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1 Introduction

Until recently, liquidity, an important feature of financial markets, has been consid-

ered predominantly as an attribute of individual securities: Early market microstructure

literature provides theoretical arguments that a security can be costly to trade because

of exogoneous order processing costs, private information (Kyle (1985), and Glosten and

Milgrom (1985)), or inventory risk of market makers (Stoll (1978), Ho and Stoll (1981),

Grossman and Miller (1988)). In addition, several studies show that the level of liquidity

is an important determinant of expected returns in the cross-section. For example, Amihud

and Mendelson (1986), Brennan and Subrahmanyam (1996), Chalmers and Kadlec (1988),

and Datar, Naik, and Radcliffe (1998) have shown that illiquid assets have on average higher

returns.

More recently, the focus of current studies has shifted to understanding the time-series

properties of liquidity, and its dynamics. Hasbrouck and Seppi (2001), Huberman and

Halka (2001), and Chordia, Roll and Subrahmanyam (2000) document commonalities in

the time-series movement of liquidity attributes in the equity markets. Chordia, Roll

and Subrahmanyam (2001) study the daily variation in aggregate market spreads, and the

influence of market returns, volatility and interest rates on liquidity. Chordia, Sarkar and

Subrahmanyam (2005) investigates the cross-market dynamics in daily aggregate liquidity

across stock and Treasury bond markets. Pastor and Stambaugh (2003), and Acharya and

Pedersen (2005) find that liquidity risk related to the systematic variation in market-wide

liquidity is important for the cross-section of expected returns.

While we have learned a great deal over the last two decades about the cross-sectional

variation in liquidity, and the time-series properties of aggregate liquidity, little is known

about how liquidity dynamics varies in the cross-section. This paper aims to bridge these

two strands of the literature by studying the cross-sectional differences in liquidity dynamics

in two distinct exercises on a large sample of stocks from forty countries.

First, building on the recent theoretical work and empirical evidence that market re-

turns endogenously affect market-wide liquidity, I examine the influence of aggregate stock

market returns on individual stock liquidity at a monthly frequency (for robustness, I also
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repeat the analysis at bi-monthly frequency), and the cross-sectional differences in this re-

lationship. Recent empirical work shows that negative market returns lead to higher daily

market spreads (Chordia, Roll and Subrahmanyam (2001)). There are a number of theo-

retical papers that suggest such a link between changes in asset value and liquidity. For

example, Brunnermeier and Pedersen (2005) show how large declines in asset value reduce

collateral value and impose capital constraints on market makers, leading to market liquid-

ity spirals, reinforced by reductions in funding liquidity. Morris and Shin (2003) emphasize

the feedback effect in liquidation decisions across traders and show how liquidity black holes

emerge when prices fall sufficiently. Vayanos (2004) considers in demand for liquidity when

asset prices fall under more selling pressure. The common prediction of these theoretical

models is that liquidity responds asymmetrically to changes in asset market value, and

that large negative returns decrease liquidity much more than positive returns increase

liquidity. Furthermore, Brunnermeier and Pedersen (2005) and Vayanos (2004) predict

cross-sectional differences in the impact of a decline in asset value — a phenomenon often

referred to as ‘flight to quality’ — suggesting a greater impact on high-volatility securities.

As a first step to understanding the cross-sectional heterogeneity in liquidity dynamics, I

test these theoretical predictions by examining how aggregate market stock returns affect

individual stock liquidity, and explore cross-sectional differences in the influence of market

returns on stocks sorted by size, and volatility.

As a second exercise, motivated by the recent work on the joint dynamics of liquidity, re-

turns and volatility in stock and Treasury bond markets (Chordia, Roll and Subrahmanyam

(2001), Chordia, Sarkar and Subrahmanyam (2005)), I examine how liquidity dynamics

interact with returns and volatility across stock portfolios sorted by market capitalization.

Specifically, I test whether there are liquidity spillovers across stocks with different market

capitalization. In addition to illustrating the cross-sectional heterogeneity in liquidity dy-

namics, such an analysis also complements the previous literature that documents lead-lag

patterns in stock return and volatility dynamics (Lo and MacKinlay (1990), Conrad, Gul-

tekin and Kaul (1991)) by providing further insight into the role of liquidity in driving these

lead-lag patterns. In the same spirit to earlier findings in the literature, I test whether

liquidity shifts in the large-cap stocks predict small-cap stock liquidity. Finally, I explore
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how the lead-lag patterns in stock returns interact with liquidity.

The empirical framework is as follows: I construct individual stock-level liquidity mea-

sures for 19,841 distinct stocks from forty countries, based on the incidence of zero daily

returns, using nearly twenty-years of daily data, and use this indirect measure as the key

variable in the analysis. First proposed by Lesmond, Ogden and Trzcinka (1999), the

premise of the zero-return based measure of liqudity is straightforward: the marginal

informed trader would choose to trade only if benefits to trading are not offset by high

trading costs; in other words, when trading costs are high enough to outweigh the value

of information, there would be no informed trading, and more zero returns would be ob-

served. The primary attraction of this measure is that it only requires time-series of daily

returns, available for several markets over extensive periods of time, when other types of

equity market data such as volume, and especially high-frequency data, such as intra-day

transaction data, are either of very poor quality or only seldomly available. I therefore

follow Lesmond (2005) and Bekaert et al (2004), who also use similar liquidity measures for

emerging markets, and construct the liquidity measure for each stock as the ratio of zero

daily returns to the total number of trading days in a given month.1

First, I report that the average level of liquidity in emerging markets is significantly

lower than that in developed markets, as indicated by the greater frequency of zero returns

observed in these markets. I find that individual stock liquidity is negatively related to

lagged own stock returns, and lagged market returns, however, lagged market returns have

a much more pronounced effect on liquidity than individual stock returns. Furthermore,

there is substantial cross-sectional variation in this relation. The impact of lagged returns

is greatest on small stocks and highly volatile stocks. While I show that liquidity responds

asymmetricaly to positive and negative lagged returns, surprisingly, I do not find strong

evidence that negative returns have much larger effect than positive returns. Indeed, the

results suggest that increases in asset valuations are associated with greater improvement in

liquidity than reductions in liqudity generated by decreases in asset valuations. These find-

ings provide partial support for the theoretical models that link changes in asset valuations

to liquidity.

