed trades to mean total trades, can then belatd based on the estimated parameters as
follows:

aj

PIN= ———
Qi+ Ep + Es

(16)
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Figure 1:A sample snapshot of a limit order book

This figure displays the snapshot of the limit order book ®Mlon July 2nd, 2007 at 3 PM. The upper graph plots the limit
order prices (line measured on the left axis) and quantjiess measured on the right axis) as reported. The left gid sides
show bid (B1 to B10) and ask (Al to A10) information for the ffiten levels of the book, respectively. The lower panel prese
a transformation of the reported limit order book, whereltgarithm of the volume-weighted average price (VWAP) & tsk
(bid) side scaled by the midprice measured in basis pointa@r-axis is plotted against the cumulative dollar volurhthae first
ten levels of the ask (bid) side measured in USD million onytfaeis. Each plus signH) corresponds to a level of the limit order
book. The midprice is denoted by zero on the x-axis, and thieidie is measured to the left of the midprice, while the agdk &

on the right.

41



0.5 T T
Value-weighted MCI Al

0.45 — \

N — — — Value-weighted MCIB

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

| | | | | | | | | |
0
Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07 Jan-08 Jan-09 Jan-10 Jan-11 Jan-12

7 T T
Equally-weighted MCIA
6 Equally-weighted MCIB —

| | | | | | | | | |
0
Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07 Jan-08 Jan-09 Jan-10 Jan-11 Jan-12

Figure 2:Monthly time series of ask- and bid-side transaction costs

This figure displays the monthly averages of daily marketensk- and bid-side transaction cdgt€ 1, andMClg in basis points,
computed as the value-weighted (upper panel) and equalfyhvesl (lower panel) averages of ask- and bid-side traimsacosts
for individual stocks.
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Figure 3:Monthly time series of MCI imbalances

This figure displays the value-weighted (black line) andadiguveighted (grey line) averages of imbalances betwe&n asd
bid-side transaction cosMCl g = (MCla— MClg)/(MCla+ MClIg) of individual stocks. For visualization purposes, we tigp

monthly averages of daily data.
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Figure 4:Daily time series of transaction cost imbalances around20@8 short selling ban

This figure displays value-weighted (upper panel) and éguatighted (lower panel) averages of daily imbalances betwask-
and bid-side transaction cof4Cl,yg = (MCla — MClg)/(MCl + MClg) around the short selling ban imposed on financial
stocks (SIC code 6000-6999) between September 19th andh@@th, 20080 and+ denote financial and non-financial stocks,
respectively. The vertical dashed lines denote the beginand end of the short selling ban.
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Figure 5:Histogram of firm-by-firm predictive cfitcients

This figure presents the cross-sectional distribution efdbeficient estimates on the lagged valuesvi€ I (left column),MCla
(middle column) andMCl g (right column) from the predictive regressions of daily fap panel) and monthly (lower panel)
stock returns on their own lagged values and each of thesables, separately. The histograms and summary statéstdsased
on the distributions winsorized at 5% and 95%. The regressiwe estimated via least squares separately for eachwsiibcit
least 63 observations for daily and 24 for monthly analyEre white bars present the percentage offocient estimates that fall
in each bin, while the black bars present the percentagesfficient estimates that are significant at the 5% level basedAd H
standard errors. The vertical line is at zero and distirgdgositive from negative cfiient estimates.
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Table 1:Descriptive statistics.

This table presents descriptive statistics for variabeaputed from TRTH Level Il LOB data (Panel (A)) and TAQ Levaldta
(Panel (B)). The former include the relative (as opposedtiad bid-ask spread for level 1 and level Bx¢tQuotedSpread, and
PrctQuotedSpread, ), the dollar volume available at the first, as well as all tbsayved levels of the LOBAIM -, andVIm__0),

