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Abstract

This paper studies the relation between illiquidity and the predictability of fun-
damental valuation variables. Theory suggests that illiquidity is associated with un-
certainty about stock value. Consistent with this, we document that during illiquid
periods, aggregate stock returns contain less information about future aggregate earn-
ings, GNP growth, and industrial production. In addition, a firm-level cross-sectional
analysis shows that returns of illiquid stocks contain less information about their future
firm earnings compared to those of more liquid stocks. A natural experiment utiliz-
ing an exogenous variation in liquidity amid the reduction of tick size on the NYSE
indicates that improvement in liquidity increases earnings predictability. The results
provide further evidence for the usefulness of illiquidity in fundamental forecasting
models.
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1 Introduction

The literature has long documented that stock prices are forward-looking and predict future
earnings (e.g., Ball and Brown, 1968; Beaver, Clarke and Wright, 1979; and Beaver, Lambert
and Morse, 1980). Although the predictability of earnings may hold on average, this paper
shows that the ability of stock prices to predict future earnings is contingent on the ex-ante

degree of stock liquidity.

There are several hypotheses, based on the economic drivers of liquidity, that would gen-
erate such a relation. Market-microstructure models demonstrate that stock illiquidity can
arise endogenously in equilibrium, and that illiquidity can be modeled as proportionate to the
degree of uncertainty of information asymmetry among market participants. For example,
a risk-neutral and competitive market maker charges a trading fee/cost to protect herself
against adverse selection. This cost increases with the degree of information asymmetry and
decreases with the amount of noise trading. Glosten and Milgrom (1985) model this cost
as a bid-ask spread, building on earlier work by Copeland and Galai (1983). Kyle (1985)
models this cost as a price impact of trade: AP = AV, where V is the number of shares
traded and A, commonly referred to as Kyle’s Lambda, is the price impact per unit of trade.
Kyle (1985) shows that A is proportional to the standard deviation of the distribution of
possible fair values of the security, o, and inversely proportional to the standard deviation

of the distribution of trades by noise traders, o, that is, A = 3—”

Under the assumption that the stock’s value is proportional to earnings, Kyle’s Lambda
will also be proportional to the standard deviation of the distribution of possible earnings
outcomes, as captured by the uncertainty about future earnings, that is, A ~ 2";5% (For
other models see, Admati and Pfliederer, 1988, and Easley and O’Hara, 1992.) Most models
assume that the amount of non-information-driven or noise-trading activity is fairly constant,
while the amount of uncertainty or information asymmetry about fundamental value may
change over time. Therefore, under these assumptions, the liquidity of a stock can proxy for

ex-ante uncertainty about the future earnings of its firm.

While illiquidity is likely associated with uncertainty about stock value, future earnings



is not be the only source of information asymmetry affecting the value of a stock. There are
other relevant uncertainties pertaining to other fundamental sources including the discount
rate and the systematic risk exposures of the stock (which would also affect discount rates),
as well as non-fundamental sources such as future trading costs (see, e.g., Amihud and
Mendelson, 1986). Thus, the relation between illiquidity and earnings predictability is not
completely straightforward. However, even absent uncertainty about fundamental value,
that is, even if all investors agree on the correct price of an asset, some non-informational
frictions, such as pure market-making costs (inventory or search costs), may cause the price
of the asset to deviate from the asset’s intrinsic value. For example, the tick sizes used
for trading on the stock exchanges can distort pricing, and may inhibit arbitrageurs from
trading a stock to its fundamental value. Therefore, in sum, we hypothesize that liquidity

can be used to assess the degree of informativeness of prices about future earnings.

We test whether the relation between a firm’s stock return and its future earnings is
more significant for liquid stocks than for illiquid stocks. We conduct the test both at
the aggregate and firm level, employing both pooled and cross-sectional regressions for the
latter. For the most part, we use the Amihud (2002) measure of illiquidity, which estimates
the average daily price impact per stock. This measure is consistent with the notion of Kyle’s
Lambda measure and therefore can be used to proxy for uncertainty. Notwithstanding the
Amihud measure relying on daily data, which allows us to utilize a long time series, research
shows this measure to be highly correlated with more precise, intradaily measures (see,
e.g., Hasbrouck, 2009; and Goyenko, Holden, and Trzcinka, 2009). The Amihud measure
is estimated monthly and to construct our annual firm-level measures we use the average
illiquidity over the twelve-month period. For our aggregate annual illiquidity measure, we

use the innovations in the cross-sectional average of firm-level illiquidity.

We begin our empirical analysis by performing tests at the firm level. For the firm-level
regressions, we use earnings changes scaled by beginning period market values. We test
whether the ability of stock returns in period t to predict earnings growth from period ¢ to
period t+1 varies with stock liquidity. Consistent with prior studies (e.g., Beaver, Lambert

and Morse, 1980; Collins, Kothari, and Rayburn, 1987; and Kothari and Sloan, 1992), we



first confirm that firm-level stock returns predict earnings changes for the same firm in the
following period. Then, we further show that the stock returns of more liquid firms are

better predictors of future firm-level earnings growth than those of illiquid firms.

Although the analysis above documents an association between illiquidity and earnings
predictability, the direction of causality remains unclear. On the one hand, as argued above,
illiquidity can reduce the ability of prices to predict earnings. On the other hand, the lack
of predictability itself may signify an increase in the information asymmetry environment of
the stock, which in turn would reduce its liquidity. While we cannot rule out the latter, we
present some supporting evidence for the former channel. Specifically, we exploit an exogen-
ous, non-informational shock to the liquidity of NYSE-listed firms. On June 24, 1997, the
NYSE reduced the tick size from one eighth to one sixteenth of a dollar. This event resul-
ted in a drop in the bid/ask spreads and thus improvement in stock liquidity (CITES...).
We employ a difference in difference approach which compares the ability of stock prices to
predict earnings before and after 1997 across firms listed on NYSE versus unaffected firms
traded on AMEX and NASDAQ. The findings indicate that the improvement in liquidity, for
NYSE firms, improved the ability of stock returns to predict earnings, compared with stock
returns of our control group. These findings suggest that liquidity causally affects earnings
predictability.

Next, we focus on aggregate data. For aggregate measures, we use earnings growth,
industrial production growth, and real gross national product (GNP) growth, as well as both
equal- and value-weighted stock returns. It is useful to perform analyses at the aggregate
level in addition to the firm level for two reasons. First, prior studies (e.g., Kothari, Lewellen
and Warner, 2006) show that the earnings-returns relation differs at the aggregate versus
the firm level. Second, prior studies also suggest that earnings are more predictable at the
aggregate level than at the firm level (e.g., Sadka, 2007; and Ball, Sadka, and Sadka, 2009).
Using aggregate-level data, we show that earnings growth is more predictable using stock
returns during periods of relatively favorable liquidity conditions. Specifically, we document
that aggregate stock returns in period ¢ are better predictors of aggregate earnings growth

in period t+1, when aggregate liquidity is high during period ¢. In addition, we find similar



results when using real GNP growth and industrial-production growth in place of earnings
growth. These findings are consistent with our hypothesis that prices are more informative, in
terms of their ability to predict future macroeconomic indicators, during periods of increased
liquidity.

Recent research about liquidity and accounting information highlight the importance of
second moment measures of liquidity in accounting research (see, e.g., Lang and Maffett,
2011; Ng, 2011; and Sadka, 2011). We therefore decompose firm earnings growth and liquid-
ity into their systematic and idiosyncratic components. The decomposition can answer the
following two questions: (1) Does the relation between illiquidity and predictability stem
from the idiosyncratic or systematic component of earnings? (2) Is the relation between
illiquidity and predictability driven by the idiosyncratic or systematic component of illiquid-
ity? The results indicate that the information in firm-level returns largely pertains to future
idiosyncratic earnings changes, while the quality of such information is determined by both
components of illiquidity. These results suggest that the uncertainty about individual-firm
earnings specifically pertains to idiosyncratic variations in earnings, not to information about
systematic earnings risk (or earnings beta), and that not only liquidity level but also liquidity

beta determines predictability.

We proceed to expand our cross-sectional analysis using a portfolio approach. First, we
sort firms into groups based on illiquidity. We find that marginal increases in illiquidity
weakens the relation between returns and future earnings growth for all illiquidity groups.
Second, in untabulated results, we also sort firms based on size (market capital) due to the
findings of Collins, Kothari, and Rayburn (1987) that stock returns predict earnings growth
better for large firms than for small firms. Consistent with their findings, we document that
stock returns predict future earnings growth better for large firms than for small firms. This
paper complements their findings by showing that marginal increases in illiquidity weakens

the relation between returns and future earnings for all size groups.

We also employ analyst-forecast properties as alternative measures for predictability.
While analyst forecasts provide us with an ex-ante measure of predictability, which, in con-

trast to illiquidity, is unlikely related to discount rates, we note that prior studies find that
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they do not fully reflect investor expectations (e.g., Lys and Sohn, 1990; and Abarbanell,
1991). Our findings here suggest that analyst-forecast errors are larger in absolute value
for more illiquid firms. In addition, we document that illiquid firms tend to have a high
analyst-forecast dispersion (see also Sadka and Scherbina, 2007). These findings lend further
support for the hypothesis that higher illiquidity is associated with higher uncertainty about

future earnings.

Finally, it is well recognized that liquidity can be measured in various ways and that
some measures could produce somewhat different results because they could capture differ-
ent aspects of liquidity (see Korajczyk and Sadka, 2008). Nevertheless, we find that our
main result about the relation of illiquidity and earnings predictability is robust to employ-
ing alternative measures of illiquidity, such as the Péstor and Stambaugh (2003) liquidity
measure as well as the fixed and variable components of price impact developed in Sadka

(2006).

The results of this paper have several practical implications. Portfolio managers can use
firm liquidity not only as a measure of transaction costs, but also as an ex-ante measure of
model uncertainty. For example, per the results in the paper regarding the ability of past
return to predict future earnings and other macroeconomic indicators, it is plausible to use
past return to form expectations of these future indicators. Nevertheless, the results of this
paper suggest that the accuracy of such expectation models decreases with illiquidity, and
therefore these models should be underweighted or overweighted in the investment process
contingent on the illiquidity of the asset in question. Furthermore, our findings imply that
investors should reduce their reliance on analyst forecasts to form earnings expectations for

firms with illiquid securities because analyst forecasts tend to be less accurate for these firms.