1I also constructed an analogous measure for the analysis at the bi-monthly frequency.
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I then address whether there are significant spillover effect in liquidity across small stocks

and large stocks. The evidence here is at best mixed. While lagged large stock portfolio

returns and liquidity are negatively related with small stock liquidity, the magnitude of this

relationship is small compared to the lead-lag pattern in stock returns.

There are three aspects of this study that should be interesting both from an academic

and a practical point of view. First, it contributes to the growing literature on liquid-

ity. Understanding whether and how liquidity dynamics varies in the cross-section can

be important in gaining further insight into why stock liquidity moves over time, as well

as the extent to which the role of returns and volatility varies across different sectors of

the stock market in driving liquidity. Given the significant amount of work on return and

volatility patterns across firms with different market capitalization, an understanding of

their differential influence of liquidity can not only help refine the interpretation of these

patterns, but also improve the design of trading strategies.

Second, the sample used in this study provides a unique sight into liquidity dynamics

across a large cross-section of markets over a fifteen-year time period. Most of the work

to date on liquidity has focused on the U.S. market. The two exceptions are Lesmond

(2005) and Bekaert et. al (2005), both of which study liquidity in the emerging markets.

Bekaert et. al (2005) test for a market-wide liquidity risk premium in predicting future

aggregate returns. Lesmond (2005), on the other hand, provides a comprehensive evalu-

ation of the different liquidity measures for capturing cross-sectional variation in liquidity

in emerging markets. In this paper, notwithstanding the different focus of the present

study, I extend the sample to focus on both emerging and developed markets. In addition

to providing greater cross-sectional variation, this also enables working with a longer time

span in international equity market data.

Finally, the cross-country nature of the study provides an opportunity to examine

how liquidity moves across borders across firms of different market capitalization. An

understanding of such cross-border effects is especially important given the magnitude of

international flows across these markets. In addition, recent episodes of crises that involved

multiple markets have raised concerns about contagion in financial markets. Understanding

the nature of liquidity linkages across different markets and across firms of different market
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capitalization should shed additional light on the type of mechanisms that generate such

episodes, and therefore, should be of interest to all market participants — traders and

regulators.

In the next section, I introduce the liquidity measure and presents the data used in the

analysis. Section 3 investigates the relation between lagged returns and liquidity and the

cross-sectional differences in this relationship. In Section 4, I present a VAR framework to

examine how liquidity dynamics interact across small and large stock portfolios.

begins the analysis of the cross-sectional heterogeneity in liquidity dynamics across

firms with different market capitalization using a VAR framework and presents tests of

differences in how liquidity dynamics respond to past returns and volatility across small

and large firms. In Section 4, I examine whether there are discernible patterns in how

liqudity dynamics interact. Finally, the concluding section summarizes the results, and

outlines directions for future research.

2 Measuring liquidity and data

2.1 The zero-return measure of liquidity

Liquidity, by its very nature, is an elusive concept with several dimensions.2 One of

the difficulties faced in this study is finding a reasonable and consistent liquidity measure

that can be constructed for a large cross-section of stocks in several international markets.

Standard liquidity proxies proposed in the literature, such as bid-ask spreads, or price im-

pact measures, often require intra-day data,3 seldom available over sufficiently long periods

of time for a wide range of international markets.

2Kyle (1985) writes that ”liquidity is a slippery and elusive concept, in part because it encompasses a

number of transactional properties of markets.”
3For example, Amihud and Mendelson (1986) use the quoted bid-ask spread on stock returns; Brennan

and Subrahmanyam (1996) estimate the price response to signed order flow from intraday transaction data;

Chalmers and Kadlec (1998) measure the amortized effective spread and Chordia, Roll and Subrahmanyam

(2000,2001, 2004) compute daily measures of absolute and proportional bid-ask spreads, quoted share and

dollar depth.
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Faced with this difficulty, previous studies that focus on international markets have

used an array of liquidity proxies, ranging from raw trading volume to different types of

proxies, such as the Amivest measure, defined as trading volume scaled by security returns

(Amihud et al. (1997)), to turnover (Rouwenhorst (1999)). Only a few studies rely on

actual trade-level data (Domowitz, Glen and Madhavan (2001)), and hand-collected bid-

ask quotes (Jain (2002) to estimate bid-ask spreads, but these span only very limited time

intervals. The problem with these proxies is that given the variability of the quality of

data across markets, however, it is difficult to make cross-sectional comparisons and time-

series inferences. Even the more recently proposed price impact measures, used by Amihud

(2002) and Pastor and Stambaugh (2003), to alleviate the need for high-frequency data, still

require daily stock volume data, notorious for its variable quality, especially in emerging

markets.

