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Abstract

One rationale for using behavioral biases to explain the momentum anomaly is evidence
that firm level information uncertainty magnifies price momentum effect (Daniel,
Hirshleifer and Subrahmanyam (1998, 2001) and Zhang (2006)). This paper provides an
alternative explanation by investigating the role of liquidity risk in explaining the
momentum magnifying phenomenon. Using three-way sorts, Fama-Macbeth procedure,
and GMM, I show that liquidity risk has explanatory power in explaining the test portfolios,
and in many cases subsumes this magnifying phenomenon. Therefore, my results show
that covariance risk-based explanations for price momentum remain important, and cast
doubt on previous empirical support for behavioral hypotheses.

*I am grateful to Ronnie Sadka for providing the liquidity factor and many helpful comments.
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Introduction

The price momentum phenomenon is one of the most serious challenges to asset pricing as
most covariance risk-based models fail to account for it (see, e.g., Fama and French (1996),
and Jegadeesh and Titman (2001)). Much research, accordingly, has attributed momentum
strategy profits to behavioral biases (see, for example, Barberis, Shleifer, and Vishny
(1998), Daniel, Hirshleifer, and Subrahmanyam (1998, 2001), and Hong and Stein (1999)),
where investors’ underreaction to public news leads to drifts in stock prices. Furthermore,
behavioral theory predicts a positive relationship between information uncertainty and
behavioral distortion (Daniel, Hirshleifer, and Subrahmanyam (1998, 2001)). Empirical
support for this line of research can be found in Zhang (2006), where he confirms that firm-
level information uncertainty magnifies momentum profits. Alternatively, recent research
has pointed to the role of liquidity risk in pricing momentum stocks. In particular, Sadka
(2005) shows that liquidity risk successfully accounts for up to 83% of the cross-sectional
variation in momentum portfolios. In this paper, I show that using the method by Fama
and Macbeth (1973), liquidity risk can explain up to 82% of the cross-sectional variations
in the momentum/information uncertainty level-sorted portfolios proposed by Zhang
(2006). Using Generalized Method of Moments (GMM) by Hansen (1982) yields similar
results. In addition, controlling for liquidity risk loadings in three-way sorts subsumes the
momentum magnifying effects in at least half of the six information uncertainty proxies,
and probably more importantly, behavioral bias cannot explain the cases where controlling
for liquidity loadings fail to subsume the momentum magnifying effect. My results suggest

that we are able to explain a significant portion of momentum effects previously attributed



to behavioral distortions within the traditional covariance risk-based framework, and thus
do not necessarily have to resort to behavioral assumptions.

Behavioral explanations for price momentum have been proposed as early as when
Jegadeesh and Titman (1993) first documented this anomaly. In particular, they show that
momentum strategies yield significant risk-adjusted returns by buying outperforming
stocks (winners) in the past 3 to 12 months, and selling those that have underperformed in
the same period (losers). They attribute post-portfolio-formation holding period
momentum profits to investors’ underreacting to information about firms’ future earnings,
and hence winners (losers) realize positive (negative) returns around the time when
earnings are actually announced. Similarly, Chan, Jegadeesh, and Lakonishok (1996)
argue that short-term price momentum effect and earnings momentum effect represent
investors’ underreaction to different sources of information, and one does not subsume the
other. Daniel, Hirshleifer and Subrahmanyam (1998, 2001), drawing upon the psychology
literature, provide a theoretical justification for investor underreaction. They argue that
investors are generally overconfident about the precision of the private signals they receive'.
Therefore, stock prices will overreact when informed investors receive private information.
In addition, they assume that investors suffer from biased self-attribution, i.e., investors’
overconfidence level increases when later public information confirms their private signals,
but does not fall when there is a contradiction. Therefore, stock price will not return to its

fundamental value, but continue to drift in the same direction of the private signals.

! For studies that examine overconfidence in the financial market context, see, ¢.g., Russo and Shoemaker
(1992), Ahlers and Lakonishok (1983), Elton, Gruber, and Gultekin (1984), Froot and Frankel (1989), Debont
and Thaler (1990), Debont (1991). For a survey of empirical research on overconfidence, see Odean (1998).

% Psychological literature on biased self-attribution can be found in Fischhoff (1982), Langer and Roth (1975),
Miller and Ross (1975), Taylor and Brown (1988).