the imbalances between ask and bid side voluienfyg -1 andVImyyg-10), the bid- and ask-side marginal cost of immediacy
and their logged valuedClg, MCl4, logMCl,, logMClg) and its bid-ask imbalancéClyg), together with the number of book
snapshots observed per firm-day. Measures computed for B®include the relative best bid-ask spreBc{QuotedSpregyl
the relative &ective spreadBffectiveSpreadPercentthe total volume available at the best bid and as&télDe pthDolla) and
the according bid-ask imbalance dtalDe pthDollarimbalancg and the relative price impacPércentPricelmpagtas used by
Holden and Jacobsen (2014), as well as the annualizededalitatility (RealizedV gl the Amihud (2002) measure of illiquidity
(Amihudlllig), the order imbalance (buys - sef®uys + sells) Orderlmbalancg and the Brennan et al. (2012) buy and sell
lambdas and their imbalancg élILambdaBuyLambdalLambdalmbalancde The calculation of thefeective spread, the relative
price impact, order imbalance, and lambdas require thsifilzetion of trades into buys and sells, which we obtain gishe Lee
and Ready (1991) algorithrbpindicates basis points.

(a) TRTH Variables
Mean  StdDev 1% 25h 50h 750 9gh
PrctQuotedSpread, [bp] 21.442 26938 2652 7.305 12808 24185 139615
PrctQuotedSpread,, [bp] 667.240 1,243459 29210 84025 184905 622924 6061729
VIm-; [USD mio.] 50688 81849 2625 16917 31039 57381 330817
VIm__10 [USD mio.] 913882 1,072418 49021 306952 614791 1,118703 5410087
Vimye-1 0.025 Q104 -0.236 -0.034 Q017 Q078 0324
VImive, =10 0.054 Q171 -0431 -0.019 Q039 Q109 0622
MClg [bp per USD 1,000] 543 6144 Q007 Q067 Q224 0896 25976
MCl, [bp per USD 1,000] b44 6482 Q006 Q060 Q193 Q746 26311
logMClg -1.352 1850 -5.031 -2700 -1496 -0.109 3257
logMCla -1.488 1831 -5.075 -2816 -1645 -0.294 3270
MClivg -0.044 0211 -0.713 -0113 -0.036 Q035 Q590
Number of LOB snhapshots ['000s] b7 6308 Q216 4088 8359 13763 24224
Firm-day Observations 3,365 528
(b) TAQ Variables
Mean  StdDev 1% 2gh 50" 75" ggh
PrctQuotedSpreagbp] 15.839 17505 2134 6076 10444 18623 90814
EffectiveSpreadPercefibp] 14.482 18756 2157 8472 9025 16038 92861
T otalDe pthDollar[USD mio.] 1031 2698 Q057 Q269 Q483 Q922 10186
T otalDe pthDollarImbalancé%] 0.524 Q100 Q255 Q470 0516 Q575 Q802
PercentPricelmpadiop] 8.407 14585 -11705 2044 4925 10366 66249
RealizedV 0[%)] 35.276 25942 8606 19570 28050 41909 138791
Amihudlllig 0.322 1082 Q006 Q028 Q067 Q190 5114
Orderlmbalance 0.036 Q133 -0.307 -0.040 Q027 Q109 Q400
Sell Lambda 0.383 1307 Q000 Q015 Q065 Q252 5483
Buy Lambda 0.368 1379 Q000 Q011 Q052 Q215 5552
Lambda Imbalance -0.378 44554 -71126 -2762 -1.152 2322 69960
Number of trades ['000s] .656 17483 Q132 Q785 1957 5698 68370
Firm-day Observations 3,365 528
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Table 2:Correlations.

This table reports correlations between TRTH and TAQ liguicheasures for the pooled sample. The former include tlagive
(as opposed to dollar) bid-ask spread for level 1 and levéPi€tQuotedSpregd, andPrctQuotedSpread,,), the dollar volume
available at the first, as well as all ten observed levels eft®B (VIm__; andVIm__1c), the imbalances between ask and bid
side volume YImyyg, -1 andVIimyyg-10), the bid- and ask-side marginal cost of immediacy and tlegjged values NIClg,
MCl,, logMCla, logMClg) and its bid-ask imbalancéVCl yg). Measures computed for TAQ data include the relative bielst b
ask spreadRrctQuotedSpredd the relative fective spreadHffectiveSpreadPercentthe total volume available at the best bid
and ask TotalDepthDolla) and the according bid-ask imbalancéeofalDe pthDollarimbalancg and the relative price impact
(PercentPricelmpagtas used by Holden and Jacobsen (2014), as well as the aretuadialized volatility RealizedV gl the
Amihud (2002) measure of illiquidityAXmihudlllig), the order imbalance (buys - sell§uys+ sells) Orderimbalancg and the
Brennan et al. (2012) buy and sell lambdas and their imbaléellLambdaBuyLambdalLambdalmbalance The calculation

of the dfective spread, the relative price impact, order imbalaand,lambdas require the classification of trades into bugls an
sells, which we obtain using the Lee and Ready (1991) alyarit