In this study, I employ an indirect measure of liquidity, first suggested by Lesmond,

Ogden and Trzcinka (1999), that is based on the incidence of zero daily returns, and that

intuitively captures the effect of trading costs in financial markets. The premise of this

measure, motivated by the adverse selection models of Glosten and Milgrom (1985) and

Kyle (1985), is that a marginal trader will trade on new information only if the gains

to trading outweight the costs of transacting. In other words, when transaction costs

constitute a large enough threshold to offset any gains from trading on new information,

there will be less frequent price movements, and more zero returns will be observed. Given

the severe data limitations faced in studies of international financial markets, the primary

advantage of this measure is that it only requires daily time-series of stock returns, available

for a large number of markets over lengthy time periods. Using daily return series for every

stock in the sample, I therefore estimate the frequency of zero-return days to construct the

main liquidity variable used in the analysis.

While this zero-return based measure of liquidity overcomes some of the problems that

plague international equity market data, it also has some limitations that are worth not-

ing. First, that its premise, by assumption, ignores liquidity-motivated, or information-less

trades, should be of concern since such trades should not result in any price changes, but

could impact the level of liquidity in a market. The influence of such trades would evidently
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not be captured by this liquidity measure. There is supporting evidence, however, that the

frequency of zero returns is closely related to transaction costs. Testing the association of

the frequency of zero returns to specialist bid-ask spreads for NYSE/AMEX firms over a

two-year period, Lesmond et. al (1999) find evidence that the zero-return based measure

of liquidity is highly correlated with transaction based measures such as quoted spreads in

the U.S. market. In addition, Lesmond (2005) evaluates the viability of the zero-return

measure as a liquidity proxy in emerging markets, and shows that in comparison to other

commonly used liquidity proxies described above, the zero-return based measure performs

better in capturing the variation in liquidity effects in emerging markets.4 In contrast,

both Bekaert et al. (2004) and Lesmond (2005) report turnover, another widely used proxy

of liquidity, to have low correlation with bid-ask spreads in these markets.

There is, however, another reason for concern over the zero-return based measure of

liquidity, that stems from the nature of the data itself. The poor quality of international

equity market data can have an adverse effect, though to a lesser extent, on this measure

as well. It is very plausible that missing returns are sometimes recorded as zero daily

returns, making it difficult to distinguish true zero daily returns from simply missing data,

especially in emering markets. While this possibility is of some concern, I assume that it

is not as extensive as the potential errors in volume data, and try to alleviate its effect by

applying a number of filters and error checks. With these limitations in mind, I present

the data and describe the sample construction in the next section.

2.2 Data

I collect daily returns for all firms covered by Datastream in forty countries from 1985

to 20045. Datastream’s data coverage, while expanding over time, varies significantly

across countries over this period, with emerging market coverage being especially sparse

4Lesmond (2005) reports that within-country liquidity is best measured with the liquidity estimates of

either Lesmond, Ogdent and Trzcinka (1999) or, to a lesser extent, Amihud (2002). The Amihud measure

of liquidity requires daily volume data that is problematic for a large number of markets.
5I include only local stocks listed on the primary exchange for each country, as identified by Datastream.

I therefore exclude all cross-listed stocks.
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until early 1990s. The final sample consists of fifteen developed countries (Australia,

Belgium, Canada, Denmark, Finland, France, Germany, Hong Kong, Ireland, Italy, Japan,

Norway, Singapore, Sweden, Switzerland) and twenty-five emerging countries (Argentina,

Brazil, Chile, Colombia, Czech Republic, Greece, Hungary, India, Indonesia, Israel, Korea,

Malaysia, Mexico, Pakistan, Peru, Philippines, Poland, Portugal, Russia, South Africa,

Spain, Taiwan, Thailand, Turkey, and Venezuela).

Since the focus of this study is to analyze the cross-sectional differences in liquidity

dynamics across firms of different market capitalization, I begin the construction of the

sample by requiring each stock to have market capitalization available at the beginning of

each year. Then, for each firm in the initial sample, I check whether it has adequate daily

return series by requiring each stock to have at least fifiteen days of non-missing return data

in a given month. In order to control for overcounting missing returns as zero returns, I also

checked for non-trading days6 by setting the return to ‘missing’ for all firms, if 99% or more

of the stocks on an exchange are observed to have zero returns. Finally, for each remaining

stock in the final sample, I compute the monthy percentage of zero-return days ZRit, by

taking the ratio of number of zero-return days to the number of non-missing trading days

in that month.7 Finally, I construct a monthly market liquidity measure MZRc,t for each

country, by calculating each day the proportion of firms with daily zero returns across all

firms, and averaging over the relevant month.

After the construction of time-series of individual stock-level and market liquidity mea-

sures, I then merge the sample with monthly returns, constructed by cumulating daily

returns in local currency, obtained from Datastream for every stock in the final sample.

Table 1 describes the distribution of the number of firms in the final sample across

countries and across the sample period. The first column reports the total number of

unique firms in each market in the sample. Venezuela, Colmbia and Argentina have the

three smallest total number of firms, and Japan and Canada make up the two largest

6Datastream fills in the value of the return index of the previous day on a non-trading day, potentially

making it difficult to distinguish between missing returns and zero returns.
7For the bi-monthly analysis, I require that a stock has no missing data for over the two-week period be

included in the sample over that time period. The percentage of zero-return days, ZRi,t is then computed

analogous to the monthly measure.
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markets in the sample. The number of firms covered in each market varies over time

significantly from single-digits in the early years of the sample in some emerging markets,

to an average of over 300 in the emerging markets, and to 740 on average in developed

markets.8 Panel A makes clear how sparse the emerging market coverage is for early years

of the sample until early 1990s. For the majority of the emerging markets, meaningful data

coverage becomes available only after 1994. In contrast, with the exception of Finland,

all countries in the developed markets have data for the entire sample period. The final

sample covers the period from January 1985 to December 2004, and consists of 19,841

distinct firms from emerging and developed markets.

