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Abstract

Traditionally and understandably, the microscope of market microstructure has focused on
attributes of single assets. Little theoretical attention and virtualy no empirical work has been
devoted to common determinants of liquidity nor to their empirical manifestation, correlated
movements in liquidity. But a wider-angle lens exposes an imposing image of commonality.
Quoted spreads, quoted depth, and effective spreads co-move with market- and industry-wide
liquidity. After controlling for well-known individual liquidity determinants such as volatility,
volume, and price, common influences remain significant and material. Recognizing the
existence of commonality is a key to uncovering some suggestive evidence that inventory risks
and asymmetric information both affect intertemporal changesin liquidity.
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|. Motivation

|.A. The Single-Asset Focus.

The literature of market microstructure has heretofore focused almost exclusively on
individual securities. Topics such as transactions costs and liquidity naturally pertain to the
repeated trading of a single homogeneous asset. Typically, we do not think of them in a

market-wide context, except perhaps as averages of individual attributes.

From the earliest papers (Demsetz [1968], Garman [1976]), the bid-ask spread and other
microstructure phenomena were modeled with an isolated market maker in the pivotal role,
providing immediacy at a cost determined by either inventory risks, (i.e, a lack of
diversification, (Stoll [1978a], Amihud and Mendelson [1980], Grossman and Miller [1988]),
or by the specter of asymmetric information (Copeland and Galai [1983], Glosten and
Milgrom [1985]). Privileged information concerned an individual stock, the insider serving as
prototype privilegee (Kyle [1985], Admati and Pfeiderer [1988]).

Empirical work aso dealt solely with the trading patterns of individual assets, most often
equities sampled at high frequencies, (Wood, Mclnish, and Ord [1985], Harris [1991]), or
examined micro questions such as the price impact of large trades, (Kraus and Stoll [1972],
Kem and Madhavan [1996], Chan and L akonishok [1997]).

Even the strand of literature about market design, (Garbade and Silber [1979], Madhavan
[1992]), examined the influence of various trading mechanisms on the costs of individua
transactions. Studies of such topics as intermarket competition or the contrast between dealer

and auction markets devolved to predictions about individual liquidity and transaction costs.
The single-asset focus of the literature is exemplified by a prominent recent paper (Easley,

Kiefer, and O’'Hara [1997]) whose empirical work was devoted to a single common stock,
Ashland Qil, on thirty trading days.
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We do not imply even the dlightest criticism. The microstructure literature has become a very
impressive body of knowledge. But we aspire by this paper to direct some attention toward
unexplored territory, toward the prospect that liquidity, trading costs, and other individual
microstructure phenomena have common underlying determinants. A priori reasoning and, as
it turns out, sound empirical evidence suggest that some portion of individual transaction costs

covary through time.

Commonality in liquidity could play a key role in otherwise puzzling market episodes. For
example, during the summer of 1998, credit sensitive bonds seemed to undergo a global
liquidity crisis. This precipitated financial distress in certain highly-levered trading firms who
found themselves unable to liquidate some positions to pay lenders secured by other,
seemingly unrelated positions.”  Similarly, the international stock market crash of October,
1987 was associated with no identifiable noteworthy event, (Roll [1988]), yet was
characterized by a ubiquitous temporary reduction in liquidity.

Since completing the first draft of this paper, two other working papers with similar results
have appeared; See Hasbrouck and Seppi [1998] and Huberman and Halka [1999]. Given the
virtual absence of documented commonality in the existing literature, this sudden flurry seems
to portend a shift of emphasis from individual assets to broader market determinants of

liquidity.

|.B. Theoretical Intimations of Commonality in Liquidity

There have been some suggestive theoretical developments about common liquidity in a multi-

asset context. For example, Hagerty [1991] and Gehrig and Jackson [1998] study competition

among market makers, or the lack thereof, and its effect on trading costs. Subrahmanyam

! See the Wall Street Journal, [1998], “llliquidity means it has become more difficult to buy or sell a given
amount of any bond but the most popular treasury issue. The spread between prices at which investors will buy
and sell has widened, and the amounts in which Wall Street firms deal have shrunk across the board for
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[19914] argues that basket trading is less exposed to asymmetric information than individua
security trading, which implies, inter alia, that the existence of basket trading can influence
individual liquidity. Although these papers imply interdependence among asset liquidities
during a single period, none goes on to derive implications for intertempora co-movements in

liquidity; the empirical literature also has ignored such possibilities.