() TRTH Variables

1 2 3 4 5 6 7 8 9 10 11

(1) PrctQuotedSpread, [bp]

(2) PrctQuotedSpread,, [bp] 0.55

(3) VIm__; [USD mio.] -0.21 -0.12

(4) VIm__1o [USD mio.] -0.30 -0.16 Q76

(5) V|m|M|3y|_=1 -0.03 008 005 Q01

(6) VImme. =10 0.06 019 -005 -0.01 023

(7) MClg [bp per USD 1,000] ®7 049 -0.12 -0.17 002 Q15

(8) MCl, [bp per USD 1,000] ®5 049 -0.11 -0.16 -0.05 -0.04 Q79

(9) logMClg 0.70 060 -042 -061 006 022 052 044

(10) logMCla 0.72 059 -043 -0.62 -0.01 Q00 048 050 Q95

(11) MClipmp 0.03 -0.02 001 -0.02 -0.28 -0.70 -0.12 017 -0.16 014
(b) TAQ Variables

1 2 3 4 5 6 7 8 9 10 11

PrctQuotedSpreabp] 090 054 -020 -0.31 -0.02 005 064 062 071 073 003
EffectiveSpreadPercefibp] 0.78 047 -0.14 -022 000 004 056 055 058 060 002
T otalDe pthDollar[USD mio.] -0.13 -010 087 Q70 -0.02 -0.07 -0.08 -0.07 -0.34 -0.33 Q04
T otalDe pthDollarImbalancé%] -0.07 005 006 003 055 027 -0.02 -0.08 004 -0.05 -0.30
Orderlmbalance -0.05 011 003 Q00 025 016 -001 -0.05 006 001 -0.19
PercentPricelmpadiop] 054 039 -0.09 -016 003 005 036 035 044 044 001
RealizedV o[bp] 058 025 -020 -0.23 -0.04 -001 036 038 043 046 008
Amihudlllig 073 037 -011 -0.17 -0.04 QOO0 Q74 075 047 049 006
Sell Lambda 057 031 -0.14 -0.18 -0.02 003 058 057 043 044 Q02
Buy Lambda 055 029 -0.13 -0.17 -0.05 000 056 059 040 042 Q06
Lambda Imbalance 0.00 Q00 000 000 -0.01 OO0 QOO0 000 Q00 000 000
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Table 3:Changes in the LOB around short selling ban

This table shows L10 spreads and volume before and aftetaheo§the 2008 short selling ban for financial services fi(Rasnel
A) and all other firms (Panel Bp andb indicate that the change from pre to post value is signifieanihe 1% and 5% levels,

respectively.
(a) Firms in financial services industry: SIC code 6000-6@9%. = 201, Npost = 198)
Average Median
Pre Post Pre Post
Spread to Midprice (L10, Bid) [%] 1.244 1218 0538 081~
Spread to Midprice (L10, Ask) [%)] 1431 5053 0.562 331k
VImg_10gi¢ [Mi0.] 0.348 0280 0202 Q177
VIm _10ask [Mio.] 0.334 0281 Q190 Q183
Average Median
Pre Post Pre Post
Spread to Midprice (L10, Bid) [%] 0.844 Q989 0.439 Q484
Spread to Midprice (L10, Ask) [%)] 1.262 1816 0.444 Q540¢
VIm _108i¢ [Mi0.] 0.329 Q297 0.201 Q202
VIm _10ask [Mio.] 0.320 Q304 Q197 Q215
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Table 4:Firm-level determinants of LOB liquidity.