Collectively, overconfidence and biased self-attribution lead to stock price short-term
momentum and long-term reversal. Furthermore, both models in Daniel, Hirshleifer and
Subrahmanyam (2001) and Hirshleifer (2001) suggest that the aforementioned behavioral
biases are severer when firm values are more difficult to value, i.e., when there exist higher
firm-level information uncertainty. In similar vein, Barberis, Shleifer, and Vishny (1998)
argue that “conservatism” and “representativeness heuristic”’ cause underreaction to
earnings news. Hong and Stein (1999) propose that investors with bounded rationality fail
to extract others’ information through prices, resulting in a gradual diffusion of information.

Zhang (2006) provides empirical support along this line of research. Specifically, he
studies price and earnings momentum effect among firms with different information
uncertainty levels. Proxies for information uncertainty include the following six measures:
firm age, analyst coverage, cash flow volatility, analyst forecast dispersion, firm size, and
stock volatility. The results show that high information uncertainty winners (losers) tend to
outperform (underperform) low information uncertainty winners (losers), and therefore
momentum is stronger among high information uncertainty stocks, confirming Daniel,
Hirshleifer and Subrahmanyam (2001). Earnings momentum effect exhibits a parallel
pattern.

Another line of research, motivated by the evidence that momentum strategies are
sensitive to transaction costs’, considers momentum profits as compensation for bearing
liquidity risk. Chordia, Roll, and Subrahmanyam (2000) provide evidence that there is a
common factor of firm liquidity and attribute this phenomenon to common variations in

dealer inventories. Pastor and Stambaugh (2003) and Sadka (2005) take this argument one

3 See, e. g., Moskowitz and Grinblatt (1999), Grundy and Martin (2001), Korajczyk and Sadka (2004), and
Lesmond, Schill, and Zhou (2004).



step further and show that liquidity itself has a systematic component and is a priced factor
in asset returns. In particular, Sadka (2005) draws upon microstructure literature and uses
price impacts from order flows to estimate and decompose monthly firm-level liquidity
levels into permanent and transitory fixed/variable components. This decomposition of
liquidity level is motivated by Glosten and Harris (1988). Specifically, price impacts are

decomposed using the following model:

p, D <D, ®©@V, <'D, ODV, vy,
where 'p, is the price impact, Vi is the volume traded, Dy is the trade sign indicator, DV, is
the signed volume, and Y; represents price impacts from public information unrelated to

liquidity. ¢ and < represent permanent variable/fixed price impacts, while Oand <
represent transitory variable/fixed price impacts. These four estimates collectively measure
firm-level illiquidity. Aggregate liquidity shocks relevant for asset pricing are then the
innovations to market-wide averages of the firm-level illiquidity estimates. Sadka (2005)
shows that only the permanent variable component of the liquidity factor is relevant to
asset pricing, and can explain approximately 80% of the momentum returns. In other
words, momentum winners earn higher expected return due to their higher sensitivities to
market-wide liquidity shocks, and vice versa for momentum losers.

The purpose of this paper is to examine whether the momentum magnifying effect
documented in Zhang (2006) can be explained by liquidity factor loadings. In particular, if
momentum strategy portfolios among high (low) information uncertainty firms carry higher
(lower) liquidity loadings, then this implies that the information uncertainty sort is merely a

liquidity loadings sort, and behavioral assumptions are not necessary.



The rest of this paper is organized as follows: Section 1 provides motivation and
hypotheses of the tests in this paper. Section 2 describes the data and the construction of
the information uncertainty proxies. Section 3 investigates the pricing of liquidity risk with

momentum/information uncertainty-sorted portfolios. Section 4 concludes.

1 Motivation and Hypothesis

Why would momentum effect be stronger among firms with higher information uncertainty?
Or equivalently, why would losers (winners) with high information uncertainty

underperform (outperform) their low information uncertainty counterparts? In order to

motivate the following tests in this paper, I borrow the intuition from Sadka and Sadka

(2004), where they study the pricing of SUE portfolios.

Due to reasons such as the accounting conservatism principle, accounting losses are
larger and transitory, while gains are more stationary and predictable (see, e.g., Basu
(1997), Ball (2001), Ball, Kothari, and Robin (2000), and Francis, Hanna, and Vincent
(1996).). Consequently, investors can more easily predict earnings for good news firms
(high SUE), but are less able to do so due to the transitory nature of bad news firms (low
SUE). Thus, Sadka and Sadka (2004) suggest that high SUE firms should have high
liquidity, or equivalently an information environment with less information asymmetry,
and vice versa for low SUE firms. Furthermore, high information asymmetry among low
SUE firms implies that investors will rely less on historical data and financial statements to
do valuations and make predictions, and thus rendering low SUE firms less sensitive to

market-wide fluctuations in the information environment. Investors for high SUE firms,



characterized by low information asymmetry and low information costs, on the other hand,
rely much on historical data and financial statements, and are therefore more sensitive to
market-wide fluctuations in the information environment. Therefore, Sadka and Sadka
(2005) hypothesize that high SUE firms carry higher liquidity loadings than low SUE firms.