Within the framework of inventory-theoretic microstructure theory, covariation in liquidity
could arise smply because trading activity displays market-wide intertempora variation in
response to genera price swings (afact well appreciated by brokers seeking employment after
crashes). Program trading of simultaneous large orders might put common pressure on
individua inventories. Similarly, ingtitutional funds with similar styles might exhibit correlated
trading patterns, thereby inducing changes in inventory pressure across broad sectors.
Whatever the source, if inventory fluctuations were correlated across individual assets,

liquidity could be expected to exhibit similar co-movement.

Within the asymmetric infor mation microstructure framework, one might at first expect little
covariation since few traders (aside, perhaps from Alan Greenspan) could conceivably possess
privileged information about broad market movements. In the prototypical case of the
corporate insider, privileged information is usually thought to pertain only to that specific
corporation. Indeed, this presumption would be valid for certain types of information, say
fraudulent accounting statements. However, there might be other types of secret information,
say a revolutionary new technology, which could influence many firms, not necessarily al in
the same direction. Similarly, within an industry there are probably occasional outbreaks of

asymmetric information pertinent for most firmsin that sector.

Microstructure explanations of individual price formation include the discrete order
framework (Glosten and Milgrom [1985]) and the pooled order flow framework (Kyle

[1985]). Exogenous liquidity determinantsin both paradigms are likely to covary over time.

investment grade, high-yield (or junk), emerging market and asset-backed bonds... The sharp reduction in
liquidity has preoccupied the Fed because it isthe lifeblood of markets.”
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In a discrete order model with both inventory and asymmetric information effects, Chordia
and Subrahmanyam [1995] derive a closed-form expression for liquidity; Spread depends on
(a) the probability of an order emanating from an informed trader, (b) return volatility, (c) the
size of order flow, and (d) the carrying costs of the market maker, (which are assumed to
increase quadratically in the level of inventory.) Each of these elements is probably time

varying. All might be correlated across individual assets.

An inventory-specific element such as order flow is probably subject to broad market
perturbations in trading such as heavy selling or buying pressure. Carrying costs respond to
market interest rates, anong other things. Market- or industry-wide informational events or
market sentiment could affect the probability of informed trading. Individua volatilities could

co-move if for no reason beyond sensitivity to market activity.

Similar implications arise in the pooled order flow framework with a risk-averse market maker
and risk-neutral informed traders (Subrahmanyam [1991b]). Assuming the presence of both
asymmetric information and inventory effects, the market maker sets a linear price schedule
withadopel , wherel depends on the volatility of returns, the variability of liquidity trading,
and the number of informed traders. Once again, portfolio trading or simultaneous

information about many assets could easily induce covariation in each element of | .

In summary, while microstructure theory has made impressive advances, there are no explicit
models of time-series variation in liquidity for multiple assets. Plausible theory does, however,
at least hint at the likelihood of such co-movement.

|.C. Implications of Commonality.
Covariation in liquidity and the associated comovements in trading costs have interesting
ramifications and pose immediate questions. A key research issue is the relative importance of

the two potential causes of covariation, inventory risks and asymmetric information. Of equal

interest would be other potential sources of commonality, as yet unimagined. How are these
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causes themselves related to market incidents such as crashes? Does their influence depend on

market structure or design?

Trading costs must be cross-sectionally related to gross-of-cost expected return simply
because after-cost returns should be equilibrated in properly functioning markets (Amihud and
Mendelson [1986], Brennan and Subrahmanyam [1996]). But commonality in liquidity raises
the additional issue of whether trading cost shocks constitute a source of non-diversifiable
priced risk. If covariation in trading costs is partly unanticipatable and has a varying impact
across individual securities, the more sensitive an asset to such shocks, the greater must be its
expected return. Hence, there are potentially two different channels by which trading costs
influence asset pricing, one static (average cost) and one dynamic (risk.) Future work will

have to determine whether the second channel is material and, if so, its relative importance.

This paper is amost entirely empirical and is devoted mainly to documenting the commonality
in liquidity, measuring its extent, and providing some suggestive evidence about its sources.
However, the precise identification of these sources remains for future research. The next
section (I1) describes the data. Section 111 reports a progression of empirical findings about
commonality in liquidity. Section IV provides some interpretations, makes suggestions for

additional empirical research, calls on theorists for help, and concludes.
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II. Data

Transactions data for New York Exchange (NY SE) stocks during the calendar year 1992
were obtained from the Ingtitute for the Study of Securities Markets (ISSM). The ISSM data
include every transaction, time-stamped, along with the transaction price, the shares
exchanged, the nearest preceding bid and ask prices quoted by the NY SE specialist?, and the
number of shares the specialist had guaranteed to trade at the bid and ask quotes.