2.3 Summary statistics

Table 2 presents the mean, median and the standard deviation associated with the

monthly stock liquidity measure, ZRi,t, and the monthly market liquidity measure,MZRc.t

for each country in the sample. The top part of the table describes the sample for emerging

markets, and the bottom part presents the analogous statistics for the developed markets.

The average stock liquidity is computed in each country as the cross-sectional average of

the yearly time-series average of individual stock liquidity measures. The average market

liquidity in a country is computed as the time-series average across all years available for

that country. Given the way these liquidity measures are defined, lower values of ZR and

MZR are associated with greater liquidity, and higher values indicate less liquidity.

The first three columns describe the monthly stock liquidity. Consistent with Lesmond’s

(2005) and Bekaert et al. (2005) earlier findings, zero returns make up a significant propor-

tion of daily returns in emerging markets. For a typical stock in these markets, on average,

zero returns are observed on over half of the trading days in a given month. I find that the

largest incidence of zero returns in emerging markets is in Columbia at 78%, followed by

Russia (77%), and Brazil (72%). Taiwan and Korea, on the other hand, have the lowest

occurence of daily zero returns at 17% and 20%, respectively. The average stock liquidity

varies between 0.50 and 0.70 for a large number of emerging markets.

8The drop in the number of firms in Brazil in 1993 is due to the data problems in Datastream’s coverage

of this country in that year.
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As expected, the developed markets have a much less prevalence of zero daily returns.

Most have zero daily returns, on average, only about one-third of the time, with the least

occurence in Japan with only one-fourth of the time on average for a typical stock. There

is substantial cross-sectional variation among the developed markets, however, with some

markets displaying much greater frequency of zero daily returns, such as Denmark (68%),

Switzerland (63%), and Finland (61%). The median proportion of zero daily returns over

the fifteen developed markets is 39%. In comparison, Lesmond et. al (2004) report

that, over an annual trading period, NYSE/Amex firms have about 23.5% zero returns.

The average standard deviation in the monthly stock liquidity measure is similar across

emerging and developed markets. The average market liquidity generally mirrors that

of stock liquidity across the sample, but has much lower variability. Figure 1 shows the

relative ranking of all countries based on the average stock liquidity over the entire sample

period.

3 Cross-section of liquidity dynamics

In this section, I present the empirical analysis of how liquidity dynamics varies in the

cross-section. The analysis proceeds in two parts. First, in the next subsection, I examine

the key theoretical prediction that lagged market returns drive individual stock liquidity

over time, and look at how this effect varies in the cross-section. In the following section,

I consider the joint dynamics of liquidity with returns and volatility across stock portfolios

sorted by market capitalization.

3.1 Time series analysis

In this section, I test the key prediction that past changes in asset value affect liquidity

at the individual stock level. Our strategy is to see how lagged returns affect liquidity after

controlling for firm-specific variables and then to study the impact of positive and negative

returns, separately, to detect whether liquidity responds asymmetrically to past changes in

asset values.
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In order to assess how past returns affect liquidity, I regress the monthly liquidity

measure ZRi,t for stock i on the relevant lagged market index return Rm,t−1 for stock i, on

the lagged firm—specific return, Ri,t−1, defined as the difference between the market index

return and the raw return on stock i, and on a measure of monthly stock volatility, STDi,t,

inclued to control for the effect of volatility on the intertemporal variation in stock liquidity.

Finally, I include the lagged value of stock liquidity measure, ZRi,t−1 to account for serial

correlation:

ZRi,t = αi + biRi,t−1 + βiRm,t−1 + viSTDi,t−1 + ρi,t−1ZRi,t−1 + ui,t−1 (1)

where Rm,t is the return on the relevant Datastream market index in country m. STDi,t−1

is the lagged value of within-month volatility for stock i, constructed by cumulating the

squared daily returns, as in French, Schwert and Stambaugh (1987).

One concern with the regression equation (1) is that the dependent variable, stock

liquidity measure ZR, is by definition, bounded within the interval [0, 1] due to its con-

struction, and is unsuitable as a dependent variable in regression analysis. I therefore

adopt a standard econometric remedy and apply logistic transformation to this variable:

ZZRi,t = log

µ
ZRi,t

1− ZRi,t

¶
and use the transformation ZZRi,t as the left-hand side variable in equation (1) . I estimate

the time-series regression in equation (1) for each individual stock i with at least thirty

months of observations in each country.

Panel A of Table 3 presents the regression results for each country. For each estimated

coefficient, the first and second columns report the cross-sectional mean of the estimated

coefficients across all firms, and its associated statistical significance level, while the third

and the fourth columns report, respectively, the percentage of coefficients with the predicted

sign, and the percentage of coefficients with statistical significance at the ten percent level

across all firms.

First to note in the discussion of the coefficient estimates is the degree of persistence

in the stock liquidity measure. The coefficient on lagged liquidity suggest significant auto-

correlation in the monthy stock liquidity measure across almost all firms in every country
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in the sample. I find that higher volatility predicts greater illiquidity; the coefficient on

the lagged value of monthly stock volatility measure STDi,t−1 is positive in seventeen of

the twenty-five emerging markets, and in eleven of the fifteen developed markets. Further-

more, across the entire sample, more than two-thirds of the firms have positive, albeit not

all significant, estimated coefficients. This finding is consistent with the idea that incresed

volatility implies greater inventory risk, and hence lower liquidity (Benston and Hagerman

(1974)), as evidenced in the previous literature.