In similar vein, the price momentum anomaly provides an equivalent testing ground for
the above hypotheses. Momentum winners, characterized by less information asymmetry,
will be more sensitive to aggregate liquidity shocks, thus carrying a higher liquidity loading
than the losers. Moreover, if we further sort momentum portfolios into high information
asymmetry and low information asymmetry groups, we should see the high information
asymmetry firms are associated with relatively lower liquidity loadings for the same
reasons in the above. In other words, we should see high information asymmetry firms
among both winners and losers carry lower liquidity loadings than their low information
asymmetry counterparts.

Results in Sadka (2005) show that momentum effect is stronger among firms with higher
information asymmetry, and this is primarily due to the underperformance of high
information asymmetry losers, while high information asymmetry winners do not earn
significantly more than low information asymmetry winners. Using Fama-Macbeth
regressions, the liquidity loadings can explain up to 70% of the momentum/information
asymmetry-sorted portfolios.

Intuitively, firm-level information uncertainty as defined by Daniel, Hirshleifer, and
Subrahmanyam (2001) and Zhang (2006) should be highly correlated with the information
asymmetry level, or equivalently, illiquidity level defined by Sadka (2005). If this is true,

then the momentum magnifying effect found in Zhang (2006) is merely documenting



stronger momentum among illiquid firms, and the above arguments imply that liquidity
loadings can explain this phenomenon.

It should be noted that even if liquidity loadings are successful in explaining the
momentum effects using the proxies that are supposed to exacerbate behavioral distortions,
it is not a definitive refute of behavioral hypotheses. It could be that the proxies do not
measure behavioral distortions well, and we simply need better proxies. In addition,
liquidity risk and behavioral hypotheses are not necessarily mutually exclusive, and could
potentially serve as a complement to each other. The bottom line of the paper is to show
that the traditional systematic risk framework has potential to explain various market

anomalies, and to encourage finer empirical evidence on behavioral theories.

2 Data Description and Information Uncertainty Measures

2.1 Data Description

The data for my empirical analysis come from three databases. Monthly/daily stock returns
and number of shares outstanding are retrieved from CRSP data files. My sample consists
of NYSE-listed common equities with the last CUSIP digits 10 or 11, i.e., I discard
certificates, ADRs, shares of beneficial interest, units, companies incorporated outside the
U.S., Americus Trust components, closed-end funds, preferred stocks, and REITs. Next, I
merge CRSP with Compustat to obtain financial data for computing firm operating cash
flows. Finally, I merge the CRSP data with I/B/E/S summary statistics file to obtain

analyst forecasts. The sample period starts from March 1983 through August 2001°,

* The liquidity factors are kindly provided by Prof Ronnie Sadka. Therefore, my sample period is limited to
the availability of the liquidity factors.



Panel A of Table 1 presents descriptive statistics of the information uncertainty proxies,
along with the current month return, and past 12 months return. Monthly returns (R) are
slightly right skewed, suggesting the effect of positive outliers and non-normality. There is
also much variation in both firm age (AGE), and firm size (MV), therefore there is no
obvious bias in my sample selection. The results are qualitatively similar to that of Zhang
(2006). Panel B reports the correlation matrix of these variables. As expected, firm age
(AGE), analyst coverage (COV) and firm size (MV) have correlation coefficients between
them ranging from 0.236 to 0.402, indicating that they are positively correlated, as
expected. The relationships are similar among cash flow volatility (CVOL), analyst
dispersion (DISP), and stock volatility (SIGMA), with correlation coefficients between
them ranging from 0.016 to 0.335. Interestingly, MV is weakly positively correlated with
current month return with a correlation coefficient of 0.014, which foreshadows the
insignificance of the size premium in my sample.