The data do not reved the identities of buyer and seller, so one cannot tell for sure when the
speciaist is involved nor on which side. However, since the quoted spread is given, it seems
reasonable to deduce that an outsider is usually the buyer (seller) when the transaction price is
nearer the ask (bid.)

Some stocks were rarely traded and would not have provided reliable samples. To be included
here, we resolved that a stock had to be continualy listed throughout 1992 on the NY SE and
to trade at least once on at least ten of the 254 trading days that year. To circumvent any
possible problems with trading units, stocks were excluded if they split or paid a stock
dividend during the year. Because their trading characteristics might differ from ordinary
equities, assets in the following categories were also expunged: certificates, ADRs, shares of
beneficial interest, units, companies incorporated outside the U.S., Americus Trust
components, closed-end funds, and REITs. Thisleft 1,169 individual unalloyed equities in our

sample.

*Transactions were matched to best bid and offer quotes that existed at least five seconds prior to the
transaction time because Lee and Ready [1991] find that quote reporting has about a five second delay.
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There were 29,655,629 transactions in the 1,169 stocks on the 254 trading days during 1992.
Not all stocks traded every day. To finesse any contaminating influence of the minimum tick
size, a stock was deleted on a day its average price fell below $2. Opening batch trades and
transactions with special settlement conditions were excluded because they differ from normal
trades and might be subject to distinct liquidity considerations. For obvious reasons,
transactions reported out of sequence or after closing were not used. After all this filtering,
289,612<296,926=1169(254) total stock-days remained, an average of 102.4 transactions per
stock-day or about 99.9 transactions averaged over the 1,169 stocks and 254 trading days. Al
but 13 of the 1,169 stocks had transactions on more than 100 days. The number of
transactions is, of course, extremely right-skewed; the largest stocks have thousands of daily

trades.

Corresponding to every transaction, five different liquidity measures were computed as

follows:
Liquidity Measure Acronym® Definition
Quoted Spread QSPR Pa-Ps
Proportional Quoted Spread PQSPR (Pa-Ps)/Pwu
Depth DEP Yo QatQe)
Effective Spread ESPR 2YP-PyY2
Proportional Effective Spread PESPR 2YP-PuYiP,

where P, and P denote, respectively, the specialist’s ask and bid quotes guaranteed valid for
Qa and Qg shares, Py° ¥%APat+Ps) denotes the quote mid-point, and P is the actual transaction

price.

The quoted spread and the depth are announced by the specialist and become known to other
traders prior to each transaction, though the lead time may be only seconds. The effective

spread was devised to measure actual trading costs, recognizing that (a) many trades occur

3A “D” preceding the acronym, e.g., DQSPR, denotes a proportional change in the variable across successive
trading days; i.e., for liquidity measure L, DL° (Li-L¢.1)/L¢., for trading day t.
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within the quoted spread and (b) if the proposed transaction exceeds the quoted depth, NY SE
specidlists are alowed, though not obligated, to execute that portion of the order in excess of
the quoted depth at an altered price.

To reduce these multitudinous data to a manageable level and promote greater synchroneity,
each liquidity measure was averaged across al daily trades. This also served to smooth out
intra-day peculiarities. Thus, for each of the 1,169 stocks, the working sample consists of at
most 254 observations, one for each trading day during the year. Table 1 presents summary

statistics for the five liquidity measures.

As would be anticipated, there is some right skewness in the cross-section of daily average
spreads; sample means exceed medians. The effective spread is somewhat smaller than the
quoted spread, evidently reflecting within-quote trading. All measures of spread are positively
correlated with each other across time and negatively correlated with depth.

There is substantial variability in spreads over time. Table 2 provides summary statistics about
daily percentage changes. For example, the time-series/cross-section mean of the absolute
value of the percentage change in the quoted spread is almost 24% per day. The cross-
sectional standard deviations of individual mean daily changes is rather modest, thereby
revealing that substantial time series variability is shared by many stocks. Depth is even more

volatile across time than spread.
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[11. Commonality in Measures of Liquidity

[11.A. Some Basic Empirical Evidence.