Regression Estimatedhe first four columns of this table present the estimates finear regressions dfiC| measures on ex-
planatory variables. We estimate regressionddgMCIl, andlogMClg jointly via seemingly unrelated regressions (SUR) and
test for the diference in coficients using a Wald test. In all three regressions, stargfaods (in parenthesis) are clustered at the
firm level following Petersen (2009). Explanatory variabileclude the log of the daily dollar trading volumiEurnove), realized
intraday volatility RealizedV gl one minus the Herfindahl index measuring trading disparacross exchange€ ¢m petition,

the Easley et al. (1996) probability of informed tradingrested over the previous montRN), the Lee and Ready (1991) order
imbalance (buys - sell§puys+ sells) OrderImbalancgand its absolute valué\psOrderimbalancdetoday’s returniRe), yester-
day’s return RetLag, the Campbell et al. (2008) long-run excess return unstgrelay ExretAvg, logged market capitalization
(Sizg, the Campbell et al. (2008) measures of log stock price avined at $15, market to book ratidIB), leverage ILeve),
profitability (Profit), and cash holdinggO@ash), a dummy for financial services firms (FS), one for days dyrimich the 2008
short selling ban was activ8én), and their interaction. Standard errors are reportednbdie codficient estimatesa, b andc
denote significance at the 1%, 5% and 10% significance laeslpectivelyEconomic Significancethe three last columns of this
table display the product of cfigient estimates and the standard deviation for each explgneariable.

Regression Estimates Economic Significance
logMCla  logMClg Dif f MClyvB logMCly  logMClg  MClius
Traditional Determinants
Turnover -0.563 -0.586% 0.023 0.005 -0.979 -1.019 Q009
(0.008) (Q007) (Q001)
RealizedVol 1616 16122 0.005 -0.005 0.419 Q418 -0.001
(0.023) (0022) (Q003)
Competition -0.747 -0.99¢% 0.249% 0.0412 -0.201 -0.269 Q011
(0.018) (0018) (Q003)
PIN 0.147 0.128 0.019 -0.006 Q009 Q008 Q000
(0.028) (0030) (Q005)
AbsOrderImbalance 0.082 0.19¢ -0.116¢8 -0.0572 0.008 Q018 -0.005
(0.020) (Q023) (Q004)
Trade Direction
Orderlmbalance -0.092 04012 -0.493 -021< -0.012 Q053 -0.029
(0.014) (Q017) (Q003)
Ret -0.688 0.356¢8 -1.043 -0.33% -0.021 Q011 -0.010
(0.017) (0019) (Q009)
RetLag -0.2612 0.61* -0.87¢* -0462 -0.008 Q019 -0.014
(0.024) (Q025) (Q010)
ExretAvg -0.59% 1946 -2542 -0.850° -0.023 Q075 -0.033
(0.084) (Q086) (Q021)
Control Variables
Size -0.3212 -0.299% -0.023 -0.008 -0.488 -0.455 -0.012
(0.010) (Q009) (Q001)
PRC -0.342 -0.357% 0.01%° 0.00%° -0.138 -0.144 Q002
(0.018) (0018) (Q003)
MB —0.005 -0.010° 0.006% 0.002 —-0.006 -0.012 Q002
(0.004) (Q004) (Q001)
Lever -0.098 -0.05% -0.0468 -0.017 -0.023 -0.012 -0.004
(0.028) (0028) (Q005)
Profit -3810* -321® -0594 -0179 -0.034 -0.029 -0.002
(0.496) (0489) (0089)
Cash 0.114 019 -0.079 -0.046* 0.007 Q012 -0.003
(0.081) (Q078) (Q013)
FS 0.039 0.03°  0.008 Q005 0.014 Qo011 Q002
(0.016) (Q015) (Q003)
Ban 0.33¢ 0.15% 0.183 0.073 0.024 Q011 Q005
(0.015) (0010) (Q004)
Banx FS 1217 0.100% 11172 0.382 0.033 Q003 Q010
(0.067) (0036) (0020)
(Intercep) 13243 13563 -0.3200 -0.02%°
(0.084) (Q080) (0010)
Adj R2 0.849 Q835 Q075
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Table 5: Time-series determinants of LOB liquidity.