Table 2 computes returns from buying stocks with high variable value, and selling stocks
with low variable value. This type of contrarian strategies yields mixed results for the six
information uncertainty proxies. As suggested from the correlation matrix in Table 1, firms
in the largest size decile earn 2.15% more than those in the smallest size decile. High
dispersion stocks earn relatively higher average returns, but this is possibly driven by
outliers in the highest decile. Old firms underperform young firms by 0.48% per month.
The last column of Table 2 confirms the existence of price momentum effect in my sample.
In particular, buying winners and selling losers yields a statistically significant 1.56% per

month.



2.2 Information Uncertainty Measures

Zhang (2006) defines information uncertainty as the “ambiguity with respect to the
implications of new information for a firm’s value, which potentially stems from two
sources: The volatility of a firm’s underlying fundamentals and poor information.” He uses
six proxies to measure information uncertainty: Firm age, analyst coverage, cash flow
volatility, analyst dispersion, firm size, and stock volatility. Following Zhang (2006), 1
construct the time series of these six information uncertainty proxies for each firm. Firm
age (AGE) is the number of years since a firm was first covered in CRSP. Analyst
coverage (COV) is the number of analyst reports covering the firm in the previous year.
Cash flow volatility (CVOL) is the standard deviation of the cash flows from operations in
the past five years (with a minimum of three years). Cash flow from operations is earnings
before extraordinary items minus total accruals, scaled by average total assets. Total
accruals are defined as changes in current assets minus changes in cash, changes in current
liabilities, and depreciation expenses plus changes in short-term debt. Analyst dispersion
(DISP) is the current month standard deviation of analyst forecasts of the firm’s future
earnings. Firm size (MV) is the market capitalization of the firm at the beginning of the
current month. Stock volatility (SIGMA) is the weekly return volatility of the past 52
weeks. To avoid bid-ask bounce effects and nonsynchronous trading, I use weekly returns
from Thursday to Wednesday.

Intuitively, higher AGE, COV, and MV correspond to lower information uncertainty,

while higher CVOL, DISP, and SIGMA corresponds to higher information uncertainty.
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3 Empirical Tests

3.1 Momentum Magnifying Effects by Information Uncertainty Proxies

To verify information uncertainty magnifies momentum effects and examine their
relationships with liquidity loadings, I consider six sets of 5-by-5 portfolios. Each month,
firms are first sorted into momentum quintiles based on their past 12 months returns
(excluding the previous month), and each momentum portfolio is further sorted into
quintiles based on one of the six information uncertainty proxies: AGE, COV, CVOL,
DISP, MV, and SIGMA. For each of the 25 portfolios, I estimate its liquidity loading by
running a time series regression over the entire sample period of monthly excess return on
the Fama and French three factors MKT, SMB, HML (Fama and French (1993)), and the
liquidity factor.

The portfolio returns are presented in Table 3. Overall, my sample exhibits similar
momentum magnifying patterns documented by Zhang (2006). Losers with high
information uncertainty level consistently underperform across all six proxies, while there
are inconsistencies among winners. For example, Panel E uses firm size (MV) as the
information uncertainty proxy. Small losers earn 3.37% less than large losers, while the
difference in returns between small and large winners is not statistically significant. In
Panel D, losers with high analyst dispersion (DISP) underperform losers with low DISP by
2.06%. However, high DISP winners underperform low DISP winners, and low MV
winners underperform high MV winners, which run contrary to behavioral predictions.

On the momentum strategy level, however, the information uncertainty magnifying

effect is consistent, confirming the results in Zhang (2006). For example in Panel A,
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momentum strategy among the youngest firms earn an average 1.52%, while the
momentum strategy profits among the oldest firms are an insignificant 0.28%. The return
differences in momentum strategies among high information uncertainty firms and low
information uncertainty firms using different proxies are: AGE 1.25%, COV 1.47%, CVOL
0.41%, DISP 0.9%, MV 2.95%, SIGMA 0.96%, which are all significantly different from
zero except that of CVOL.