To begin the investigation of commonality, we report simple “market model” time series
regressions; daily percentage changesin liquidity variables for an individual stock regressed on
market averages of the same variables; i.e.,

DLj;=a;+ bDLm,: + g, D
where DL, is, for stock j, the percentage change (D) from trading day t-1 to t in liquidity
variable L, (L=QSPR, PQSPR, etc.), and DLy is the concurrent change in a cross-sectional
average of the same variable, either equal-weighted or value-weighted by 1991 year-end
market capitalization.

Statistics about the b;’s from these regressions are reported in Table 3. One lead and one lag
of the market average liquidity, (i.e., DLy 1 and DL 1) plus the contemporaneous, leading
and lagged market return and the contemporaneous change in the individual stock squared
return were included as additional regressors. The leads and lags were designed to capture
any lagged adjustment in commonality while the market return was intended to remove
spurious dependence induced by an association between returns and spread measures. This
could have had particular relevance for the effective spread measures since they are functions
of the transaction price. Their changes are thus functions of individua returns, known to be
significantly correlated with broad market returns. Finally, the squared stock return was
included to proxy for volatility, which from our perspective is a nuisance variable possibly

influencing liquidity®.

In computing the market liquidity measure, DLy, stock j was excluded, so the explanatory
variable in (1) is dightly different for each stock’s time series regression. This removes a

potentially misleading constraint on the average coefficients reported in Table 3. For example,

* Because the tables are already voluminous, we do not report coefficients for the nuisance variables: the
market return and squared stock return. Details will be provided to interested readers.
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when the market liquidity measure in an equal-weighted average of all stocks, the cross-
sectional mean of b would be constrained to exactly unity. Although dropping 1/1169 of the
sample from each index calculation makes only a smal difference in the coefficients of any
individual equation, those small differences can accumulate to a material total when averaged

across al equations’.

The discreteness that plagues empirical spread data is an excellent reason to focus on the
cross-sectional sampling distribution of coefficients. During 1992, the minimum quoted
spread was $1/8, which was also the minimum increment. Consequently, a scatter diagram of
the variables in an individua regression such as (1) takes on alumpy appearance in the vertica
(y-axis) dimension. Discreteness implies too that the disturbances in (1) are not normally-
distributed; this casts doubt on small sample inferences from any single equation. However, a
well-known version of the Central Limit Theorem, (Judge, et. al. [1985, ch. 5]), stipulates that
the estimated coefficients from (1) are asymptotically normally-distributed under mildly
restrictive conditions. It follows that the cross-sectiona mean estimated coefficient is
probably close to Gaussian, particularly if the sampling errors in the individua regressions are

independent across assets and have stationary distributions across time.

Table 3 depicts evidence of co-movement. For example, in panel B, which employs equal-
weighted market liquidity measures, the change in the percentage quoted spread, DPQSPR,
displays an average value of 0.791 for the contemporaneous b; in (1). Approximately 84% of
these individua bj's are positive while 33% exceed the 5% one-tailed critical value. The
cross-sectiona t-statistic for the average b is caculated under the assumption that the
estimation errors in b; are independent across regressions, a presumption we shall check

subsequently.

> Even though the explanatory variable in (1) is constructed to exclude the dependent variable, there is still
some cross-sectional dependence in the estimated coefficients because each individual liquidity measure (i.e.,
the dependent variable) does appear as one component of the explanatory variables for all other regressions.
Later, we investigate the materiality of this and other possible sources of cross-sectional dependence.
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Although the leading and lagged terms are usually positive and often significant, they are small
in magnitude. The most significant effects are for a lagged market liquidity on the quoted
spreads (DQSPR and DPQSPR), where roughly eight to nine percent of the coefficients
exceed the 5% critical level.

The penultimate panel reports the combined contemporaneous, lead, and lag coefficients,
labeled “Sum.” Its t-gtatistic reveals high significance in most cases. A non-parametric sign
test that “Sum” has a zero median rejects with p-values zero to two decimal places in all but
one instance (DPESPR with vaue-weighted market liquidity.) This test also assumes

independent estimation error across equations.

However, the explanatory power of the typical individual regression is not impressive. The
average adjusted R-square is less than two percent. Clearly, there is either a large component

of noise and/or other influences on daily changes in individual stock liquidity constructs.