This paper is related to a growing literature that studies the effects of liquidity in ac-
counting research. Diamond and Verrechia (1991) argue that the disclosure of accounting
information can reduce information asymmetry thereby improving stock liquidity. Con-
sequently, many studies in the literature relate accounting information events, such as earn-
ings announcements, to stock liquidity. Lee, Mucklow, and Ready (1993), Kim and Verrechia
(1994), Krinsky and Lee (1996), and Affleck-Graves, Callahan, and Chipalkatti (2002) study



measures of liquidity around earnings announcements. More recently, Vega (2006) and Fran-
cis, Lafond, Olsson and Schipper (2007) find that the post-earnings-announcement drift is re-
lated to the amount of private information. Several other works discuss the relation between
disclosure policy and liquidity (e.g., Welker (1995), Brown, Hillegeist, and Lo (2004), and
Brown and Hillegeist (2007)). Finally, some works associate illiquidity measures with other
contemporaneous measures of uncertainty. For example, Lang and Maffett (2011) find that
more transparent firms are also more liquid, while Ng (2011) finds that liquidity beta de-
creases with transparency. Also, Daske, Hail, Leuz, and Verdi (2008) recently document that
the adoption of IFRS improves stock liquidity for the adopting firms, while Roulstone (2003)
finds that higher analyst-following of a firm provides information to investors resulting in
higher liquidity of its stock. While these studies document the relation between illiquidity
and other contemporaneous measures of information uncertainty, they do not directly test

for the relation between liquidity and uncertainty about the future prospects of the firm.

The remainder of the paper is organized as follows. Section 2 describes our data and
its sources. Section 3 describes our empirical framework, while Section 4 includes the main
findings. Section 5 studies predictability using the systematic and idiosyncratic components
of firm earnings and illiquidity. Section 6 uses analyst forecasts to test the association
between illiquidity and the ability of analysts to predict earnings. Additional tests are

included in Section 7, and Section 8 concludes.

2 Data

The data is gathered from the Compustat, Center for Research in Security Prices (CRSP),
Federal Reserve Economic Data (FRED), and Institutional Brokers’ Estimate System (IBES)

datasets. This study employs both firm-level and aggregate-level tests. The sample period
is 1952-2010.

For the firm-level analyses, we eliminate observations that are missing any of the following
data items: earnings, returns, volume, and year-end stock price. To ensure that return

windows cover the same time period, we also remove all firms which have a fiscal-year
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end other than December. We then winsorize the remaining data at the top and bottom
one percentiles to reduce the possible effects of outliers. Our firm-level illiquidity measure,
ILLIQ);4, follows Amihud (2002) and is defined as the natural logarithm of the average daily
ratio of absolute value of return and dollar volume (multiplied by 10°) over April of a year

through March of the following year.

Table 1 provides descriptive statistics for key variables used in our firm-level regressions.
The average 12-month return in our sample is 13.1 percent, with a median of 8.0 percent.
Descriptive statistics on market value, size, and book-to-market all indicate that our sample

is diverse and includes small-, mid-, and large-cap firms.

Our aggregate measures of real GNP growth and growth in industrial production are ex-
tracted from Federal Reserve Economic Data. Our aggregate earnings measure is constructed
using firm-level earnings from Compustat. Specifically, we use the growth in aggregate earn-
ings from period t to period t+1, where aggregate earnings is defined as the cross-sectional
sum of firm-level operating income. For aggregate stock returns, we employ both the equal-
weighted and value-weighted returns of our sample firms. Similar to our firm-level analysis,

we include only firms with December fiscal year-ends in the aggregation.

Our aggregate illiquidity measure, which is defined as an illiquidity shock, AILLIQ);, is
calculated following Amihud (2002).! Specifically, aggregate illiquidity is the equal-weighted
cross-sectional average, ILLIQ;.> The shock AILLIQ; is defined as the error term, &,, in

the following estimated regression:

ILLIQ; =a+bx ILLIQ; 1 + &, (1)

Finally, for the regressions involving analysts’ forecast errors and dispersion, we gather

analyst data from the IBES dataset. Due to additional data limitations of the IBES dataset,

"While our firm-level analyses utilize liquidity levels for cross-sectional comparisons, we use liquidity
shocks for our aggregate measure. This is because of the non-stationarity (time trend) of liquidity in the
aggregate. In contrast, our cross-sectional analyses are unaffected by aggregate time trends. A similar
approach is applied in Acharya and Pedersen (2005) and Sadka (2006) who form portfolios using the level
of liquidity, while regressing these portfolio returns on changes in aggregate liquidity.

2The results in the paper are robust to using value weights to calculate aggregate illiquidity.



the firm-level analyst regressions include only the years 1976 to 2010. We calculate analyst-
forecast errors as the absolute value of the difference between the actual EPS and the most
recent mean analyst EPS forecast that is available prior to the actual EPS announcement,
both taken from IBES. We then scale this difference by the firm-specific stock price as of the
end of the return window for year ¢t — 1. As our measure of analyst-forecast dispersion we
use the standard deviation of the most recent analyst EPS forecast for year ¢, also scaled by

the firms’ stock price as of the end of the return window for year ¢ — 1.

Table 2 provides both the Spearman and Pearson correlations between variables of in-
terest. In Panel A, we see that Returns are significantly positively correlated with earnings
changes and significantly negatively correlated with illiquidity. In Panel B we see that
illiquidity is significantly positively correlated with both analyst-forecast error and analyst-
forecast dispersion, all at the 1 percent level. These correlations are in the expected directions

and reinforce our beliefs and hypotheses.

3 Empirical Framework

3.1 Estimating the Effects of illiquidity on Predictability

Our empirical analysis follows the framework used in Brown, Griffin, Hagerman, and Zmijew-
ski (1987) and Sadka and Sadka (2009). Under rational expectations, realized future earnings

growth is an unbiased estimate of expected earnings growth, i.e.,
AX;141/Pit = B (AXi141/ Pit) + €141, (2)

where ;11 ~ (0,0?). The volatility, o, increases with uncertainty, AX;,;.; is the change in
net income from years ¢ to ¢ + 1, and P;; is the stock price of firm ¢ at the end of the fiscal

year t. Under complete foresight 0 = 0. Using this property, we use realized earnings growth



and stock returns to test for predictability. Specifically, we employ the following model:
Riy=a+ BAX,11/P—1 + vig, (3)

where R;; denotes stock returns for firm ¢ in period ¢t. We employ the previous period market
value as a deflator for earnings growth so that the deflator for both earnings changes and
changes in market values is the same. Since unexpected future shocks to earnings do not
affect current prices, the relation between stock returns and future earnings growth is due

to the expected component, which leads to the following;:
Riy=c+d -E (AX;141/Pit—1) + Siz (4)

When earnings growth is not entirely predictable, realized earnings changes measure
expected earnings changes with noise, that is ¢ > 0. Therefore, the estimated coefficient in

Equation(3), B, is biased towards zero (errors-in-variables problem). Specifically:

limB = .
plimp = 1773

Thus, a higher estimated coefficient implies more predictability and vice versa.

Our analysis tests whether more illiquid firms have less informative prices with respect to
future earnings growth. Using the empirical framework above, our first empirical test exam-
ines the effect of the forward-looking change in earnings, illiquidity, and the two interacted
together on 12-month stock returns . Specifically, we test four expanding models with the

full model having the following form:
Rii=o0;+ 0, - AXiti1/Pir1+ 7 - (AXivi1 /Py - ILLIQ;4) + 0 - ILLIQ; ¢+ + vip.  (6)

In the above equation, R;; is the cumulative stock return from April of year ¢ until March
of year t + 1, AX, 41 is the forward-looking change in net income from years ¢ to ¢t 4+ 1, and

P, ; is the stock price of firm 7 at the end of the fiscal year ¢. The variable /LLI(Q);; is defined



following Amihud (2002) and is described above. Note that since illiquidity could be related
to expected returns (through the discount rate), it is necessary to control for illiquidity as a

separate variable in the regression.

The bias towards zero caused by the errors-in-variable problem (discussed above) does
not necessarily apply to the regression in Equation (6) depending on the relation between
earnings changes and illiquidity. While the correlation between the change in earnings and
illiquidity is relatively low (approximately 7%), this relation may affect our analysis. There-
fore, we also use portfolios sorted based on illiquidity, employing univariate regression models
presented by Equation (3). In these univariate models, the classical errors-in-variable prob-

lem holds and the estimated coefficient, 3,, is biased towards zero.

Following Easton and Harris (1991), we also estimate the model with earnings levels
scaled by stock price, instead of earnings changes (scaled by stock price). Our findings are
qualitatively similar. In addition, we employ two-period ahead earnings growth. The results
are significantly weaker when we employ long-horizon earnings growth. For brevity, we only

report results using scaled earnings changes.

3.2 Nonparametric Approach

The model above tests whether illiquidity is associated with the ability of stock returns to
predict future earnings. In this section, we apply a simple nonparametric approach to test
for earnings predictability, which is based on a similar intuition to the one used in Equation
(3).

Specifically, every year, we double sort firms independently into five groups based on
their returns that year and their earnings growth the following year. For example, if the
firm’s stock return in a given year ¢ is in the top (bottom) 20%, the firm is allocated into
the highest (lowest) returns group RANK;; p =5 (RANK;; p = 1). Similarly, if the firm’s
earnings growth in a given year t+1 is in the top 20% then RANK; ;11 x = 5. We compute a
firm-year measure of earnings predictability, DI F'F;;, which is defined as the absolute value

of the difference between the two quintile ranks:
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DIFF;; = |RANK; 11 x — RANK,, 5| (7)

This measure is based on the intuition that higher expected future earnings should be
associated with higher contemporaneous returns. Thus, if a firm is in the highest 20"
percentile of earnings growth in the following year, and earnings are predictable, its con-
temporaneous return is more likely to be among the highest 20" percentile as well. If
RANK, 11 x = RANK;, g, it implies that investors correctly anticipate the growth in earn-
ings. This relation is consistent with a positive slope coefficient in Equation (3) above.
Therefore, the variable DIF'F;; measures the extent to which investors correctly predict
future earnings changes; a higher DIF'F;; implies that stock returns for firm 7 in period ¢

do not correctly anticipate the earnings growth at period ¢ + 1.

4 Main Findings

4.1 Firm-Level Analysis

We estimate the model in Equation (6) using both cross-sectional and pooled regressions
(with the standard errors of the pooled regressions clustered at both the firm and year
levels). We estimate the cross-sectional regressions for each year ¢ and obtain 57 estimates
of the coefficients (corresponding to the 57 years in our sample). Table 3 Panel A reports
results for the Fama-MacBeth regressions where reported coefficient is the mean coefficients,
and the reported t-statistic is the Fama-MacBeth t-statistic. Table 3 Panel B reports results

for the pooled estimation.