Liquidity loadings can explain the returns of momentum strategy portfolios using DISP,
MYV, and SIGMA. For example in Panel F, momentum strategy returns for ascending
levels of SIGMA yield 0.49%, 0.68%, 1.09%, 1.59%, and 1.44%, respectively. The
liquidity loadings on these portfolios are 1.44, 1.31, 1.47, 1.81, and 2.20. Liquidity
loadings for momentum strategy portfolios using DISP and MV demonstrate similar
patterns. In other words, at least for these three proxies, the momentum magnifying effects
can be explained by their liquidity loadings, i.e., momentum strategy portfolios among high
information uncertainty firms are subject to more liquidity risk. Momentum strategy
portfolio returns from AGE, COV, and CVOL, on the other hand, do not parallel the
patterns in their corresponding liquidity loadings. In Panel A, momentum strategies among
ascending levels of AGE yields 1.52%, 1.52%, 1.25%, 0.65%, and 0.28%, respectively.
Momentum is stronger among young firms, as expected. However, their corresponding
liquidity loadings are 0.88, 1.26, 1.94, 1.70, and 1.53, which does not exhibit a clear
descending order. Likewise for COV momentum strategy portfolios, which yield 1.82%,
1.30%, 1.00%, 0.82%, and 0.35% for ascending COV levels. Their corresponding liquidity
loadings are 1.31, 1.00, 1.18, 1.73, and 2.11, which do not have a clear descending order.

Nevertheless, I emphasize that one can only have a more accurate picture of the overall

12



explanatory power of liquidity loadings on these test portfolios when we explicitly control

for liquidity loadings or take the test portfolios to the cross-sectional regressions.

3.2 Controlling for Liquidity Loadings in Three-way Sorts

In this section I control for liquidity loadings and examine the effect of information
uncertainty in three-way sorts. Specifically, each month I sort firms into momentum
quartiles based on past 12 month returns (excluding the previous month), and
independently into liquidity loadings quartiles. The liquidity loading of each firm is
estimated from a time series regression over the entire sample period of monthly stock
excess returns on the Fama-French three factors and the liquidity factor. Within each of the
16 momentum-liquidity loading group, I further sort the firms into quartiles based on each
of the six information uncertainty proxies. If liquidity loading is the dominant explanatory
variable in the momentum/information uncertainty-sorted portfolios, then the momentum
magnifying effect will not be significant after I control for liquidity loadings in three-way
sorts.

I report the results in Table 4. In at least three out of the six information uncertainty
proxies, liquidity loading successfully subsumes the momentum magnifying effect. I
concentrate on the highest and lowest liquidity loading quartile. In particular, for AGE,
CVOL, and SIGMA-sorted portfolios, when I control for liquidity loadings, the three
information uncertainty proxies do not magnify momentum, and there is no significant
difference between high and low information uncertainty winners and losers. For example
in Panel A, for the low liquidity loadings group, momentum strategy among the youngest

quartile firms earns an insignificant 0.33% higher than the momentum strategy among the
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oldest quartile firms. For the high liquidity loadings group, this difference is an
insignificant 0.80%. Compare these to the 1.25% statistically significant difference in
momentum strategy profits when I do not control for liquidity loading. In other words,
young losers (winners) do not underperform (outperform) old losers (winners), and we thus
do not see larger momentum profits among young firms. The same is true for high
liquidity loadings group. Lastly, in addition to AGE, CVOL and SIGMA, controlling for
high liquidity loading in the COV-sorted portfolios also subsumes the momentum
magnifying effect.

The momentum magnifying effect using DISP- and MV-sorted portfolios is still present
after controlling for liquidity loading. The affect is particularly strong using MV.
Momentum strategy among small firms earns a statistically significant 2.45% more than
that among large firms with high liquidity loading. For low liquidity loading this
difference is 1.91%.

One interesting observation from DISP- and MV-sorted portfolios is that both of them
run counter to behavioral predictions among the winners group. In the low liquidity
loadings group in Panel D, high DISP winners underperform low DISP winners.
Nevertheless, high DISP losers also underperform low DISP losers, and this latter effect
dominates the former, and thus the momentum magnifying effect is still present. The same
is true for MV-sorted portfolios. Small firms underperform big firms in both momentum
winners and losers group. This is contradictory to behavioral predictions, which predicts
high information uncertainty firms, in this case high DISP and low MYV, should
underperform if they lose, and outperform if they win. This is foreshadowed by the

contradictory results for DISP and MV winners in Table 3. There, both low MV and high
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DISP winners underperform their counterparts, which also run contrary to behavioral
predictions. Since I am already controlling for liquidity loadings in this section, this
implies neither behavioral explanations nor liquidity loadings will suffice. A full
investigation of this phenomenon is beyond the scope of this paper.

It is worth mentioning that in unreported tests, the momentum magnifying effect is
subsumed for all six proxies when I sort momentum into quartiles, liquidity loadings into
quintiles, and further sort information uncertainty into quartiles. This is in effect allowing
for more variation in the liquidity loadings, and hence potentially biases the results in favor
of the explanatory power of liquidity loadings. Unfortunately, I am unable to sort all three
ways into quintiles for a finer test due to the sample size. Note that since I am estimating
the liquidity loadings for individual stocks, the estimates will have much measurement

error, and therefore could negatively influence my results.