The contemporaneous slope coefficient from (1) is larger when the market spread measure is
equal-weighted (compare panels A and B of Table 3), a contrast particularly pronounced for
the percentage effective spread measure, DPESPR, which is not significant when the market
spread measure is value-weighted®. This is exactly the opposite pattern of market model

regressions involving individual and market returns. Return “betas’ are typically smaller when

the market index is equal-weighted, as opposed to value-weighted, because smaller stocks
display more market return sensitivity. In contrast, Table 3 reveals that smaller stocks are less

sensitive to market-wide shocks in spreads.

®Measurement error might be a problem with effective spreads; e.g., Lightfoot, et al. [1999] document biases
up to 32% in effective spreads computed with the Lee and Ready [1991] algorithm (which we have adopted.)
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The effect is demonstrated more explicitly in Table 4, which stratifies the sample into size
quintiles. For the spread measures of liquidity, the slope coefficient in (1) generally increases
with size; large firm spreads have greater response to market-wide changes in spreads, though,

of course, large firms have smaller aver age spreads.

We can only speculate on the reason for this large/small firm pattern; perhaps it has something
to do with the greater prevalence of institutional herd trading in larger firms. It seems unlikely
to be caused by more prevalent asymmetric information specific to small firms. That would
promulgate alower level of explanatory power in the small firm regressions but not necessarily

smaller dope coefficients’.

Although depth aso exhibits commonality, it haslittle if any relation to size. In contrast to the
spread measures, the largest firm size quintile has a smaler average coefficient than
intermediate quintiles, but there is really no perceptible pattern. Evidently, market makers
respond to systematic changesin liquidity by revising spreads and depth, but only the former is
revised to a greater extent in larger firms. Notice too the evidence in Table 3 that depth’s
coefficients are quite a bit more right-skewed than many of the spread coefficients. For depth,
the mean “Sum” is larger than the median by around 0.4 while the mean-median difference for
most of the spreads is no larger than 0.2. (DPESPR with equal-weighted liquidity is an

exception.)

Turning now to a more detailed examination of the sources of commonality in liquidity, Table
5 reports regressions with both market and industry liquidity measures, both equal-weighted:
DL;;=a;+ bjmuDLwm; + b;,DL,; + &, 2
where the additional regressor, DL, is an industry-specific average liquidity measure. As
with market liquidity, firm j was excluded when computing the industry average. Perhaps
surprisingly, except for DPESPR the liquidity measures seem to be influenced by both a

" Some readers have conjectured that the smaller coefficients for small firms could be attributable to non-
synchronous trading. We doubt, however, that this can be the sole explanation. Only a few stocks in the
sample experienced no trading at all on a substantial number of days. In the larger four size quintiles, about
82% of the stocks traded every day, yet the same pattern is observed in the coefficients.
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market and an industry component; industry actualy has larger coefficients for three of the

five liquidity measures.

Since industry represents something of a mid-station between the individual firm and the broad
market, its significance could reflect private information at the industry level. Alternatively,
trading activity might exhibit more within- than across-industry commonality and hence

inventory risks depend to some extent on industry-specific price swings.

The reliability of the t-statistics in Table 5 (and in other Tables) depends on estimation error
being independent across equations, a presumption tantamount to not having omitted a
material common variable. To check this, we conducted a simple investigation of the residuals
from (2). The 1,169 individua regressions are arranged randomly (alphabetically) by stock
name so we simply ran 1,168 time series regressions between adjacent residuals; i.e.,

€+1t = §0tg.18.+X 1, (j=1,...,1168) 3
where g, and g, are estimated coefficients and X is an estimated disturbance. The t-statistics
for g1 provide evidence about cross-equation dependence. Table 6 summarizes the results of
this exercise by tabulating the average correlations between g.,; and g; and sample

characteristics for the t-statistics of g 1, the slope coefficient in (3).

There is little evidence of cross-equation dependence. The mean and median slope coefficients
from (3) are near zero on average. Although there are rather more observations in the tails
than would be expected by chance, the excess is atogether too slight to overturn the very high
significance levels in (2). The correlations, being very close to zero on average, imply that
adjusting for cross-equation dependence would make little, if any, difference in the t-statistics
reported in Table 5.

Breaking the sample into separate industry groups and estimating (2) for each group, Table 7
further verifies the significance of industry liquidity. Industry has a cross-sectional t-statistic
exceeding 2.0 in 24 out of 40 cases while the market liquidity’s t-statistic exceeds 2.0 in only
14 cases. However, because of multi-collinearity between market and industry liquidity, it

seems quite possible that their separate influences have not been properly disentangled.
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[11.B. Commonality, Inventory Risk, and Asymmetric I nformation.