In the context of our hypothesis, we expect a negative coefficient on the interaction
term, i.e., 7,<0. Note, that the overall slope coefficient on AX,,.1/P,; is 8, + v, ILLIQ);;.
Thus, a negative coefficient, ,, implies that earnings are less predictable at higher levels of
illiquidity. In other words, v,<0 implies that stock returns contain relatively less information

about future earnings as the level of illiquidity increases.
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As an initial benchmark for our analysis, we show that changes in forward-looking earn-
ings are associated with current-period returns. Using Fama and MacBeth (1973) regressions,
we show a strong, positive coefficient on the change in price-deflated earnings growth in the
first regression of Table 3. In terms of Equation (6), we document that [, is positive and
statistically significant. The average coefficient is 0.341 with a t-statistic of 5.07. The av-
erage adjusted-R? is 1.8%. The pooled results are similar, the coefficient is positive (0.181)
and statistically significant (¢-statistic of 2.97).

Next, we build upon the model by including our measure of illiquidity along with the
interaction between the illiquidity measure and the change in future earnings. We document
a negative coefficient on the interaction term, ,. When adding only the interaction term
to the Fama-MacBeth regressions, v, has a time-series mean of -0.153 and a t-statistic of
-5.85. When estimating the full model, v, has a time-series mean of -0.152 and a t-statistic
of -5.87. We find similar results when we estimate a pooled model (Table 3, Panel B). The

coefficient, v,, is negative and statistically significant in all our models.

As noted above, we include the illiquidity measure in the analysis. Consistent with prior
studies, the coefficient on illiquidity is negative and statistically significant. This implies
that illiquidity negatively affects contemporaneous stock returns. In our Fama-MacBeth
regressions, the coefficient §; takes a value of either -0.019 or -0.021. In the pooled models,

the coefficient is slightly higher in absolute value (-0.027).

In addition to the regression analysis in Equation (6), we test whether DI F'F' is explained
by variations in illiquidity. Specifically, we estimate the following model using both pooled

and cross-sectional regressions:

DIFF;; = ¢g+ ¢y - ILLIQ;; + 04 (8)

The results are reported in Table 4. Panel A reports results using the Fama-MacBeth

approach and Panel B reports results using a pooled estimation approach.

We begin our analysis using univariate regression models. The findings are consistent with

the hypothesis that higher stock illiquidity is associated with lower earnings predictability.
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The coefficient on ILLIQ;, ¢, is positive and statistically significant. For example, using
the pooled regression the coefficient is 0.054 and the t-statistic is 14.27. In our multivariate
test, we add size, book-to-market, and an indicator variable for profitable firms. After adding
these controls, our measure of predictability remains positive and significantly associated
with stock illiquidity and the adjusted-R? increases considerably. In sum, the coefficient on
ILLIQ;; is positive and statistically significant in all models, the ¢-statistic is above 7 in all

of our estimated models.

4.2 Do Changes in Liquidity Affect Predictability?

The results in Table 3 highlight the difficulty in determining the direction of causality between
illiquidity and earnings predictability. On the one hand, illiquidity can reduce the ability of
prices to predict earnings as prices can vary in a window around the "true" price. On the
other hand, however, the lack of predictability itself may signify an increase in the information
asymmetry environment of the stock, which, in turn, reduces its liquidity. While we cannot
rule out the latter, we present some supporting evidence for the former channel using a

non-informational, exogenous shock to the liquidity of NYSE-listed firms.

On June 24, 1997, the NYSE reduced the tick size from one eighth to one sixteenth of a
dollar. This event resulted in a drop in the bid/ask spreads and thus improvement in stock
liquidity.®> The reduction of NYSE tick size in 1997 coincided with similar tick reductions for
both AMEX and NASDAQ. However, while the reduction in tick sizes for NYSE was near-
uniform in 1997, AMEX and NASDAQ had phased in the tick-size reductions with previous
reductions that occurred in 1992 and 1995.* Thus, we exploit the earlier tick reductions

in AMEX and NASDAQ and retain only the AMEX- and NASDAQ-listed firms that did

3In January 2001, NYSE reduced the tick size to one cent. However, although decimalization reduced
the bid/ask spreads, price impacts have increased (see Sadka, 2006). We therefore do not use this event for
our causality tests.

4Starting in 1995, NASDAQ instituted a policy by which stocks trading at prices less than ten dollars
would have a tick size of 1/32 of a dollar, as opposed to a tick size of 1/8 of a dollar for stocks trading at
prices above or equal to ten dollars. AMEX phased in the tick reduction in 1992 and then again in 1995. In
1992, AMEX reduced the tick size to 1/16 of a dollar for stocks trading below five dollars, and then changed
that to include stocks trading below ten dollars in 1995.
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not experience a tick reduction in 1997 as the control group. Our control group, therefore,
includes stocks trading below ten dollars for AMEX and stocks trading below ten dollars
both at the start and the end of the year for NASDAQ, as NASDAQ still had a policy of

stocks trading at prices of below ten dollars as having a tick size of 1/32 of a dollar.’

To identify the effects of the shock to liquidity, we employ a difference-in-difference ap-
proach. We identify our treatment group as firms traded on the NYSE post the regime
change in 1997. If liquidity affects predictability, we expect the stock returns of our treat-
ment group to have an increase in association between current stock returns and future
earnings growth, compared with firms in other exchanges. Accordingly, Shock is a dummy
variable that receives the value of 1 if the firm is traded on the NYSE during 1997. The

analysis employs the following regression model:

Riﬂg = o+ 8 . ShOC]C —+ 61 . AXi,t—i—l/F)i,t—l + 52 . (AXz’,t+1/Pi,t—1 . ShOCk) (9)
+51 . [LL[Qz,t -+ 52 : ([LLIQz,t . ShOCk) + Vit-

If liquidity affects predictability, we expect a positive coefficient for 5,. The results are
reported in Table 5. Panel A reports results excluding controls for illiquidity and Panel B

reports the results for the full model.

Our findings indicate that the stock returns of our treatment group, NYSE-listed firms,
better reflect future earnings in 1997 compared with 1996. This improvement is in comparison
to firms traded on other exchanges (AMEX and NASDAQ), which were not affected by the
change in liquidity. In particular, excluding illiquidity, the coefficient is positive (0.187) and
the t-statistic is 1.80. In Panel B, which reports the results for the full model, the coefficient
is 0.215 with a t-statistic of 2.09. The coefficient is economically significant in comparison to

B4, which is 0.135. These findings imply that liquidity causally affects earnings predictability.

Note, there were additional shocks to liquidity during our sample period. AMEX-listed

SRestricting the NASDAQ sample excludes firms whose stock prices cross the ten-dollar threshold and
thus incurring either tick increases or decreases during 1997.
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firms underwent a phased tick reduction starting in August 1992 and then again in February
1995. The 1992 reduction reduced the tick size from 1/8 of a dollar to 1/16 of a dollar for
AMEX-listed stocks priced between one dollar and five dollars, while the 1995 reduction
reduced the tick size from 1/8 of a dollar to 1/16 of a dollar for all stocks priced below ten
dollars. Also, starting in 1995, it was the convention of NASDAQ to reduce the tick sizes of
listed stocks with bid-price quotations of below ten dollars to 1/32 of a dollar, while listed
stocks with bid-price quotations at or above ten dollars retained the tick size of 1/8 of a
dollar. Using these events as exogenous shocks to liquidity is problematic for a multitude
of reasons. First, the sample sizes of affected stocks are usually less than a couple hundred
and make generalization to the larger body of stocks somewhat unclear. Second, since tick-
size reductions are tied to stock prices, the potential variation in liquidity is not viewed as
exogenous since stocks can use stock splits and other means to achieve a desired tick size.
In addition, higher priced stocks are often associated with higher performance measures and
thus induce a mechanical relation between the independent and dependent variables. Lastly,
stocks can move between tick thresholds multiple times in a given year, making it difficult
if not impossible to conduct meaningful tests with earnings growth and still be able to draw
clear inferences from the results. For these reasons, none of the above listed events form a

basis for a natural experiment for our causality tests.

4.3 Aggregate-Level Analysis

Next, we perform aggregate-level analyses. In particular, we perform time-series regressions

at the aggregate level and estimate the following regression model:

Ri=a+ - AXiq +v-AXp - AILLIQ; + vy, (10)

where R, is the cumulative equal-weighted or value-weighted stock return from April of year
t until March of year t+1, and AX,,; is the growth in operating income from years t and
t + 1. We use operating instead of net income for the aggregate-level analysis to avoid the

effects of the goodwill write-offs during 2001-2002 (see Jorgensen, Li and Sadka, 2010).
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4.3.1 The Amihud measure

In this subsection, the variable AILLIQ); is the unexpected illquidity shock in period t
(following Amihud, 2002) and is described in Section 2. The results are reported in Table
6. Panel A reports results using equal-weighted stock returns. Panel B reports results using
value-weighted stock returns. As with the firm-level analysis above, a negative coefficient
on the interaction between earnings changes and illiquidty implies that earnings are less
predictable. Due to the small number of observations (a constraint of the relatively short
sample period), we do not include aggregate illiquidity on its own. In unreported results, we
find that when illiquidity is included in the regression, all of the coefficients are statistically
insignificant. As robustness, we also use the equal-weighted and value-weighted firm earnings
(net income) changes scaled by beginning of period stock prices to estimate the regression

in Equation (10). Our findings do not change significantly.

We begin by replicating prior results suggesting that stock returns are positively associ-
ated with future earnings growth. Using equal-weighted aggregate returns (Table 6, Panel
A), the coefficient is 0.645, its t-statistic is 2.46 and the adjusted-R? is 11%. The results are
slightly weaker when using value-weighted stock returns (Panel B). The coefficient is 0.433,
the t-statistic is 1.96 and the adjusted-R? is 7%. These findings imply that aggregate stock

returns predict aggregate future earnings growth (e.g., Sadka and Sadka, 2009).

Similar to our firm-level analysis, the interaction term in Equation (10) above is negative
as well. Using both equal-weighted and value-weighted returns, the coefficient on the inter-
action term, 7, is negative and significant. In Panels A and B, the coefficients are -0.301
and -0.192, respectively. The adjusted-R? increases significantly when the interaction term
is included. For example, in Panel A, the adjusted-R? increases from 11% to 48%. These
findings are consistent with our hypothesis that earnings growth is less predictable during
periods of high aggregate illiquidity.

In addition to using the raw aggregate illiquidity measure, we also employ illiquidity
ranks, where each year in the sample period is assigned one of five ranks based on AILLIQ;

for that year. The results continue to hold when liquidity ranks are used, though they are
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slightly attenuated. Specifically, when using value-weighted returns (Panel B), the coefficient
on the interaction term has a t-statistic of -4.40, compared to -5.02 when using illiquidity
values. Similarly, the adjusted-R? is lower when using ranks. For example, in Panel A, the
adjusted-R? is 44% when the interaction term is based on illiquidity ranks, compared to 48%

when using the actual illiquidity values.