Panel A of this table presents estimates from linear regmes®f equally weighted (EW) and value-weighted (VWIC| mea-
sures on explanatory variables. We estimate regressiorvéoageMCl, and MClg jointly via seemingly unrelated regressions
(SUR) and test for the fiierence in coicients using a Wald test. Explanatory variables includddgeof the market wide daily
dollar trading volume Turnoveg,), the VIX volatility index (V1X), the ratio of stocks with positive to that with negativeureis
(UpDown Rati9, today’s market returnRety), yesterday’s market returiRét,Lag), the TED spread as a measure of funding
liquidity (TED), and a dummy equal to one for days during which the 2008 sietlihg ban was activeBan). Standard errors are
reported in parentheses, b andc denote significance at the 1%, 5% and 10% significance lesedpectively. Panel B of this
table displays the product of ciieient estimates and the standard deviation for each explaneariable.

(a) Regression Estimates

EW VW
MCln MClg Diff. MClius MCla MClg Diff. MClius
Traditional Determinants
Turnovely -1.272 -3397% 212% 0.437 -0.499% -0.8448 0.345% 0.204
(0.264) (0235) (Q016) (Q021)  (Q034) (Q012)
VIX 11668 9550* 2118  0.031 0568 0549 0019 -0.08%
(0.279) (Q243) (Q010) (Q017)  (Q020) (Q008)
Trade Direction
UpDown Ratio 0012 0028 -0.016 -0.006 -0.012 -0.014 0002 -0.002
(0.027) (Q025) (Q001) (Q002)  (Q002) (Q001)
Refy 6942 8642 -1700 —0.26C* 0.893% 11882 -0.291° -0.82&
(2.884) (2418) (Q097) (0213)  (0233) (Q077)
RefyLag 0914 5827 -491F -0.393F -0.373# -0.103 -0270* -0.287
(1.824) (1608) (0062) (Q127)  (0150) (Q049)
Control Variables
TED 0.097 -0233 033G 0013 -0.01° -0.02% 00142 0022
(0.051) (Q046) (Q002) (Q005)  (Q005) (Q002)
Ban 0.64% 05912 0.057 Q03% 0.291% 01442 01472 0.097
(0.196) (Q201) (Q012) (Q029)  (Q030) (Q010)
(Intercep) -0.754# 0.28% -10372 -0.119 0.087%2 0180 -0.092 -0.066"
(0.057) (Q052) (Q003) (Q003)  (Q005) (Q002)
Adj R? 0.736 0657 0439 0648 0537 0393

(b) Economic Significance

EW VW

MCla MClg Diff. MClims MCla MClg Dif f. MClims
Turnoveky -0.085 -0.227 Q029 -0.033 -0.056 Q014
VIX 1.145 Q937 Q003 Q056 Q054 -0.008
U pDown Ratio 0.013 Q030 -0.007 -0.012 -0.015 -0.002
Rety 0.093 Q115 -0.003 Q012 Q016 -0.011
RetyLag 0.012 Q078 -0.005 -0.005 -0.001 -0.004
TED 0.050 -0.120 Q006 -0.006 -0.013 Q011
Ban 0.046 Q042 Q003 Q021 Q010 Q007
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Table 6:Commonality in liquidity measures

This table presents summary statistics from time-serggessions of changes in stock liquidity on concurrent, ladjlaad market
liquidity, as well as a set of control variables estimateddach stock in our sample. Reported are averag#icieaits together
with average t-values for the intercept and three marketdity codficients. The section “Sum” reports the average and median
of the sum of the three cficients together with statistics from a t-test and the pdiom a sign-rank test for afiierence in
mean and median from zeraR®s indicate how much the inclusion of all three market liquidiariables adds to adjustéd. All
average t-statistics are reported in parentheses.