Although the evidence strongly favors the existence of common underlying influences on
variations in liquidity, their identities remain to be determined. Microstructure literature
suggests two possible influences, inventory risk and asymmetric information (which are not
mutually exclusive.) A priori, it seems reasonable that broad market activity would exert more
influence on inventory risk while individual trading activity would more likely be associated
with asymmetric information. Industry would again represent an intermediate position,

possibly being influenced by both effects on occassion.

Previous work by Jones, Kaul, and Lipson [1994] suggests that the number of trades, not the
dollar volume of trading, is an indicator of individua firm asymmetric information; they
showed that volume has little impact on volatility once trading frequency has been taken into
account. This rather puzzling result could perhaps be explained by the propensity of truly
informed traders to hide their activities by splitting orders into small units. In other words,
large uninformed traders such as institutions might dominate the determination of dollar
volume while informed traders might dominate the determination of the number of
transactions. Barclay and Warner (1993) suggest that informed traders do break up their

orders and are most active in the medium-size trades.

However, somewhat in conflict with the thrust of thisidea, individual stock trading frequency
turns out to be strongly influenced by both market and industry, which have similar
coefficients and significance; Table 8. If, as seems likely, some of this commonality is not the
result of asymmetric information, the empirical conundrum is to separately identify that

portion of individual trading frequency truly attributable to informed agents.
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In an attempt to dichotomize the two effects, Table 9 presents estimated marginal influences of
individual, market, and industry transaction frequencies on our five liquidity measures. The

individua time series regressions have the general form

DLj,t =a;t+ bj,SDS,t + bj,TDTj’t + bj’MDVMJ + bj,|DV|’t + 6, (4)

where, as before “D” denotes the percentage change from trading day t-1 to day t, L is the
liquidity measure, S is the average dollar size of a transaction in stock j, T;: is the number of
trades in stock j, Vi is the aggregate dollar trading volume for the entire market (excluding
stock j), and V,; isthe dollar volume in stock ' s industry (again excluding stock j itself.)

The results are striking. The inventory explanation for liquidity suggest that more trading
should bring about smaller spreads because inventory balances (and risks) per trade can be
maintained at lower levels. Conversaly, when surreptitious informed traders become active,
spreads should increase with the number of transactions. The results are consistent with both
effects. Individua trading frequency (T;:) has a strong positive influence on the spread
measures while market-wide volume has a negative marginal influence on quoted spread, even
though market trading frequency affects individua frequency strongly (Table 8). Industry
volume, which one might have thought a priori could represent trading by both informed and
uninformed entities, displays mostly positive coefficients, thereby suggesting the dominance of

informed traders.

Dollar volume depends on both the number of transactions and the average size of a
transaction. Table 9 discloses that the individua firm’'s trade size has a strong positive
influence on quoted spreads and depth.  Perhaps this can be explained by the obligation of
specialists to maintain larger inventories during periods of intense ingtitutional trading. When
engaging in portfolio trading, institutions are presumably uninformed but nonetheless
effectuate large transactions for liquidity or rebalancing reasons. To accommodate them, the
gpecialist must maintain more substantial balances. Note that informed institutions might
attempt to conceal themselves by splitting up what would otherwise have been large orders, a

notion consistent with Jones, Kaul, and Lipson [1994]. Suggestive evidence to support this
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argument are the negative but insignificant trade size coefficients for the effective spread

measures, which are likely to be more influenced by informed trading.

The rather puzzling pattern of market and industry coefficients for DPESPR might have been
caused by a few outliers. Notice that the median coefficient for market (industry) volume is
negative (positive) and significant according to the sign tests' p-value. In contrast, both mean
coefficients have the opposite signs from their corresponding medians but are insignificant.
The medians of all the spread measures tell the consistent story that greater market-wide
volume brings reduced spreads while industry volume increases spreads, (presumably due to
informed traders.)

Based on inventory arguments, one might have anticipated that larger market volume would
induce specialists to quote greater depth (though tighter spreads.) Indeed, thisis the empirical
result in Table 9. In contrast, industry volume has an insignificant (negative) influence on
depth. Perhaps the no-information marginal influence of industry trading beyond market-wide
trading is just offset by the caution induced in the speciaist by a higher probability of

encountering an insider.