Finally, we partition the sample into two time periods, where one partition contains the 29
most illiquid periods and the other contains the 28 most liquid time periods. The advantage
of this approach is that the R? is the correlation squared. When comparing the two results,
we find that during periods of high liquidity, earnings growth is more predictable using stock
returns. Using equal-weighted returns, the coefficient on earnings changes is 0.869 and is
statistically significant. However, during periods of high illiquidity, the effect disappears and
the coefficient on earnings changes becomes insignificantly different from zero. The results

are weaker using value-weighted returns, as displayed in Panel B.

4.3.2 Alternative Measures of Illiquidity

The analyses above employ the Amihud (2002) illiquidity measure. This is because this
measure is available on a firm-year basis for a relatively long time series. However, the
literature includes several additional measures of illiquidity. We test the robustness of our
findings by including such additional measures. Specifically, we employ the Pdstor and
Stambaugh (2003) liquidity measure (PS) as well as the Sadka (2006) measures, which are
available from 1962 and 1984, respectively.

The aggregate Pdstor-Stambaugh measure is available on a monthly basis.® To construct
an annual series, we average the monthly levels of liquidity each year. Also, since this measure
signifies liquidity rather than illiquidity, we add a negative sign to the time series to arrive
with a time series of market illiquidity. Finally, similar to the case of the Amihud measure,
we use Equation (1) to compute aggregate illiquidity shocks. As for the Sadka measures,

we utilize both the Variable Permanent (VP) and the Fixed Transitory (FT) components of

6We thank Lubo” Pastor for providing this aggregate measure on his website:
http://faculty.chicagobooth.edu/lubos.pastor/research/.
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price impact. Similar to the Pédstor-Stambaugh measure, we average the monthly aggregate

levels of illiquidity each year to create annual time series.

We conduct the aggregate-level regressions as described in Equation (10) using the al-
ternative illiquidity measures. The results are reported in Table 7 Panels A and B. When
using the PS and VP illiquidity measures, the interaction term is consistently negative and
statistically significant. The coefficient varies from -1.86 to -14.90 and the t-statistic varies
from -2.60 to -7.40. Note that the sample size declines significantly. Using the Sadka (2006)
measures, the sample size is reduced to 24 observations. Using PS measures, the sample size
is reduced to 46 observations. When using the F'T component of price impact to proxy for
illiquidity, the interaction term is negative but statistically insignificant from zero. These
analyses therefore provide further evidence for the robustness of the main results about

illiquidity and earnings predictability to different measures of illiquidity.

4.3.3 Macroeconomic Indicators

In addition to aggregate earnings growth, we also study the effects of liquidity on other
macroeconomic indicators. In the macroeconomics literature, stock market return is shown
a leading indicator of economic activity. Therefore, we test whether illiquidity affects the
ability of stock returns to predict growth in real GNP (denoted by AGN P,,) and growth in
industrial production (denoted by APROD; ). We employ the same empirical methodology
as presented in Equation (10). In this section, we replace the earnings growth measure with
one of our other macroeconomic indicators. The results of these aggregate-level regressions
are reported in Table 8. Following the same format as in Tables 6 and 7, Panel A of Table 8
reports results using equal-weighted stock returns and Panel B reports results using value-
weighted stock returns. Also, similar to the analysis in Table 6, we use both illiquidity values

and illiquidity ranks to generate interaction terms.

We begin our analysis by replicating prior evidence that stock returns predict future
GNP growth and future industrial production (e.g., Fama, 1990; and Schwert, 1990). The
coefficient on AGN P, is both positive and statistically significant in all models. The
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coefficient varies from 3.31 to 7.96 and the t-statistic varies from 3.09 to 6.21. Similarly,
the coefficient on APROD,,, is positive and statistically significant in all models. The

coeflicient varies from 1.50 to 3.26 and the ¢-statistic varies from 3.23 to 4.21.

Overall, the results in Table 8 are consistent with those in Table 6 and the hypothesized
relation between illiquidity and predictability. We find that higher illiquidity is associated
with less predictable fundamentals. For example, when using equal-weighted aggregate re-
turns and real GNP growth, the interaction term, AGN P, - AILLIQy, is -6.17 with a
t-statistic of -2.76. When the interaction term is included, the adjusted-R? increases from
21% to 36%. These findings suggest that aggregate illiquidity in part reflects uncertainty

about future economic prospects.

5 A Decomposition of Illiquidity and Earnings

Prior studies document that firm-level illiquidity is affected by aggregate-level illiquidity (e.g.,
Acharya and Pedersen, 2005). In addition, Ball, Sadka and Sadka (2009) document that firm-
level earnings have a significant systematic components. Therefore, we decompose firm-level
earnings growth and firm-level illiquidity into their respective systematic and idiosyncratic
components. This decomposition can better identify the determinants of the relation between

illiquidity and the predictability of earnings at the firm level.

Following Chordia, Roll, Subrahmanyam (2000) and Korajczyk and Sadka (2008), we
decompose our illiquidity measure into idiosyncratic and systematic components using the

model

ILLIQl’d = Lt + ﬁL,i,t . ILL[Qm,d + Wd, (11)

where d denotes day. We estimate the model by firm each year using all available days
for the firm during the year. The model employs daily variation in illiquidity to generate
annual measures of idiosyncratic and systematic components of illiquidity. The annual meas-

ure of idiosyncratic illiquidity is the estimate of ay ;. Similarly, we define the systematic
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component of illiquidity as the estimate of 3, ,,. To ease the notation, we denote ayr;; as

ILLIQ _Idiojy and 3y ;, as ILLIQ) _Beta.

To test the implication of systematic and idiosyncratic illiquidity on earnings predictab-

ility. We use the decomposition above and estimate the following model

Rit = a1+ Bl . AXi,t—i—l/-[Di,t—l + (51 : ILLIQ_IdZOz’t + 52 . ILLIQ_Betai,t (12)

)

+v1 - (AXi 41/ Pig1 - ILLIQ _Idios) + vy - (AXi 441/ Pig1 - ILLIQ_Betai) + vig.

Table 9 estimates the model in Equation (12) using the Fama-MacBeth approach in Panel

A, while Panel B estimates a pooled regression.

The results indicate that both the idiosyncratic and systematic components of illiquidity
are associated with lower earnings predictability. The coefficient on the interaction terms
are negative (7; < 0 and v, < 0). In Panel A (Fama-MacBeth regressions), the coefficient
on v, is negative and statistically significant at the 10% level, suggesting that the systematic
component of illiquidity is associated with less earnings predictability. In contrast, the
idiosyncratic component of illiquidity is negative, but statistically insignificant. Our pooled
regressions find that both the idiosyncratic and systematic components are associated with
less earnings predictability (v, < 0 and 7, < 0 and they are statistically significant). The
difference between the pooled regressions and the Fama-MacBeth regressions is the time-
series variation in earnings and returns. The increased significance in our pooled regressions
suggest that the effects of illiquidity on predictability are present both in the cross-section

and the time series.

Irrespective of earnings predictability, both the systematic and idiosyncratic components
of illiquidity are negatively related to stock returns. The coefficients d; and 05 are significantly
negative in all models and all specifications. Also, consistent with our findings in Table 3,
stock returns are positively related to future earnings growth. The coefficient (3, is positive

and statistically significant in all models.
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In addition to the systematic and idiosyncratic components of illiquidity, we test whether
illiquidity affects the predictability of the systematic and idiosyncratic components of earn-
ings. Similar to illiquidity, earnings growth includes both a firm-level (idiosyncratic) com-
ponent and a market-wide (systematic) component (e.g., Brown and Ball, 1967; Ball, Sadka,

and Sadka, 2009). We therefore decompose earnings growth using the model

AXp,t/Pi,tfl =0Xxpt + ﬁX,p,t . AXt + wq- (13)

Since we use annual firm earnings, it is difficult to obtain precise estimates of the regression
above per firm. We therefore follow a portfolio approach to calculate firms’ idiosyncratic and
systematic components. We first sort firms each year into 20 portfolios based on beginning
of period market values. For each portfolio, we define earnings growth as the value-weighted
average of firm-level earnings growth. We then estimate the regression model for each port-
folio over the entire sample period. For each firm-year observation, the annual measure of
idiosyncratic illiquidity is the estimate of ax . In other words, each firm 7, in each period ¢
assumes the systematic and idiosyncratic earnings of the portfolio to which it belongs. Sim-
ilarly, we define the systematic component of illiquidity as the estimate of 3y ,,. Since the
portfolio allocation changes over time, the firm-year estimates of idiosyncratic and systematic
earnings change over time as well. To ease the notation, we denote ax,: as FARN Idio;,

and 3 ,;, as FARN _Beta;;.

To examine the implications of both the systematic and idiosyncratic components of

illiquidity and earnings we estimate the model:

Ri,t = o1+ (51 . ]LLIQ_]dZOZ’t + 52 . ]LL]Q_B@t(IZ"t + 53 . EARN_]dZOLt + —|—(S4 . EARN_B@tCLi’t

+v, - (BARN _Idio;, - ILLIQ Idioy,) +~,- (EARN _Idio;, - ILLIQ Betas,) (14)

+75 - (EARN _Beta;, - ILLIQ Idio;,) + v, (EARN _Beta;, - ILLIQ_Beta,) + vi,.

Table 9 reports the results. We employ both Fama-MacBeth regressions and pooled regres-

sions.
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We begin our analysis using the idiosyncratic and systematic components of both earnings
growth and returns, excluding interaction terms. The evidence suggests that firm-level stock
returns reflect information about both the idiosyncratic component and the systematic com-
ponent of earnings. However, the findings imply that firm-level stock returns contain more
information with respect to the idiosyncratic component of earnings. While FEARN Beta;
loads positively and significant in the Fama-MacBeth regressions (coefficient of 0.014 with a
t-statistic of 5.77), it is statistically insignificant in the pooled regressions (coefficient of 0.002
with a t-statistic of 0.75). In sum, our findings suggest that firm-level returns contain more
information about future idiosyncratic earnings compared to the systematic component of

earnings.

When we estimate the full model in Equation (14), our findings further support our find-
ings that firm-level returns are affected significantly by idiosyncratic earnings. The interac-
tion terms EARN _Idio;-ILLIQ) Idio;; and EARN Idio;;-ILLI(Q) DBeta;, load consist-
ently negatively in all our models. The statistical significance is lower than the 10% level only
for the estimate of 7, in the equation above when we estimate the regression using the Fama-
MacBeth approach. In contrast, the interaction terms EARN Beta;, - ILLI(Q) Idio;; and
EARN Beta;; - ILLI() Beta;; are all positive, though mostly not significantly different

from zero.