MClg MCla MClims
Intercept 0.093 Q088 -2.189
(47.309) (55716) 2.776)
Concurrent 0.531 0501 Q013
(60.578) (76237) (0665)
Lag 0.054 -0.002 Q070
(6.681) (~0.400) (1076)
Lead 0.036 Q041 Q022
(3.589) (7992) (0321)
Sum
Average 0.620 Q0539 Q104
(31587) (46719) (0855)
Median 0.569 0498 Q001
p-value 0.000 Q000 Q375
AverageR? 0.044 Q049 Q006
MedianR? 0.032 Q043 Q002
AverageAR? 0.016 Q015 Q003
MedianAR? 0.012 Q013 Q000
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Table 7:Time series of commonality in liquidity measures

This table presents summary statistics from time-serigessions of changes stock liquidity on concurrent, laglaad market
liquidity, as well as a set of control variables estimateddach stock-semester. Reported are averages and t-vatuegll as
medians and p-values for the sum of the three market liquaditfficients. AverageAR?s indicate how much the inclusion of all
three market liquidity variables adds to adjusRéd

Industrial Financial Services
MClg MCla MClg MCla
Sum AR? Sum AR? Sum AR? Sum AR?
Avg t Avg Avg t Avg Avg t Avg Avg t Avg

2002 1 Q86 504 004 060 360 004 097 295 004 049 519 004
2002 11 070 516 003 113 660 Q04 058 229 003 Q77 655 004
20031 Q74 790 003 066 561 004 049 254 003 046 415 Q03
2003 11 002 038 003 021 509 003 -0.06 -0.64 003 025 233 003
2004 1 Q64 769 003 038 642 004 045 322 003 034 370 Q03
2004 11 052 1123 003 019 983 003 075 549 003 049 114 Q03
2005 | Q46 727 004 042 1241 Q03 066 358 Q04 041 552 003
2005 11 046 1018 003 046 825 Q03 047 441 Q03 030 602 003
2006 | Q18 247 004 Q17 1010 Q05 031 312 Q04 042 223 005
2006 11 048 1218 004 047 1146 Q03 056 786 Q03 046 543 003
20071 Q76 2675 012 074 3682 013 073 651 011 085 1275 011
2007 11 062 4289 011 033 2608 Q10 064 1711 008 041 888 Q07
2008 1 052 2736 008 049 2124 Q07 040 870 Q07 049 959 Q05
2008 11 096 4320 022 218 2433 011 151 1814 020 069 1460 008
2009 1 Q70 2981 004 082 2201 Q05 074 1284 004 076 1168 Q05
2009 11 145 2582 017 104 3304 013 118 986 Q015 109 1480 011
20101 Q57 2012 005 046 2146 Q04 057 797 Q05 043 791 005
201011 012 289 003 -0.03 078 Q03 015 359 002 002 -0.62 003
20111 Q16 767 004 011 688 Q03 022 423 Q04 015 203 003
201111 032 1705 003 029 948 Q03 025 530 Q03 023 611 004
20121 Q13 579 002 Q19 769 Q03 020 367 Q03 015 311 003
201211 Q72 2121 008 066 1797 006 081 956 008 054 774 006
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Table 8:Predictive pooled regressions.
This table presents the d@ieient estimates from a regression of daily (left panel) amhtily (right panel) percentage stock

returns on their own lagged values and the lagged valudd®f,, MClg or their imbalanceMCl,yg via pooled OLS. HAC
standard errors are reported in parenthesis.

Daily Monthly

MCla MClg MCliuws MCla MClg MClius

Intercept 00567 00573 00728 08511 08301 10855
(0.0019) (00019)  (00019) (00360)  (00374)  (00364)

MCI 0.0070 00062 00824 01290 01313 -0.4359
(0.0007)  (Q0007)  (00079) (00139) (00141) (01825)

Lag Return -0.0170 -0.0174 -0.0167 00420 00380 00386
(0.0015) (00015)  (00015) (00054)  (00054)  (0Q0055)

Adj. R? 0.0007 00005 00003 00072 00073 00016

53



Table 9:Summary statistics from the firm-by-firm predictive regmss

This table presents some summary statistics for th&icamnt estimates of the lagged valuesME€ | measures from the predictive
regressions of daily (upper panel) and monthly (lower pestekck returns on their own lagged values and each of thesbles,
separately. The regressions are estimated via least sgeeparately for each stock with at least 63 observationdaity and 24
for monthly analysis. 8, 50" and 9%" denote the corresponding quantiles of the distributionogfficient estimatespog& sig)
andned& sig) denote the percentage of deients that are positive and negative (and significantlyrespectively.