We were surprised that individua trading frequency and the size of the average individual
trade have significant positive influences on depth; b; s and b;r are positive and significant in
the depth regressions. Asymmetric information would suggest that the specialist should quote
less depth when more fearful of informed traders. Perhaps the explanation resides once again
in the tendency of informed traders to split orders. If they adopt this practice regularly, depth
is inconsequential because they will invariably transact in units smaller than the quoted depth.
This implies that depth is established amost exclusively for uninformed traders. Hence it is
determined by inventory risks and thus increases with either the number of (uninformed) trades

or the average (uninformed) trade size.
The relation between depth and either the average trade size or the number of transaction

could aso be explained by strategic motives underlying depth quotations. Large changes in

volume are likely to be accompanied by substantial fluctuations in inventory. A specidist
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overloaded with inventory would naturally increase depth on the ask side to encourage buying
and decrease depth on the bid side to discourage selling, and vice versa when inventory is
deficient. However, the specialist's mandate to maintain a fair and orderly market might make
him reluctant to decrease depth on either side. It follows that the average bid-ask depth
would be higher when inventories are abnormal, either higher or lower, and inventories are
likely to be abnormal when volume is greater. This could account for positive correlation

(though not necessarily causation) between changes in depth and either trade size or

frequency.

Since we have no access to inventory levels, nor a foolproof method by which to sign trades,
we are unable to fully test this idea. We did, however, conduct a smple exercise with the
available data; we ran a regression analogous to (4) except that the dependent variable was the
proportional daily change in the absolute value of the differ ence between bid and ask depth,
i.e., L=Y0\-Qs¥2 If specidlists respond to abnormal inventory by increasing depth on one side
of the market while failing to decrease depth as much on the other side, this variable should be
significantly and positively related to trade size and the number of trades. It is. The mean
coefficient for trade size, b;s, is 0.398 with a t-statistic of 2.93 and the coefficient for the
number of transactions, b; 1, is 0.323 with a t-statistic of 2.90. Further investigation promises

to be an interesting line of research.

[11.C. Commonality Compared to Individual Deter minants of Liquidity.

Previous microstructure literature argues that individua trading volume, volatility, and price
are influential determinants of liquidity (Benston and Hagerman [1974], Stoll [1978b]). From
an inventory perspective, individual dollar volume should reduce spreads and increase depth
while individual volatility should have the opposite effect. |f possessed monopolistically by
traders who have no competitors, more rampant asymmetric information should increase both
volatility and spreads, inducing correlation but not causation; and if, as seems plausible,
informed traders earn greater profits when volatility is generaly high, spreads should increase

in response.
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The empirica influence of market price on the quoted or effective spread levels is obvious.
Clearly, a $10 stock will not have the same bid/ask spread as a $1,000 stock provided that
they have otherwise similar attributes. Depth should decrease with price, ceteris paribus.
There is less reason to anticipate any influence of price on the proportional spreads; unless
price is proxying for some other variable, the proportional spread should be roughly
independent of the stock’s price level, other things equal.

Table 10 documents the separate marginal influences on liquidity of such individua attributes:
volatility, price, and trading volume. It also compares their magnitude with commonality,
measured in this case by industry liquidity. As expected, individua volume (volatility) has a
negative (positive) influence on spreads and the opposite influence on depth. Their impacts
are large and highly significant for al five liquidity constructs. Also as anticipated, price and
spread level are positively related while depth fals with price. In the case of spreads,
however, note that the marginal influence of price is less than proportional; the coefficients are
about 0.3 for both quoted and effective spreads, QSPR and ESPR. This suggests that price
should have a negative marginal impact on the proportional spreads, which is indeed the result
shown. Moreover, the price coefficient for PQSPR and PESPR have the largest t-statistics in
the Table®.

We regard the negative influence of price on proportional spread as something of a puzzle
remaining to be explained. One piece of that puzzle could be discreteness. Since the minimum
guoted spread was $1/8, al stocks liquid enough to trade at the minimum spread would
display a substantial negative correlation between price and proportional quoted spread.’ This
spurious effect would disappear only when the price reached a level high enough to support

occasional spreads larger than the minimum.

#The method reported in Table 10 was adopted in an effort to enhance power. We could have simply
averaged all the variables across time and then calculated a single regression with the averages. Instead, we
decided to estimate a cross-sectional regression daily, then average the cross-sectional coefficients over time,
correcting for auto-correlation. If daily estimation errors are not excessively time-dependent, this method
should improve statistical precision.