Turning to the coefficients of interest, Panel A of Table 3 indicates that the lagged

market return and the lagged individual stock return are negatively related to liquidity,

after controlling for the effect of firm-specific stock volatility. While the average estimated

coefficient on the lagged individual stock return is not consistently negative, ranging from

−0.37 in Singapore to 0.46 in Mexico — where only one-third of the coefficients across all
firms are estimated to be negative—, the average estimated coefficient is (significant and)

negative in thirteen (nine) of the emerging markets, and in ten (seven) of the developed

markets. The results are stronger for the effect of past market returns on liquidity. First,

with the exception of Turkey and Taiwan, the average estimated coefficient is consistently

significant and negative across the entire sample. Furthermore, the magnitude of the

estimated coefficients is on average significantly greater than that of the coefficient on

lagged individual stock returns, suggesting that changes in aggregate market value has

much more pronounced impact of the provision of liqudity. .

These findings are consistent with the results of Chordia, Roll and Subrahmanyam

(2001) who show that positive market returns are accompanied by decreased spreads, and

provide empirical support for the theoretical prediction in Brunnermeier and Pedersen

(2005) that a decline in market prices is associated with reduced liquidity.

I next investigate whether individual stock liquidity responds asymmetrically to positive

and market returns. The theoretical models that build on the effect of a decline in asset

value on collateral value to impact liquidity predict greater impact of past negative returns
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than gains. To test this prediction, I estimate the following time-series regression:

ZRi,t = αi + bdown,i,t−1Ri,t−1 ×Di,down,t−1 + bup,iRi,t−1 ×Di,up,t−1+

βdown,iRm,t−1 ×Dm,down,t−1 + βup,i ×Dm,up,t−1 + viSTDi,t−1 + ρi,t−1ZRi,t−1 + ui,t−1

where Di,down,t (Di,up,t) is a dummy variable that takes a value of one if and only if the

individual stock return Ri,t is less (greater) than zero; Dm,down,t and Dm,up,t are defined

analogously based on Rm,t. The regression equation in (2) therefore allows liquidity to

respond asymmetrically to past positive and negative market returns. Again, I use the

logistic transformation of ZR as the left-hand side variable in equation (2) .

Panel B of Table 3 presents the estimated coefficients in equation (2) for each country.

For brevity, I report in Panel B only the coefficients of interest on lagged positive and

negative individual stock returns, and lagged positive and negative market returns. As

in Panel A, I find weak evidence that both negative and positive lagged individual stock

returns affect individual stock liqiudity. The average mean estimated coefficient on lagged

negative stock returns are 0.035, and 0.254, (in unreported results) in emerging and de-

veloped markets, respectively In contrast, the corresponding averages on lagged positive

market returns are −0.006, and −0.326. The magnitude and the frequency of estimated
negative coefficients on positive lagged stock returns suggest that positive lagged individual

stock returns improve liquidity more than the amount by which negative lagged individual

stock returns affect liquidity.

The results on the effect of positive and negative lagged market returns on liquidity are

more pronounced. First, both negative and positive lagged market returns have a negative

influence on liquidity. In contrast to the prediction, however, the effect of negative lagged

market returns is smaller compared to that of positive lagged market returns. Indeed,

the average mean estimated coefficient of negative lagged market returns across the entire

sample is −0.432, whereas the corresponding average coefficient is −1.033 for positive lagged
market returns.

These results suggest that, although there is some evidence that liquidity responds

asymmetrically to positive and negative lagged returns, the direction of the asymmetry is

not consistent with the theoretical prediction. Indeed, the results would suggest that a
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large drop in asset valuations is associated with a smaller decrease in liquidity than the

improvement in liquidity that would be brought about by an increase in asset valuations.

Figures 2 and 3 graphically summarize the results in Table 3.

3.2 Cross-sectional variation

In this section, I investigate how the effect of lagged returns on liquidity varies in

the cross-section. The theoretical models that link changes in aggregate asset value to

liquidity predict differential impact of lagged returns on stock liquidity. In Brunnermeier

and Pedersen (2005), for example, funding constraints following a decline in asset valuations

induce traders to provide liquidity only in securities that do not use much capital, such as

low-volatility stocks with lower margins. I therefore test whether there are cross-sectional

differences in the relation between lagged returns and stock liquidity across stocks sorted

by size, and by volatility.

For this purpose, I sort stocks in each sample country into three groups by market

capitalization and by volatility, and estimate equations (1) and (2) separately for each

group.

First, Panels A and B of Table 4 present the empirical results for regression equation

(1) for size and volatility groups, respectively. For brevity, I only report the coefficients on

the lagged individual stock return, and the coefficients on the lagged market return. The

main findings of Panel A can be summarized as follows. First, there still exists evidence

that both lagged individual stock returns and lagged market returns negatively affect stock

liquidity. However, the effect of lagged individual stock returns on liquidity is significantly

more pronounced for small stocks than for large stocks. The average estimated coefficients

increase monotonically moving from small stocks to large stocks in several of countries in

the sample. Second, there is strong evidence that lagged market returns have a significant

negative influence on stock liquidity. Again, this result is especially large for small stocks.

The average mean coefficient across the entire sample on lagged market return is −1.17 for
small stocks, relative to −0.49 for large stocks.

I find a similar pattern in Panel B across volatility groups. The magnitude of the
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impact of lagged market returns is again stronger than that of lagged individual stock

returns. Moving from low-volatility to high-volatility The average estimated coefficients

decrease monotonically in several of the sample countries. The findings provide empirical

support for the prediction that lagged market returns have the greatest impact on high-

volatility stocks.