(a) Prediction of daily returns

Mean StdDev 5" 50h  ggh pos po&sig neg negsig
MCla 0.29 122 -0.14 006 149 080 025 Q20 001
MClg 0.22 099 -019 002 132 068 014 032 003
MClivg 0.07 o776 -0.89 009 095 062 012 038 003

(b) Prediction of monthly returns

Mean StdDev 5" 50h  ggh pos po&sig neg negsig
MCla 2.55 2340 -7.75 069 1657 Q76 029 024 Q03
MClg 2.40 2092 -6.32 035 1615 069 023 031 Q05
MClivg -1.40 1867 -2751 028 1618 051 Qo7 049 008
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Table 10:Daily portfolio sorts.

This table presents mean returns (Panel (a)) and fourffalgibas (Panel (b)) of portfolios formed on a daily basisdnyisg based
on differentMCI| measures. At the end of each trading day, stocks are assigree(equally weighted (EW) or value-weighted
(VW)) portfolio according to the quintile of theMCI measure and held until the end of the next trading day, wherpoetfolios
are defined. Portfolio 1 consists of stocks with the lowd§tl measures, and Portfolio 5 consists of those with the highiésk
measures. 5-1 is the portfolio formed by having a long pasitin Portfolio 5 and a short position in Portfolio 1. Fouctiar alphas
are computed based on the four-factor model of Carhart (199Fnumbers are in basis pointg, b andc denote significance at
the 1%, 5% and 10% significance levels, respectively, whiehoaitted for returns on Portfolios 1 to 5 in Panel (a) beedahsy
are all significant.

(a) Returns

Bid Ask Imb
Portfolio EW VW EW VW EW VW
1 4.310 3140 3710 3010 3170 3840
2 5730 5130 4580 4900 4400 3330
3 6.610 6150 6610 6900 6310 4140
4 7.240 6250 6560 7020 7380 3370
5 7.630 4970 10060 7990 10260 3910
5-1 3320 1830 6360 4,980 7.09C 0.070

(b) Four-factor Alphas

Bid Ask Imb
Portfolio EW VW EW VW EW VW
1 0957 0.084 Q308 -0.058 -1.729 1.079
2 2288 1.836 1.120 1667 -0251 -0.191
3 2242 2129 2.062 2.8012 2.33% 1.236°
4 2423 1748 1726 2.63¢° 3.238 0.051
5 163C¢ -0.558 4325 2615 5.948 0.039
5-1 0673 -0.642 4017 2673 7.677 -1.040
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Table 11:Monthly portfolio sorts.

This table presents mean returns (Panel (a)) and fourtfatigbas (Panel (b)) of portfolios formed on a monthly bagisdrting
based on dierentMCI| measures. At the end of month M (depending on the aveké@é value in M), stocks are assigned to
a (equally weighted (EW) or value-weighted (VW)) portfoliocording to the quintile of theiMCI measure and held until the
end of month M-1, when new portfolios are defined. Portfolio 1 consists oflst with the lowesMCI| measures and Portfolio 5
consists of those with the higheiC| measures. 5-1 is the portfolio formed by having a long pasiin Portfolio 5 and a short
position in Portfolio 1. Four-factor alphas are computeddobon the four-factor model of Carhart (1997). All numbeesia
percentagesa, b andc denote significance at the 1%, 5% and 10% significance leesipectively.

(a) Returns

Bid Ask Imb
Portfolio EW VW EW VW EW VW
1 0.693 Q489 0668 Q490 1100 Q538
2 0.898 Q853 Q847 Q828 Q898 Q555
3 1110 1076 1107 1127 Q929 Q740
4 1124 1070 1219 1113 1144 Q644
5 1.486 1182 1472 1233 1238 Q804
5-1 0792 Q693 Q805 Q743 Q138 Q267

(b) Four-factor Alphas

Bid Ask Imb
Portfolio EW VW EW VW EW VW
1 0177 0.094 Q140 Q094 Q278 -0.015
2 0.197 Q191 Q161 Q182 Q136 Q061
3 0.301° 0.328 0.308 0.382 0.149 0280
4 0.181 Q200 Q263 Q226 Q338 0.185
5 0.382 0.198 Q36Z 0.217 0325 0.244
5-1 0209 Q104 Q222 Q123 Q047 Q259
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