In sum, while our firm-level cross-sectional analysis shows that returns of illiquid stocks
contain less information about their future firm earnings compared to those of more liquid
stocks, the decomposition shows that the information in returns pertains to future idiosyn-
cratic earnings, while the quality of such information is determined by both components of
illiquidity. The results in Table 9 suggest that the uncertainty about individual-firm earn-
ings specifically pertains to idiosyncratic variations in earnings, not to information about
systematic earnings risk (or earnings beta). They also highlight that not only liquidity level
but also liquidity beta determines predictability.
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6 Analyst Forecasts

We now turn to analyst forecasts as an ex-ante measure of predictability. Specifically, we use
analyst-forecast error and dispersion as measures of earnings predictability. There are two
reasons for using analyst forecasts. First, any effect of illiquidity on discount rates should
not affect analyst forecasts of earnings (although discount rates may affect the buy /sell/hold
recommendations). Second, the ability of analysts to predict earnings accurately is an addi-

tional measure of earnings predictability.

We note that while Brown and Rozeff (1978) document that analyst forecasts are better
estimates of future earnings than time-series forecasts using prior earnings, the literature has
long debated whether analyst forecasts reflect investor expectations. In fact, several studies
(such as Abarbanell, 1991; Lys and Sohn, 1991; Abarbanell and Lehavy, 2003; Hughes, Liu,
and Su, 2008; and Konchitchki, Lou, Sadka, and Sadka, 2010) document that analyst-forecast
errors are predictable by prior stock returns. Nevertheless, we believe that testing our
hypothesis using analyst forecasts can strengthen the understanding of the relation between
illiquidity and predictability.

In our analysis, we employ two measures of predictability using analyst forecasts: forecast
error and forecast dispersion. The variable | ERROR)|;; is our measure of forecast error and is
defined as the absolute value of the difference between the actual EPS for year ¢ and the most
recent mean analyst EPS forecast that is available prior to the actual EPS announcement,
both taken from IBES, scaled by stock price as of the end of the return window for year ¢t —1.
DISPERS;; is our measure of analyst forecast dispersion and is defined as the standard
deviation of the most recent analyst EPS forecast for year ¢, scaled by the firms’ stock price
as of the end of the return window for year ¢ — 1. We also include standard controls used in

the analyst-forecast literature, including size, book-to-market, and the sign of earnings.

We first test the effect of analyst-forecast errors by employing a parsimonious model

without any additional controls and then we test a full model that includes all relevant
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controls. Specifically, the full model we test is of the following form:

|ERROR|;y = o+ 71 ILLIQ; 1 + 7o SIZE; 4 + v3BM; s + v, SIGN; 4 + viyg, (15)

where ILLIQ);, is defined the same as above, SIZE;, is the natural logarithm of the balance
of firm year-end assets, BM,; is the year-end book-to-market value of equity ratio, and
SIGN;; is an indicator variable for profitable firms equal to one when firm-level operating
income in the period is positive, and zero otherwise. We employ both Fama and MacBeth

(1973) regressions as well as pooled regressions. The results of these regressions are reported

in Table 10, Panels A and B.

The coefficient on illiquidity, =4, is significantly positive regardless of the model or test
procedure utilized. The coefficient ranges from 0.657 to 1.093, and is always highly significant
at the one percent level. This suggests that analyst-forecast errors are larger in absolute value
for more illiquid firms and supports our hypothesis that illiquidity reduces the predictability

of earnings.

As for the control variables, all coefficients are positive except for v,, which is negative.
These findings imply that forecast errors are larger in absolute value for large firms and
high-book-to-market firms. The negative coefficient on the sign of earnings suggests that

forecast errors are smaller when earnings are positive.

We proceed to test our hypothesis using analyst-forecast dispersion. To do so, we again

begin with a parsimonious model and then expand it to its full form, which is the following:

DISPERSWg = + 6Z]LL[QZ¢ + I/Z'SIZEZ‘J + 61‘BMZ‘¢ + UZSIGNZ,t + Ui,t- (16)

For this series of tests, we also employ both Fama and MacBeth (1973) regressions as well
as pooled regressions. The results of the test using analysts-forecast dispersion are reported

in Table 10, Panels C and D.

Similar to the results using the absolute values of forecast errors, the coefficient on illi-

quidity is again significant regardless of the level of controls or regression type, and ranges
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from 0.120 to 0.187. These findings suggest that analyst-forecast dispersion is larger for more
illiquid firms, implying that forecasts are less accurate the higher the illiquidity of the firm.
This further supports our hypothesis that illiquidity reduces the predictability of earnings,

in this case, by increasing the ex-ante prediction errors made by analysts.

In addition to our analysis with illiquidity, we employ the same analysis for idiosyncratic
and systematic illiquidity as described in Equation (11) above. The results are reported
in Table 11. Panel A employs Fama-MacBeth regressions, while Panel B employs pooled
regressions. Our findings imply that both the systematic and idiosyncratic components of
illiquidity are associated with lower earnings predictability. Specifically, we document that
firm-years with higher firm-level illiquidity and higher illiquidity betas have higher absolute
forecast errors and higher forecast dispersions. When regressing absolute forecast errors on
ILLIC) Beta;,, the coeflicient varies from 0.034 to 0.947 and the ¢-statistic varies between
3.69 and 4.30. When regressing absolute forecast errors on ILLI() Idio;,, the coefficient
varies from 0.019 to 0.168 and the t-statistic varies between 3.04 and 5.02.

7 Additional Tests

In addition to the aggregate-level and firm-level analyses, we also include a within-portfolio
analysis. In particular, we sort firms into portfolios/groups. We then estimate firm-level
cross-sectional regressions similar to Equation (6) within the different portfolios/groups of
securities. We sort firms based on illiquidity. This sort helps us test whether the marginal

effect of illiquidity is dependent on the level of illiquidity.

The results in Table 12 are consistent with those reported in Table 3. We find that stock
returns contain more information about forward-looking earnings changes in more liquid
stocks. When estimating the model only with earnings growth, the coefficient declines from
0.980 for the most liquid group to 0.214 for the most illiquid group. Consistently, the average
adjusted-R? also declines from 5% for the most liquid group to 2% for the most illiquid group.

The decline in adjusted-R? implies that illiquid firms have less predictable earnings.
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The findings in Table 12 imply that the marginal effect of illiquidity on predictability
is apparent in all illiquidity groups. The coefficient on the interaction term, +,, is negative
and statistically significant. For example, in the full model, the coefficient is -0.487 for the
most liquid group and is -0.143 for the most illiquid group. The highest magnitude of the
coefficient is in the middle group (rank = 3), where the coefficient is -0.942. However, this

coefficient is statistically insignificant.

We also test results for the portfolios sorted on size. For brevity, these results are not tab-
ulated. Our findings are consistent with prior studies (e.g., Collins, Kothari, and Rayburn,
1987; and Sadka and Sadka, 2009) insofar as stock returns are better predictors of earnings
changes for larger firms. The results also imply that the marginal effect of illiquidity on

predictability is pronounced in all size groups.

8 Conclusion

This paper studies the association between illiquidity and the predictability of fundamental
valuation variables, such as firm earnings growth. We document that illiquidity is associated
with less informed prices with respect to forward-looking earnings changes, and find evidence
in both aggregate- and firm-level analyses. We provide further evidence suggesting that an
improvement in stock liquidity (exogenously) can improve earnings predictability. We also
find consistent evidence using analyst-forecast error and analyst-forecast dispersion. The
results complement those in other recent studies that document an association between

measures of illiquidity and contemporaneous measures of uncertainty.

To better identify the determinants of the relation between illiquidity and the predictab-
ility of earnings we decompose firm earnings changes and liquidity into their systematic and
idiosyncratic components. The results suggest that the uncertainty about individual-firm
earnings specifically pertains to idiosyncratic variations in earnings growth, not to informa-
tion about systematic earnings risk, and that not only liquidity level but also liquidity beta

affects predictability.
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There are several practical implications. For example, asset managers can use firm li-
quidity not only as a measure of transaction costs, but also as an ex-ante measure of the
accuracy of models used to predict earnings changes. Similarly, investors should reduce their
reliance on analyst forecasts to form earnings expectations for firms with illiquid securities

because analyst forecasts tend to be less precise for these firms.
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Table 1
Descriptive Statistics

This table presents the descriptive statisticsaeyf\ariables. All descriptive statistics are tinegiss averages of cross-sectional averagess the
cumulative return from April of yearuntil March of yeat+1. AX;./P,; denotes the change in net income from yéarsdt+1, scaled by the market valoé
firm i at the end of the return window for yeek. The illiquidity of a firm, ILLIQ;, is measured as the natural logarithm of the avedageg ratio of absolu
value of return and dollar volume (multiplied by’l@ver April of yeart through March year+1. |ERROR] is defined as the absolute value of the differ
between the actual EPS for yéand the most recent mean analysts’ EPS forecasttprihe actual (both taken from I/B/E/S), scalgdh® stock price of firnn
at the end of the return window for yedr. DISPERS is the standard deviation of the most recent atsi¥EPS forecasts for yearscaled by the stock pricd
firm i at the end of the return window for ye&k. SIZE; is the natural logarithm of total assets, and; BMthe book-to-market value of equity ratmth fo
yeart. The descriptive statistics forRAXiw.1/P.t, ILLIQi:, and MV, are based upon 99,369 observations from 195228 &0d are restricted to only inclt
stocks with at least 100 daily return observatiand a prior day closing price of at least 2, wihille descriptive statistics for |ERRQREIZE;, and BM; are¢
based upon 47,727 observations from 1976 to 20dM4BPERS is based upon 39,105 observations from data spgriri76 to 20100nly December fisc
year-end firms are included and all continuousaldeis used in tests are winsorized at the 1 ank@®ntiles.