Next, in Table 5, I examine how the asymmetric response of liquidity to past positive

and negative returns varies across in the cross-section. Panels A and B of Table 5 report the

estimation results for the regression equation (2) for size and volatility groups. The main

findings in Table 5 can be summarized as follows: First, both positive and negative lagged

aggregate market returns have a stronger effect on liquidity than positive and negative

lagged individual stock returns. Second, both positive and negative lagged returns have

the greatest impact on small-cap stocks and high-volatility stocks. Finally, as in Panel B of

Table 3, while the asymmetry in how liquidity responds to past positive and negative returns

remains in the cross-section, the findings still suggest that, contrary to the prediction,

positive lagged returns have a stronger effect on liquidity than negative lagged returns.

3.3 Evidence from joint estimation

To alleviate any concern that the results of the previous section are driven by the lack of

power in estimation by country, in this section, I estimate the regression equations (1) and

(2) jointly for each groups of markets. This approach essentially restricts the regression

coefficients to be identical across all markets in each group. I also include country fixed

effects in the joint estimation.

Panel A of Table 6 confirms several findings put forward in Table 3 through Table 5.

First, lagged returns are negatively related to stock liquidity, and this effect is much more

pronounced for the lagged market return than lagged own stock return. Furthermore,

positive lagged market returns continue to have a stronger effect on liquidity than negative

returns. In contrast, Panel A of Table 6 indicates that a drop in the individual asset’s

value itself decreases has significantly greater impact on liquidity. Panel B shows the joint

estimation results for stocks sorted by market capitalization.
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In summary, consistent with theoretical models that link changes in asset value to liquid-

ity, and earlier empirical findings on aggregate-level liquidity, I find that lagged aggregate

market returns have a significant negative influence on individual stock liquidity. This

effect is greatest for small stocks, and highly volatile stocks. There is weak evidence that

lagged individual stock returns also have a negative effect on individual stock liquidity.

While there is some evidence that liquidity responds asymmetrically to positive and neg-

ative lagged returns, the findings suggest that increases in asset valuations are associated

with greater improvement in liquidity than reductions in liqudity generated by decreases in

asset valuations.

Next, I turn to the second part of the empirical analysis where I consider the joint

dynamics of liquidity with returns and volatility across stock portfolios sorted by market

capitalization.

4 Lead-lag effects in liquidity across small and large

The previous section focused on the relation between lagged returns and liquidity at

the individual stock level, and the cross-sectional differences in this relation. As argued

above, a related question is how liquidity dynamics interact across small and large stocks.

Motivated by the recent evidence on liquidity comovements across different asset classes

(Chordia, Roll and Subrahmanyam (2005), I test whether there are significant liquidity

spillovers across stocks with different market capitalization, similar to the lead-lag patterns

identified in stock returns and volatility in the literature. It is also plausible that such

cross-stock effects are especially important during crisis periods, or following an event that

triggers ‘flight-to-quality’ from small stocks to large stocks.

In order to investigate the joint dynamics of liquidity with volatility and returns across

size portfolios, I extend the econometric framework of the previous section to incorporate

small-cap and large-cap liquidity, return and volatility in a vector autoregression model.
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Specifically, I consider

Xt = a0 +
KX
j=1

a1jXt−1 +
KX
j=1

b1jYt−1 + uit (3)

Yt = a20 +
KX
j=1

a2jXt−1 +
KX
j=1

b2jYt−1 + vit (4)

whereX (Y ) is a vector that represents the equally-weighted measure of liquidity s ZRt (l ZRt) ,

the equally-weighted measure of returns s Rt (l Rt) and the equally-weighted volatility mea-

sure s STD (l STD) for the smallest-cap (largest-cap) stock portfolio, and a1j , a2j , b1j and

b2j are vectors of lag j autoregressive and cross-autoregressive coefficients. This framework

takes into account any bidirectional cauality that may exist between liquidity and the other

two variables.

In the same spirit as the earlier findings in the literature, if common information is

reflected in less-liquid small-cap stocks with a lag, we would expect to see liquidity shifts in

large-cap stocks to lead small-cap stock liquidity. I therefore test this hypothesis against

the null hypothesis that there are no liquidity spillover across size portfolios. If the null hy-

pothesis is true, and there are no lead-lag effects in liquidity beyond that is due to what has

already been documented in stock return and volatility dynamics, the cross-autoregressive

coefficients on small-stock liquidity, s ZR and l ZR should not be significantly different

from zero. Finally, if liquidity has commonality across small and large-cap stocks, we

should expect liquidity shocks across different size portfolios to be correlated.

I estimate equations (3) and (4) jointly across all markets for each emerging and de-

veloped country group, restricting the autoregressive coefficients to be identical in each

group. Panel A of Table 7 reports the VAR estimation results. First, consistent with

the findings of previous studies, I find sthat large stock portfolio returns lead small stock

portfolio returns in emerging markets, but not in developed markets. The evidence on the

lead-lag pattern in liquidity across small and large stock portfolios, however, is, at best,

mixed. I do not find any evidence that large stock liquidity leads small-stock liquidity in

emerging markets, but small-stock liquidity seems to weakly predict large-stock liqudity.

In developed markets, there is weak evidence that large stock portfolio liquidity is nega-

tively related to small stock liquidity. The magnitude of all of these coefficients are small,
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however, compared to the lead-lag effect across returns, and the effect of lagged returns

on liquidity. Lagged returns on large stock portfolio are negatively related to small stock

liquidity in both emerging and developed markets. Panel B reports the VAR results for

each country. The results do not suggest any consistent pattern in liquidity.

In summary, this section investigates the extent of commonalities and cross-size spillover

effects in liquidity dynamics between small and large stock portfolios in emerging and

developed markets. While lagged returns on large stock portfolio are negatively related to

small stock portfolio liquidity, there do not appear to be any consistent lead-lag pattern in

liquidity across small and large stock portfolios.