° A similar point is made by Harris[1994].
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Finally and most important, note in Table 10 that industry liquidity retains a strong influence
on individua stock liquidity even after accounting for volatility, volume, and price. All
coefficients are positive and significant. Commonality is indeed a ubiquitous characteristic of

liquidity.

[11.D. Measuresof Commonality in Liquidity for Diversified Portfolios.

Earlier tables have revealed that common influences significantly influence individual asset
liquidity measures, but these influences have low explanatory power, adjusted R-squares rising
to around four percent in only a few regressions™. See Tables 3, 4, 5 and 7. Explanatory
power improves when individua liquidity measures are included as explanatory variables,

(Tables 9 and 10), but thereis still much unexplained variation.

Whether the unexplained variation is noise or omitted variables, diversification might eliminate
much of the cross-sectional variation in individua liquidity, thereby leaving a more palpable
trace of commonality. By analogy to returns, diversification dramaticaly increases the
correlation between a portfolio and common market factors. Perhaps the same effect will be

found for liquidity.

Table 11 presents some evidence about this question by co-relating liquidity measures for well-
diversified portfolios. We first divided the sample into size quintiles based on the market
capitalization at the end 1991. Then an equal-weighted average of each liquidity measure was
calculated for each quintile on every trading day during 1992. The daily change from trading
day t-1 to trading day t is our diversified liquidity construct.

Table 11 reports regressions of each daily liquidity change on a market-wide equal-weighted

liquidity change for all stocks not in the subject quintile. The results could be compared to

1% Unadjusted R-squares were, of course, higher — around six percent. Many of the nuisance variables such as
squared return were not significant. Consequently, the low adjusted R-squares give a somewhat misleading
portrayal of the actual power of the liquidity variables.
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those reported for individua stocks in Table 3. In Table 11, al the contemporaneous
coefficients are positive and highly significant. The explanatory power has also improved, in
some cases substantially. Notice that the percentage quoted spreads (DPQSPR) and depth
(DDEP) now have average R-squares of .552 and .811, respectively™. Effective spreads,
however, still exhibit only modest explanatory power; though larger for these portfolios than

for individual stocks, the R-squares are till below four percent.

The results in Table 11 revea that a considerable portion of the cross-sectional variation in
liquidity is diversifiable, particularly for the quoted spreads and for depth. When underlying
market-wide forces impinge on liquidity, portfolio managers are likely to confront a

substantially atered ability to liquidate their average holding.

V. Summary and Implications for Future Work

Liquidity is more than just an attribute of asingle asset. Individua liquidity measures co-move
with each other. Even after accounting for well-known individual determinants of liquidity

such as trading volume, volatility, and price, commonality retains a significant influence,

Recognizing the existence of commonality in liquidity has alowed us to uncover evidence that
inventory risks and asymmetric information affect individual stock liquidity. A stock’s spread
is positively related to the number of individual transactions but negatively related to the
aggregate level of trading in the entire market. We interpret this pattern as a manifestation of
two effects, (@) a diminution in inventory risk from greater market-wide trading activity, most
plausibly by uninformed traders, and (b) an increase in asymmetric information risk occasioned
by informed traders attempting to conceal their activities by breaking trades into small units,
thus increasing the number of transactions, (Cf. Jones, Kaul, and Lipson [1994]). Although
commonality is the instrument used here to reveal asymmetric information effects on liquidity,

there is no direct evidence that asymmetric information itself has common determinants.

" The corresponding individual R-squares were 0.017 and 0.010; (Cf. Table 3, Panel B.)
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To the best of our knowledge, commonality in liquidity has not before been empiricaly
documented. It is a wide-open area of research with both scientific and practical aspects.
Future research will surely be devoted to understanding why liquidity co-moves. Is it induced

by market peregrinations, political events, macroeconomic conditions, or even hysteria?

Co-movements in liquidity also suggest that transaction expenses might be better managed
with appropriate timing. When spreads are low, managed portfolio turnover can be larger
without sacrificing performance. However, we do not yet know whether common variations
in trading costs are associated with other market phenomena such as price swings which might

offset the benefits of time-managed trading.

Finally, an important research issue not investigated here is whether and to what extent
liquidity has an important bearing on asset pricing. Transaction expenses can accumulate to a
relatively large decrement in total return when portfolios undergo high turnover. If liquidity
shocks are indeed non-diversifiable, the sensitivity of an individual stock to such shocks could
induce the market to require a higher average return. Notice that a higher expected return
would surely be required for stocks with higher average trading costs, but there might be an
additional expected return increment demanded of stocks with higher se