Variable Mean Std Dev Min 10 Pctile 25 Pctile Median 751BC 90 Pctile Max
Rit 0.131 0.408 -0.712 -0.304 -0.120 0.080 0.301 0.600 2.466
AX; 1/Piy 0.014 0.167 -0.806 -0.086 -0.019 0.008 0.037 0.108 1.112
ILLIQ;, 0.285 2.325 -5.407 -2.774 -1.465 0.278 1.979 3.402 6.148
MV, 1,114.8 4,703.9 2.0 20.1 50.1 164.6 620.5 2,012.7 113,170.9
[ERROR}; 0.00244 0.00777 0 0.000003 0.00003 0.00017 0.00103 0.00522 0.05696
DISPERS; 0.00046 0.00113 0 0.000001 0.00002 0.00009 0.00034 0.00109 0.00808
SIZE, 6.439 1.914 2.456 4.027 5.012 6.302 7.767 9.002 11.586

BM; 0.753 0.489 -0.100 0.243 0.411 0.666 0.978 1.371 3.005




Table 2
Correlation Matrix

This table reports correlations among the variabfeasterest. Panel A reports the correlations leetwvariables used in the firm-level earnings chasgpsed regressions
whereas Panel B reports the correlations betwegables used in the firm-level analyst-based resioes. R; is the cumulative return from April of yeauntil March o
yeart+1. AX;.1/P;; denotes the change in net income from yearslt+1, scaled by the market value of firmt the end of the return window for yesl. The illiquidity
of a firm, ILLIQ;;, is measured as the natural logarithm of the @eedaily ratio of absolute value of return and aoitolume (multiplied by 19 over April of year
through March yeat+1. To calculate EARN_Beja;, firms are first placed into 20 portfolios formed market value at the end of yedr. The valueweighted average
AXiw1/P,; is computed for each portfolio and regressed enviilue-weighted average 4K;,.,/P,; for the market (EARN_MAR) and the coefficient on EARN_MAE
taken. EARN_Idig.; is defined at the firm level asX;.../P,: - EARN_Beta.: * EARN_MAR. ILLIQ_Beta; is defined as the coefficient on the maresfel illiquidity
(multiplied below by 1€) from a regression of the daily firm-level illiglity as defined above on the daily market-levéilidity defined as the valueeighted average
the daily firm-level illiquidities. ILLIQ_Idig; is defined as the intercept of the previous regoes [ERROR] is defined as the absolute value of the differdreteen tt
actual EPS for yedrand the most recent mean analysts’ EPS forecamsttprthe actual (both taken from I/B/E/S), scabgdhe stock price of firmat the end of the rett
window for yeart-1. DISPERS is the standard deviation of the most recent atsllYePS forecasts for yefirscaled by the stock price of firirat the end of the rett
window for yeart-1. SIZE; is the natural logarithm of total assets, and; Bsthe book-to-market value of equity ratio, béth yeart. The correlations in Panel A
based upon 99,369 observations from 1952 to 20d0aem restricted to only include stocks with asteE00 daily return observations and a prior dagiol pice of a
least 2, while the correlations in Panel B are ag®on 47,727 observations from 1976 to 2010 fertéip and 39,105 observations also from 1976 t® &fixlthe botton
All continuous variables used in tests are wingatiat the 1 and 99 percentiles and include onlyebBwer fiscal year-end firms., ™, " represent significance at the 1
and 10 percent levels, respectively.

Panel A: Firm-level using earnings

Variable Ry AXia/Pyy ILLIQ EARN_Betg; EARN_Idiq ., ILLIQ_Beta, ILLIQ_Idio;,

Ri 0.1733" -0.185™ -0.0862"" 0.0979™ -0.0592™ -0.0465""
AXip1lPyg 0.0721™ 0.0228™ 0.0204™ 0.7468™ 0.0196™ -0.0194™
ILLIQ -0.1477™ 0.0166™" 0.7452™ -0.0703™ 0.5686"" -0.051"™
EARN_Beta,,; -0.0268™ 0.0235™ 0.5896"" -0.0988™" 0.4972™ -0.03717"
EARN_Idig ., 0.0407™" 0.9414™ -0.0294™ -0.0444™ -0.0463™ -0.0084™"
ILLIQ_Beta, -0.0665" 0.0056" 0.263" 0.2568"" -0.0003 -0.5709""
ILLIQ_lIdio;, -0.04™ 0.0047 0.0172" 0.0221™ -0.0031 -0.5571"

Panel B: Firm-level using analyst models

Ri ILLIQ SIZE, B2M;, [ERROR}, DISPERS,

Ri -0.1211" 0.0995™ -0.2308™ -0.0901™"
ILLIQ -0.0945™ -0.6977" 0.3292" 0.637"
SIZE, 0.016™" -0.7036"" 0.0971™ -0.4577""
BM;, -0.2545"" 0.3317" 0.0555"" 0.3322™
[ERROR} -0.0708™ 0.3215™ -0.214™ 0.2077"
Ri -0.079™ -0.079™ -0.079™ -0.0645™"
ILLIQ -0.0571"" -0.6761"" 0.3025™ 0.5723™
SIZE, -0.0102” -0.6838™" 0.1574™ -0.3687""
BM;; -0.2471" 0.3022™ 0.1168™ 0.3314™
DISPERS, -0.0284™" 0.352"" -0.2114™ 0.2278™




Table :
Firm-Level Regressions

This table reports the results of both the timeeseof firm-level cross-sectional regressions, amBMacbeth (1973
(Panel A) and pooled regressions (Panel B) withag-alustering by firm and year. The annual retwifirm i at year, R
is the cumulative return from April of yeauntil March of yeat+1. AX;.../P,; denotes the change in net income from y
t andt+1, scaled by the market value of fifmat the end of the return window for yedlr. The illiquidity of a firm, ILLIQ,
is measured as the natural logarithm of the avedagg ratio of dsolute value of return and dollar volume (mulgplib
10°) over April of yeart through March year+1. The data includes 99,369 firm-year observatiohsYSE, AMEX, ant
NASDAQ firms with a December fiscal year-end for the pgrd®52 to 2010. The sabe is restricted to include only th
stocks with at least 100 daily return observatiand a prior day closing price of at least 2. Alhttouous variablessed il
tests are winsorized at the 1 and 99 percentiles.

Panel A: Fama-Macbeth (1973) Panel B: Pooled

Variable Mean Coeff. t-stat Variable Coefficient t-stat
Rit = o +Bi - AXa/Pyg + 03¢
AXi141/Pyt 0.341 5.07 AXi41/Pyt 0.181 2.97
Avg. Adj-R? 0.018 Adj-R? 0.005
Rit =i +Bi - AXia/P +7i - AXjaa/Pig - ILLIQ ¢ + i
AXalPs 0.642 5.82 AX;palPyy 0.216 3.29
AXigafPyg - ILLIQ ¢ -0.153 -5.85 AXigafPye - ILLIQ ¢ -0.050 -3.33
Avg. Adj-R? 0.028 Adj-R? 0.008
Rit =0 + Bi - AXjua/Pyp +vi - AXja/Pig - ILLIQ ¢ +8; - ILLIQ; ¢ + vy
AXipalPyy 0.638 5.80 AXipalPyy 0.217 3.34
AXigalPye - ILLIQ; 0152 587 AXigalPye - ILLIQ; -0.042 325
ILLIQ;, -0.019 -5.73 ILLIQ;, -0.027 -4.45
Avg. Adj-R? 0.061 Adj-R? 0.030
Rit =0 + Bi - AXja/P + & - ILLIQ; + v
AXipalPyy 0.346 5.19 AXipalPyy 0.187 3.08
ILLIQ;, -0.021 -6.59 ILLIQ;, -0.027 -4.40
Avg. Adj-R® 0.052 Adj-R? 0.027




Table ¢
Firm-Level Regressions with Earnings-Returns Qlarifference

This table reports the results of both the timéeseof firm-level cross-sectional regressions, amBMacbeth (1973
(Panel A) and pooled regressions (Panel B) withway clustering by firm and year. Every year firaredouble sorte
independently into quintiles based on their anmetirns that year and the change in their net iredtwa following yea
The annual returns of firinat yeart, R; is the cumulative return from April of yeauntil March of yeat+1. The chang
in net income of firm from yeart to t+1, AX;.1/P,; is defined as the change in net income schjethe market value
firm i at the end of the return window for yea&k. The absolute value of the difference between adimeturn quintil:
rank and its change in net income quintile rantteiBned as DIFf. The illiquidity of a firm, ILLIQ,, is measured as 1
natural logarithm of the average daily ratio ofabge value of return and dollar volume (multiplieg 10) over April o
yeart through March yeatr+1. SIZE; is the natural logarithm of total assets. BM the book-tanarket value ¢
equity ratio. SIGN is an indicator variable equal to one when firneraping income is positive for yegranc
zero otherwise.The first model includes 99,369 firm-year obsemwasi of NYSE, AMEX, and NASDAQirms with ¢
December fiscal year-end for the period 1952 to0O2@hile the second model has 86,713 observationstaluaore
stringent data requirements. The sample is réstrito include only those stocks with at least 100 ydaéturr
observations and a prior day closing price of asi€. All continuous variables used in tests winsorized at the 1 and
percentiles.

Panel A: Fama-Macbeth (1973) Panel B: Pooled

Variable Mean Coeff. t-stat Variable Coefficient t-stat

DIFF = o+ ¢ - ILLIQ;; + 0i

ILLIQ,, 0.081 17.48 ILLIQ,, 0.054 14.27
Avg. Adj-R? 0.025 Adj-R? 0.017

DIFFi; =¢o+ 1 - ILLIQi; + bz - SIZE + ¢35 - BM; + b4 - SIGN; + it
ILLIQ,, 0.052 8.87 ILLIQ,, 0.046 7.07
SIZE, 0.004 0.52 SIZE, 0.010 1.21
BM;, 0.022 2.24 BM;, 0.000 0.23
SIGN; -0.623 -14.57 SIGN; -0.582 -21.47

Avg. Adj-R® 0.056 Adj-R? 0.048




Table :
Firm-Level Regressions with Exogenous Shock tquilility

This table reports the results of pooled regressiming the reduction of tick size fror/8 tc
$1/16 on June 24, 1997, by the NYSE as an exogestoack to liquidity. Standard erroase
clustered by firm. The annual returns of firmt yeart, R is the cumulative return from Ag
of yeart until March of yeart+1. The change in net income of firmfrom yeart to t+1,
AX+1/P,; is defined as the change in net income scaledhdynarket value of firmat the en
of the return window for yearl. The illiquidity of a firm, ILLIQ;, is measured as the nat
logarithm of the average daily ratio of absolutlugeaof return and dollar volume (multiplied
10°) over April of yeart through March yeatr+1. The variableéshock is equal to one if the fir
traded on the NYSE during 1997, and zero otherwiSéhe test includes 4,334 firgea
observations of NYSE, AMEX, and NASDAQ firms withxecember fiscal year-erfdr the
period 196 and 1997. All NYSE stocks are included while stocks listed AMEX anc
NASDAQ that did not experience tick changes durl®97 are used as a control grc The
sample is restricted tstocks with at least 100 daily return observatiand a prior day closil
price of at leasi2. All continuous variables used in testee winsorized at the 1 and
percentiles

Panel A

Variable Coefficient t-stat

Ri,t =qa + 0 ¢ Shock +ﬁ1 4 AXm,,l/F’m + ﬁz * Shock 'AXiM/PM +v;¢

Shock 0.154 2.84
AX; 141/Piy 0.397 27.38
Shock *AX; +1/P 0.187 1.80
Adj-R? 0.143

Panel B
Variable Coefficient t-stat

Ri = +8 * Shock +B; » AX;1/P, + By » ShOCK AX;,1/Pyy + 81 - ILLIQi,t + &, » Shock « ILLIQ, +v;,

Shock 0.340 15.46
AXi1lPy 0.135 2.50
Shock *AX; +1/P, 0.215 2.09
ILLIQ;, -0.046 -16.83
Shock « ILLIQ, 0.025 3.87