5 Conclusion

Recent work on liquidity has shown that, in addition to the cross-sectional variation

documented in much of the earlier market microstructure literature, liquidity also displays

substantial intertemporal variation. This study attempts to bring these two stylized facts

together by examining how liquidity dynamics vary in the cross-section in a large sample

of stocks from forty countries.

Using a zero-return based measure of liquidity, I show that there is substantial cross-

sectional variation in stock liquidity across emerging and developed markets. I find that

individual stock liquidity is negatively related to lagged own stock returns, and lagged

market returns, however, lagged market returns have a much more pronounced effect on

liquidity than individual stock returns. Furthermore, there is substantial cross-sectional

variation in this relation. The impact of lagged returns is greatest on small stocks and

highly volatile stocks. While I show that liquidity responds asymmetricaly to positive and

negative lagged returns, surprisingly, I do not find strong evidence that negative returns

have much larger effect than positive returns. Indeed, the results suggest that increases

in asset valuations are associated with greater improvement in liquidity than reductions in

liqudity generated by decreases in asset valuations. These findings provide partial support

for the theoretical models that link changes in asset valuations to liquidity.

While I do not find strong evidence on potential spillover effects in liquidity across small
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and large stock portfolios, lagged large stock portfolio returns, and liquidity are informative

in predicting small-stock liquidity.

This paper makes a number of contributions to the growing literature on liquidity. First,

understanding how liquidity dynamics vary in the cross-section provides additional insight

into the determininants of its intertemporal variation. Second, it extends the current work

on liquidity, that is mostly limited to the U.S markets to a large sample of international

markets.

This study suggests a number of interesting issues that warrant further investigation.

The evidence on cross-sectional differences in liquidity dynamnics in this study together

with earlier findings on cross-sectional differences in commonality (Chordia et. al (2000))

suggest size to be an important factor in liquidity dynamics. Exploring this issue further

would be an interesting avenue for future research. What market or country characteristics

determine these differences clearly warrant further investigation and would help us with our

understanding of liquidity linkages.
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Table 1: The distribution of the number of firms:
Panels A and B present, respectively, the distribution of the number of stocks in the final sample across emerging and developed markets from 1985 to 2004. Daily

return data is collected from Datastream for each stock available in forty countries. The final sample consists of 19,841 distinct stocks in twenty-five emerging, and
fifteen developed markets over the sample period.

Panel A: Emerging Markets

Country N 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004
Argentina 78 8 8 9 10 16 50 56 57 59 61 64 67 75 76 77 77 78
Brazil 533 68 81 92 8 157 270 334 366 418 467 486 495 513 519 529
Chile 220 100 110 121 137 152 158 163 173 186 195 200 204 205 209 214 220
Colombia 75 27 31 44 45 45 47 48 49 57 64 67 73 75
Czech Re-
public

158 52 81 149 151 155 156 157 157 157 157 157 158

Greece 518 118 125 179 201 211 228 277 299 322 337 360 402 454 474 493 507 517
Hungary 91 19 23 27 39 46 48 60 66 80 80 81 81 86 91
India 934 359 391 440 514 605 663 727 777 793 796 851 871 880 915 934
Indonesia 325 99 113 125 139 176 193 204 227 232 239 258 286 308 314 325
Israel 604 133 148 149 153 159 173 236 376 431 442 450 452 481 524 555 576 583 586 604
Korea 809 197 206 233 298 386 431 444 450 457 476 512 644 672 678 710 722 743 769 786 808
Malaysia 936 24 179 191 198 208 246 280 323 364 424 477 560 640 667 688 727 745 802 867 936
Mexico 165 26 30 36 51 67 85 103 102 115 125 127 145 150 154 159 160 165
Pakistan 249 4 4 15 110 133 156 163 189 213 230 233 237 240 245 245 249
Peru 114 18 41 62 83 87 97 99 102 110 111 112 112 112 112
Philippines 118 15 16 62 91 104 108 110 110 115 115 116 117 117 117 117 118 118 118
Poland 147 5 6 7 17 27 35 60 91 101 104 105 110 115 147
Portugal 208 86 105 120 125 140 152 161 170 174 182 192 194 200 201 202 207 208
Russia 228 13 43 51 139 166 172 203 212 219 221 227
South
Africa

383 27 28 31 31 34 156 163 168 173 185 194 214 237 297 328 337 347 358 370 383

Spain 266 9 73 85 141 150 159 168 178 186 190 195 213 228 239 244 251 255 260 264
Taiwan 682 29 48 129 146 164 190 213 239 272 331 368 421 489 551 593 646 670 682
Thailand 459 72 98 125 156 197 225 257 292 318 348 353 354 357 359 368 390 413 459
Turkey 365 73 79 119 146 159 176 198 229 253 277 298 304 343 347 351 338 350
Venezuela 56 8 8 9 11 15 17 18 19 19 25 44 50 54 55 56
Average 349 62 93 88 88 106 139 136 151 165 187 210 234 255 272 288 305 315 326 335 348
Total 8721 24 556 793 1235 1690 2646 2988 3471 3955 4682 5243 5852 6381 6800 7193 7626 7870 8158 8385 8695