Adj-R? 0.197




Table 6
Aggregate-Level Regressions
This table reports time-series regression restulisesaggregate level. The annual market retuyeaitt, R, is the cumulative value- or equakighted return from April of ye
t until March of yeat+1 (value weights are based on beginning-of-periadkat capitalization)AX,., denotes the growth in the cross-sectiauah of operating income frc
yearst andt+1. The illiquidity of a firm, ILLIQ;, is measured as the natural logarithm of the aeedaily ratio of absolute value of return and atollolume (multiplied by 19
over April of yeart through March yeart1. Aggregate illiquidity, ILLIQ, is measured as the cross-sectional averagamwidivel annual estimates. FinalMLLIQ. is define:
as the error term in the following estimated regi@s ILLIQ; = a + b- ILLIQ; + . In addition, the table includes regressions bagenh liquidity ranks where each yee
ranked into five ranks based upon ILLQr that year. Further, the table shows the resfltegressions which include only the 29 momjult periodsas well as the results

regressions which only include the 28 most liquidigds. The-statistics are reported in square brackdtke data includes NYSE, AMEX, and NASDAQ Decembscd
year-end firms with data for the period 1952 to@01

Panel A: Equal-weighted returns Panel B: Value-weighted returns

Dependent Independent variables R? Adj-R2 Dependent Independent variables R2 Adj-R2

variable Intercept  AXyy  AXurAILLIQ, variable Intercept  AXyy;  AXuprAILLIQ,

R -0.566 0.645 0.13 0.11 R -0.356 0.433 0.09 0.07
[-2.06] [2.46] [-1.48] [1.96]

R -0.220 0.322 -0.301 0.50 0.48 R -0.135 0.227 -0.192 0.32 0.30
[-1.17] [1.83] [-6.45] [-0.73] [1.35] [-5.02]

R -0.222 0.528 -0.007 0.46 0.44 R -0.139 0.360 -0.004 0.30 0.27

Using liquidity ranks [-1.13] [2.95] [-5.81] Using liquidity ranks [-0.70] [2.06] [-4.40]

R -0.211 0.217 0.03 -0.01 R -0.32 0.33 0.08 0.04

29 most illiquid periods [-0.80] [0.87] 29 most illiquid periods [-1.13] [1.24]

R -0.710 0.869 0.23 0.20 R -0.10 0.27 0.04 0.00

28 most liquid periods [-2.31] [3.07] 28 most liquid periods [-0.32] [0.97]




Table 7
Alternative Measures of llliquidity
This table reports time-series regression restiliseaaggregate level. The annual market returyeat, R, is the cumulative value- or equal-weighted retunom April of yean
until March of yeat+1 (value weights are based on beginning-of-periadket capitalization) AX..; denotes the growth in the sum of cross-sectionataiimg income from yeaits
andt+1. This table shows the results of regressioimggusnnual changes in the Sadka (2006) Variablen&eent component (\MPand Fixed Transitory (Rfcomponents of prit
impacts. In addition, it also shows the resultsagressions using the Pastor and Stambaugh (2@28Jity measure (R with a negative sign added to createneasure

illiquidity. The t-statistics employ Newey-West standard errors ¥ath lags and are reported in square brackets.s@h®le period for the Pastor and Stamba(@903) measure
1962 to 2009, while that for the Sadka (2006) messsis 1984 to 2009. The data includes Decembealfiyear-end firms.

Panel A: Equal-weighted returns Panel B: Value-weighted returns

Dependent Intercept Independent variables R2 Adj-R? Dependent Intercept Independent variables R2 Adj-R?
variable variable
DXy DXuAPS AXp1  DXurAPY
R -0.35 0.44 -2.96 0.45 0.43 Ry -0.23 0.31 -1.86 0.30 0.26
[-1.48] [2.03] [-7.40] [-1.01] [1.54] [-4.19]
DXy DX AFT, AXpy DXy AFT
R -0.37 0.47 -3.05 0.07 -0.02 Ry 0.10 0.02 -1.92 0.01 -0.09
[-0.67] [0.89] [-0.67] [0.25] [0.06] [-0.37]
AXy1 DX AVP AXy DXy AVP
R -0.27 0.36 -14.90 0.24 0.17 Ry 0.17 -0.04 -9.35 0.13 0.05

[(0.97]  [1.36]  [-2.60] [0.67]  [-0.20]  [-3.03]




Table 8
Aggregate-Level Regressions Predicting Real GNRv@rand Industrial Production
This table reports time-series regression restiitieaaggregate level. The annual market returyeatt, R, is the cumulative value- or equal-weighted resuinom April of yean
until March of yearnt+1 (value weights are based on beginning-of-periadkat capitalization)AGNP.; denotes the real growth in the gross national prbfiom years andt+1
APROD., denotes the growth in industrial production fronang andt+1. The illiquidity of a firm, ILLIQ;, is measured as the natural logarithinthe average daily ratio of abso
value of return and dollar volume (multiplied by?L6ver April of yeart through March year+1. Aggregate illiquidity, ILLIQ, is measured as the cross-sectional averagenofdire
annual estimates. FinallpILLIQ, is defined as the error term in the followingirested regression: ILLIQ= a + b- ILLIQ; + &. The table alsincludes regressions based
liquidity ranks, using five ranks. THestatistics are reported in square brackets. Tteideludes December fiscal year-end firms withadat the period 1952 to 2010.

Panel A: Equal-weighted returns

Panel B: Value-weighted returns

Dependent Independent variables R? Adj.R2 Dependent Independent variables R2 Adj-R2

variable Intercept  AGNP,; AGNPR,;-AILLIQ ; variable Intercept  AGNP,; AGNPR,;-AILLIQ ;

Ry 0.00 4.25 0.22 0.21 Ry 0.01 3.46 0.23 0.21
[0.00] [4.31] [0.16] [3.75]

R -0.02 3.90 -6.17 0.38 0.36 Ry 0.00 3.31 -2.53 0.27 0.24
[-0.38] [3.19] [-2.76] [-0.02] [3.09] [-1.59]

Ry -0.01 7.96 -0.14 0.39 0.37 Ry 0.00 5.19 -0.07 0.28 0.26

Using liquidity ranks [-0.27] [6.21] [-3.46] [0.02] [5.08] [-2.14]

Dependent Independent variables R? Adj.R2 Dependent Independent variables R2 Adj-R2

variable Intercept APROD,; APROD,-AILLIQ ; variable Intercept APROD,; APROD,-AILLIQ ;

Ry 0.08 1.72 0.18 0.16 Ry 0.07 1.50 0.21 0.19
[2.93] [4.11] [2.97] [4.21]

R 0.07 1.74 -2.15 0.23 0.20 Ry 0.07 1.51 -0.84 0.22 0.19
[2.45] [3.87] [-1.81] [2.69] [4.11] [-1.02]

Ry 0.07 3.26 -0.05 0.24 0.21 Ry 0.07 2.17 -0.02 0.22 0.20

Using liguidity ranks [2.43] [3.53] [-2.10] [2.64] [3.23] [-1.29]




Table 9

Firm-Level llliquidity and Earnings Disaggregation Regressions
This table reports the results of both the timéeseof firm-level cross-sectional regressions, ami-Macbeth (1973), (Panel Ahc
pooled regressions (Panel B) with 2-way clustebpdirm and year. The annual returns of firmt year, R ; is the cumulative retu
from April of yeart until March of yeat+1. AX;.../P.; denotes the change in net income from yéansdt+1, scaled by the marl
value of firmi at the end of the return window for yesk. The illiquidity of a firm, ILLIQ,, is measured as the natural logarithi
the average daily ratio of absolute value of remmd dollar volume (multiplied by f0over April of yeart through March yeair+1
Illiquidity is then disaggregated into its systeimaand idiosyncratic components, ILLIQ_Bgtand ILLIQ_ldiq,, respectively
ILLIQ_Beta;, is defined as the coefficient on the market-leNiguidity from a regression of the daily firm-leVilliquidity (as define
above) on the daily market-level illiquidity (defid as the value-weighted average of the daily fawel illiquidity). ILLIQ_Idioj; is
defined as the intercept of the previous regresdiormake the coefficients on the regressions belmse tractable, ILLIQ_Betais
multiplied by 16 and ILLIQ Idiq, is multiplied by 10. Additionally, earnings growth is also disaggreghinto itssystematic ar
idiosyncratic components, EARN_Bgtaand EARN_Idi..4, respectively. To calculate EARN_Bgtg firms are first placed into
portfolios formed on market value at the end ofimetwindow for yeat-1. The value-weighted average/X;.../P,: is computed fc
each portfolio and regressed on the value-weigltestage ofAX;../P; for the market (EARN_MAR and the coefficient «
EARN_MAR is taken. EARN_Idig.; is defined at the firm level asX;../P,; - EARN_Beta.; * EARN_MAR;. The datanclude:
99,369 firm-year observations of NYSE, AMEX, and SIDAQ firms with a December fiscal year-end for gegiod 1952 to 2010
The sample is restricted to include only thosekstadith at least 100 daily return observati@amsl a prior day closing price of at le
2. All continuous variables used in tests are wized at the 1 and 99 percentiles.

Panel A: Fama-Macbeth (1973) Panel B: Pooled

Variable Mean Coeff. t-stat Variable Coefficient t-stat
Rit = oy + By - AXia/Py + 81 - ILLIQ_Idio + 8, - ILLIQ_Beta + v,

AX /P 0.361 5.26 AXi /P, 0.184 3.02
ILLIQ_Idio; ¢ -2.248 -4.93 ILLIQ_Idio;, -0.986 -5.02
ILLIQ_Beta, -1.121 -3.40 ILLIQ_Beta, -0.171 -4.80
Avg. Adj-R? 0.064 Adj-R? 0.018
Rit = ag + By - AXja/Pig + 8 - ILLIQ_Idioj; + 6, - ILLIQ_Beta, +v; - AXj.a/P, - ILLIQ_Idioj; + v, - AXq/Pi¢ - ILLIQ_Beta ; + vy,
AX /P 0.467 5.44 AXi /P 0.207 3.47
ILLIQ_lIdio;, -2.245 -3.97 ILLIQ_Idio;, -0.971 -4.96
ILLIQ_Beta, -1.031 -2.72 ILLIQ_Beta, -0.167 -4.66
AXi /Py - ILLIQ_Idio; ¢ -5.968 -1.10 AXiifPyy - ILLIQ_Idio;, -0.916 -3.30
AX; /Py - ILLIQ_Beta, -8.454 -1.83 AXi2/P - ILLIQ_Beta, -0.252 -3.23
Avg. Adj-R? 0.072 Adj-R? 0.019
Rii = a; +B; - EARN_Idiq.; + B, - EARN_Beta,; +3; - ILLIQ_ldio;; + 3, - ILLIQ_Beta, +v;;