Panel B: Developed Markets

Country N 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004
Australia 730 38 40 45 95 142 147 158 165 181 219 234 360 389 412 464 537 574 603 652 730
Belgium 253 59 110 111 113 119 123 124 125 127 139 139 147 169 189 219 232 235 239 247 253
Canada 1622 182 227 254 330 359 408 435 463 517 565 610 680 776 878 967 1065 1159 1274 1416 1622
Denmark 359 59 60 60 201 220 230 274 288 291 297 306 314 321 336 344 351 355 355 357 358
Finland 284 1 1 8 80 99 110 117 122 127 166 175 192 204 221 249 268 274 277 280 283
France 868 56 58 69 103 211 262 270 282 293 334 359 428 479 575 659 752 799 825 842 868
Germany 477 74 78 85 157 167 179 189 192 194 203 212 223 237 281 364 444 459 462 466 477
Hong
Kong

950 75 82 93 216 228 242 291 345 398 439 459 493 555 584 619 697 767 855 899 946

Ireland 48 15 17 20 25 29 29 30 30 30 32 32 32 35 37 44 46 46 46 46 48
Italy 644 99 271 308 340 356 375 391 397 400 414 435 449 465 493 537 589 609 622 632 644
Japan 2278 773 773 870 1247 1371 1462 1527 1553 1593 1659 1732 1786 1837 1871 1924 2013 2073 2132 2192 2278
Norway 460 109 120 124 126 152 174 186 204 224 243 265 294 351 382 391 415 429 434 438 459
Singapore 428 79 79 89 93 97 106 112 121 135 154 170 181 204 215 249 305 325 346 378 428
Sweden 1120 249 284 307 408 559 593 608 628 646 688 710 746 836 900 972 1036 1058 1070 1077 1112
Switzerland 599 195 264 314 338 357 396 405 409 419 428 444 478 496 518 545 569 581 587 592 595
Average 741 138 164 184 258 298 322 341 355 372 399 419 454 490 526 570 621 650 675 701 740
Total 11120 2063 2464 2757 3872 4466 4836 5117 5324 5575 5980 6282 6803 7354 7892 8547 9319 9743 10127 10514 11101



Table 2: Summary statistics:
Table 2 presents the mean, median and the standard deviaion associated with the monthly individual

stock liquidity measure, ZR, and the monthly market illiquidity measure, MZR in each country. The
individual stock liquidity measure ZR is constructed for each stock as the ratio of zero-return days to
the number of non-missing trading days in a given month. Days on which 99% or more of the stocks on
an exchange are observed to have zero returns are treated as ‘non-trading days’, by setting the return
to missing for all firms. The market liquidity measure MZR is constructed as the proportion of firms
with zero daily returns across all firms, averaged over the relevant month. The mean stock liquidity
is computed as the cross-sectional average of the yearly time-series average of individual stock liquidity
measures. The mean market liquidity in a country is the time-series average across all years available
for that country.

Stock Liquidity (ZR) Market Liqudity (MZR)
Country Mean Median Std.Dev. Mean Median Std.Dev
Argentina 0.53 0.50 0.36 0.50 0.52 0.16
Brazil 0.72 0.90 0.34 0.68 0.70 0.11
Chile 0.69 0.80 0.31 0.67 0.69 0.09
Colombia 0.80 0.95 0.26 0.77 0.78 0.09
Czech Republic 0.67 0.80 0.34 0.65 0.72 0.25
Greece 0.39 0.23 0.37 0.38 0.37 0.11
Hungary 0.62 0.73 0.37 0.58 0.60 0.09
India 0.36 0.29 0.30 0.35 0.34 0.12
Indonesia 0.65 0.67 0.27 0.62 0.62 0.07
Israel 0.52 0.48 0.30 0.51 0.49 0.14
Korea 0.20 0.14 0.19 0.19 0.18 0.08
Malaysia 0.33 0.27 0.23 0.31 0.32 0.09
Mexico 0.56 0.62 0.40 0.53 0.54 0.08
Pakistan 0.62 0.70 0.34 0.59 0.62 0.13
Peru 0.65 0.83 0.38 0.62 0.64 0.09
Philippines 0.72 0.80 0.28 0.68 0.71 0.15
Poland 0.49 0.36 0.35 0.45 0.47 0.18
Portugal 0.70 0.85 0.33 0.68 0.67 0.10
Russia 0.77 0.95 0.33 0.71 0.73 0.16
South Africa 0.59 0.64 0.32 0.57 0.58 0.14
Spain 0.49 0.35 0.39 0.47 0.46 0.10
Taiwan 0.17 0.14 0.13 0.16 0.15 0.07
Thailand 0.43 0.35 0.30 0.42 0.41 0.11
Turkey 0.33 0.23 0.30 0.32 0.31 0.07
Venezuela 0.66 0.79 0.35 0.63 0.73 0.26
Average 0.55 0.57 0.31 0.52 0.53 0.12

Australia 0.31 0.25 0.34 0.29 0.24 0.13
Belgium 0.59 0.59 0.37 0.57 0.61 0.10
Canada 0.34 0.27 0.25 0.32 0.32 0.07
Denmark 0.68 0.79 0.33 0.66 0.69 0.12
Finland 0.61 0.64 0.35 0.59 0.60 0.09
France 0.38 0.27 0.32 0.36 0.37 0.08
Germany 0.36 0.26 0.30 0.34 0.35 0.08
Hong Kong 0.41 0.33 0.28 0.39 0.40 0.10
Ireland 0.36 0.26 0.37 0.35 0.34 0.08
Italy 0.42 0.22 0.40 0.41 0.47 0.15
Japan 0.24 0.18 0.20 0.23 0.23 0.06
Norway 0.46 0.46 0.06 0.45 0.44 0.10
Singapore 0.37 0.30 0.25 0.35 0.35 0.09
Sweden 0.36 0.31 0.14 0.38 0.32 0.10
Switzerland 0.63 0.70 0.35 0.62 0.66 0.12
Average 0.44 0.39 0.29 0.42 0.43 0.10