EARN_Idi0, 14, 0.353 5.38 EARN_Idi0 1 0.099 2.96
EARN_Beta,,; 0.014 5.77 EARN_Beta, 0.002 0.75
ILLIQ_Idio;, -3.006 -5.11 ILLIQ_ldio;, -1.002 -4.80
ILLIQ_Beta, -1.929 -4.75 ILLIQ_Beta, -0.175 -4.33
Avg. Adj-R? 0.076 Adj-R? 0.015

Ryt =0y +B; - EARN_Idigy; + B, - EARN_Beta.; +Bs - ILLIQ_Idio; + B, - ILLIQ_Beta, +y, - EARN_Idiqy,; - ILLIQ_ldio;, +
v, - EARN_Idiqy; - ILLIQ_Beta, +v; - EARN_Beta,; - ILLIQ_ldio;, +7v, - EARN_Beta., - ILLIQ_Beta, + v

EARN_IdiQ 141 0.438 5.67 EARN_Idiq ., 0.128 3.39
EARN_Beta., 0.014 5.09 EARN_Beta,,, 0.001 0.44
ILLIQ_Idio; ¢ -5.083 -3.78 ILLIQ_Idio;, -1.245 -3.05
ILLIQ_Beta; -3.698 -3.81 ILLIQ_Beta, -0.300 -3.73
EARN_Beta,.; - ILLIQ_ldio;, 0.121 131 EARN_Betg,,; - ILLIQ_ldio; 0.028 0.89
EARN_Beta,., - ILLIQ_Beta, 0.097 131 EARN_Beta,; - ILLIQ_Betg, 0.015 2.44
EARN_Idiq ., - ILLIQ_Idio; -5.650 -1.28 EARN_Idi 1,; - ILLIQ_Idio; -0.759 2.22
EARN_Idiq ., - ILLIQ_Beta -6.469 -1.68 EARN_Idio ., - ILLIQ_Beta, -0.250 2.25

Avg. Adj-R? 0.094 Adj-R? 0.017




Table 10
Analysts' Forecast Errors and Dispersion

This table reports the results of both the timaeseof firm-level cross-sectional regressions, amg
Macbeth (1973), (Panel A) and pooled regressioasdPB) with 2-way clustering by firm and year
|[ERRORY} is defined as the absolute value of the differdmetveen the actual EPS for yeand th
most recent mean analysts’ EPS forecast prior @oatftual (both taken from I/B/E/S), scaledthy
stock price of firmi at the end of the return window for yedr. DISPERS is the standard deviation
the most recent analysts’ EPS forecasts for fjescaled by the stock price of firimat the end of tt
return window for yeat-1. The illiquidity of a firm, ILLIQ;, is measured as the natural logarithfitihe
average daily ratio of absolute value of return dalthr volume (multiplied by 19 over April of year
through March yeat+1 and is limited to firms with more than 100 dailysebvations in a year a
beginning price for the year greater than 2. $i¥=he natural logarithm of total assets, and; BMthe
book-to-market value of equity ratio, both for y¢arSIGN; is an indicator variable equal to owaer
firm operating income is positive for yegrand zero otherwise. To make theffizients in the tabl¢
below more tractable, all variables are multipliey 1F. The data includes 47,727 firpea
observations and includes December fiscal yearfiem3 for the period 1976 to 2018ll continuou:
variables used in tests are winsorized at the 198rmkrcentiles.

Panel A: Fama-Macbeth (1973) Panel B: Pooled
Variable Mean t-stat Variable Coefficient t-stat
|ERRORY), =y +71 - ILLIQ;; + vy
ILLIQ 1.093 10.36 ILLIQ 0.806 11.70
Avg. Adj-R? 0.109 Adj-R? 0.103
|[ERROR} =7y +71 - ILLIQ;; + 72 - SIZE; +7v5 - BMy +74 - SIGN; +v;;
ILLIQ 0.771 11.01 ILLIQ 0.657 11.41
SIZE; -0.115 -1.24 SIZE;; 0.027 0.37
BM;; 1.935 8.42 BM;; 1.615 4.57
SIGN;; -5.213 -6.34 SIGN;; -2.812 -5.41
Avg. Adj-R? 0.165 Adj-R? 0.134
Panel C: Fama-Macbeth (1973) Panel D: Pooled
DISPERS = o +B; - ILLIQ; + vy,
ILLIQ 0.187 10.55 ILLIQ 0.149 11.71
Avg. Adj-R? 0.118 Adj-R? 0.124
DISPERS, = q; +B; - ILLIQ;; +v; - SIZE; +§& - BM;, +n; - SIGN, +v;;
ILLIQ 0.120 11.10 ILLIQ 0.129 12.28
SIZE; -0.045 -2.13 SIZE;; 0.012 0.81
BM;; 0.434 6.72 BM;; 0.308 3.61
SIGN; -0.950 -7.14 SIGN;, -0.467 -4.78

Avg. Adj-R? 0.198 Adj-R? 0.159




Table 11
llliquidity Disaggregation and Analysts' Forecasts

This table reports the results of both the timeeseof firm-level cross-sectional regressions, amg
Macbeth (1973), (Panel A) and pooled regressioasdPB) with 2-way clustering by firm and year
In the regressions below,Ytakes on the value of either |ERRQRf DISPERSG. |ERROR} is
defined as the absolute value of the differencevéen the actual EPS for yelaand the most rece
mean analysts’ EPS forecast prior to the actuah(taken from I/B/E/S), scaled by the stock prte
firm i at the end of the return window for ydet. DISPERS is the standard deviation of theos
recent analysts’ EPS forecasts for yeascaled by the stock price of firmmat the end of the rett
window for yeart-1. The illiquidity of a firm is then disaggregatedonsystematic and idiosyncre
components, ILLIQ_Betaand ILLIQ_ldiq,, respectively. ILLIQ_Betais defined as the coefficie
on the market-level illiquidity from a regressiofitbe daily firm-level illiquidity (as defined abey
on the daily market-level illiquidity (defined abet value-weighted average of the daily filewe
illiquidity). ILLIQ Idio;;: is defined as the intercept of the previous regmassTo make tF
coefficients on the regressions below more traetablLIQ Beta, is multiplied by 16 anc
ILLIQ_Idio;; is multiplied by 10. SIZE;, is the natural logarithm of total assets, and BMthe book
to-market value of equity ratio, both for yaarSIGN; is an indicator variable equal to one wiiem
operating income is positive for yegrand zero otherwisél.o make the coefficients in the tat
below more tractable, SIZEBM;;, and SIGN, are multiplied by 1® Regression where Y is
|[ERRORY} include 47,727 firm-year observations from 197&@10while those regressions wh
Yi: is DISPERSg include 39,105 observations for the same timeopefRegressions include ol
those firms with a December fiscal year-end. Altimuousvariables used in tests are winsorize
the 1 and 99 percentiles. Thstatistics are reported in square brackets.

Panel A: Fama-Macbeth (1973) Panel B: Pooled
Independent Variables Independent Variables
[ERROR}; DISPERS; |[ERROR}; DISPERS:
Yii =y +8; - ILLIQ_Idioy, +6, - ILLIQ_Beta, + v

ILLIQ_Idio;, 0.168 0.064 ILLIQ_ldio;, 0.027 0.004
[5.02] [4.10] [3.59] [2.87]

ILLIQ_Beta;, 0.947 0.342 ILLIQ_Beta;, 0.056 0.008
[3.81] [3.52] [4.30] [2.50]

Avg. Adj-R? 0.113 0.082 Adj-R? 0.029 0.008

Yit =0y +98; - ILLIQ_Idioj; + 6, - ILLIQ_Betg, +2; - SIZE; +§; - BM;; +n; - SIGN; +vj,

ILLIQ_Idioj, 0.117 0.034 ILLIQ_Idio;, 0.019 0.003
[4.90] [3.32] [3.04] [1.41]

ILLIQ_Beta; 0.540 0.167 ILLIQ_Beta, 0.034 0.003
[3.71] [2.83] [3.69] [2.32]

SIZE; -0.612 -0.122 SIZE;; -0.607 -0.113
[-6.97] [-7.33] [-7.93] [-7.90]

BM;, 2.572 0.584 BM;; 2.726 0.573
[12.37] [9.68] [6.96] [6.57]

SIGN;; -4.516 -0.920 SIGN;; -2.415 -0.406
[-6.72] [-6.92] [-4.75] [-4.25]

Avg. Adj-R? 0.190 0.197 Adj-R? 0.119 0.126




Table 12
Firm-Level llliquidity Sorts

This table reports the result of the time-seriefirai-level cross-sectional regression
when firms are sorted based upon illiquidity ranKfie annual returns of firimat yea
t, R is the cumulative return from April of yeauntil March of yeat+1. AX|.1/P;;
denotes the change in net income from yeéansdt+1, scaled by the market value
firm i at the end of the return window for yedk. The illiquidity of a firm, ILLIQy, is
measured as the natural logarithm of the averailye rd¢io of absolute value of retu
and dollar volume (multiplied by $over April of yeart through March year+1. For
each period firms are sorted into five groups bamedliquidity at the beginning «
year t. The t-statistics are reported in square bracké&tse data includes NYS
AMEX, and NASDAQ December fiscal year-end firms tbe period 1952 to 2010
The sample is restricted to include only those kstogith at least 100 daily rett
observations and a prior day closing price of asi€. All continuous variablesed il
tests are winsorized at the 1 and 99 percentiles.

Variable Illiquidity Rank
1 2 3 4 5
Rt =i+ Bi - AXja/Pig + vy
AX; 142/P 0.980 0.604 0.671 0.329 0.214
[5.21] [4.55] [4.79] [4.32] [2.48]
Avg. Adj-R? 0.05 0.04 0.04 0.03 0.02
Rt =ai +Bi - AXjpa/Pie + & - AX /Py - ILLIQ ¢ + vy
AX; 14a/P 0.293 0.513 1.197 1.578 1.075
[0.84] [3.29] [3.79] [4.75] [3.53]
AX; /Pt - ILLIQ -0.544 -0.910 -0.501 -0.599 -0.261
[-2.21] [-3.67] [-2.02] [-3.91] [-2.67]
Avg. Adj-R2 0.08 0.07 0.08 0.06 0.04
Rit =i+ Bi - AXjua/Pre + A - AXj /P - ILLIQj + 8 - ILLIQ ¢ + vy,
AX; 142/P 0.384 0.492 0.942 1.134 0.752
[1.07] [3.11] [3.65] [4.22] [3.22]
AX;4/P¢ - ILLIQ -0.487 -0.686 0.942 -0.368 -0.143
[-2.05] [-3.13] [-1.30] [-3.22] [-2.21]
ILLIQ;; -0.038 -0.150 -0.182 -0.186 -0.171
[-5.30] [-14.84] [-22.62] [-20.51] [-18.04]

Avg. Adj-R? 0.11 0.17 0.21 0.21 0.18