3.3 Pricing Momentum/Information Uncertainty Portfolios Using Fama-Macbeth

In the previous two sections, I show that liquidity loadings of the momentum/information
uncertainty-sorted portfolios can at least explain away part of the phenomenon documented
in Zhang (2006). To see if liquidity loadings have significance in the cross-section of the
5-by-5 momentum/information uncertainty portfolio returns and to measure the overall fit,
I next turn to the Fama-Macbeth procedure.

The linear factor model that I test is in the following conventional form:

ER] § J& (1)
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where E R, denotes the expected excess return of portfolio i, £ is the vector of loadings
on the risk factors, and . is the vector of the corresponding factor premia. I estimate the

factor loadings £ from the following time-series regression:

Ry ¢ E& H, ()
where f; is the vector of the risk factors. I estimate model (1) with four specifications. First,
I estimate CAPM using the market excess return (MKT) as the single factor. Next I add in
the liquidity factor (LIQ). Thirdly, I use the Fama-French three factors, market excess
return (MKT), small minus big (SMB), and high minus low (HML). Lastly I add in the
LIQ alongside the Fama-French three factors.

To estimate model (1) with the Fama-Macbeth two-pass procedure, I first estimate the
factor loadings with regression (2) using the full sample. Next, for each month I run a
cross-sectional regression of excess portfolio returns on the factor loadings to obtain the
factor premiums. Finally, the premium estimates and standard errors for model (1) are the
average and standard deviation, respectively, of the monthly premium estimates from the
previous step. To adjust for time-varying factor loadings, I adjust the standard errors
following Shanken (1992). In addition, for each specification, I obtain the R* from a cross-
sectional regression of average excess return of the 25 test portfolios on the factor loadings
to measure the amount of cross-sectional variation captured by the model (see Jagannathan
and Wang (1996)). The Fama-Macbeth procedure is repeated for each of the six sets of
portfolios using different information uncertainty proxies.

I report the results in Table 5. The single factor CAPM does not explain the cross-

sectional variations. For COV, CVOL, DISP, and SIGMA-sorted portfolios, the market
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premia are insignificant, and all six R*’s are below 9%. The two factor model with MKT
and LIQ as risk factors increases the overall model explanatory power significantly. For
example in Panel F with the SIGMA-sorted portfolios, the two factor specification yields
an R? of 82.30%, improving from 0.03% of that from the CAPM. The liquidity premium is
60 basis points with an adjusted t-stat of 2.12. Overall, among the six information
uncertainty proxies, the liquidity premia are significant at the 95% level for AGE, COV,
DISP, MV, and SIGMA. The liquidity premium using CVOL is significant at the 90%
level. The R*’s are 60.51%, 53.21%, 40.09%, 39.82%, 14.87%, and 82.30% for AGE-,
COV-, CVOL-, DISP-, MV-, and SIGMA-sorted portfolios. The lower R%s corresponding
to DISP and MV are expected from the results in the last section, where I argue the weak
explanatory power of liquidity loading does not stem from behavioral reasons. Finally, the
premia are consistently between 36 to 66 basis points.

The Fama-French three factor specification improves upon the CAPM as well. For
example in Panel C, the risk premia of CVOL-sorted portfolios are 1.48%, -0.57%, and -
2.54% for MKT, SMB, and HML respectively. The corresponding t-stats are 2.41, -0.97,
and -2.82. The premium on SMB is insignificant as in recent studies that find the size
effect is much weaker since the 1980s. The R* is 56.27%. Results using the other five
proxies are qualitatively similar.

Using the four factor specification, the liquidity risk premia are significant only for COV
and SIGMA-sorted portfolios, and marginally significant for MV-sorted portfolios. The R?
are higher than other specifications: 76.37%, 57.21%, 61.72%, 92.52%, 74.02%, and
84.91% for AGE, COV, CVOL, DISP, MV, and SIGMA-sorted portfolios, respectively. It

should be noted that all SMB and HML premia are negative except for the SMB premia for

17



SIGMA-sorted portfolios. Sadka (2005) points out that this is not surprising because
momentum is stronger among low book-to-market firms (Asness (1997)), and if we
constrain the premia on the Fama-French factors to be non-negative, the liquidity premium

will be significant”.

3.4 Pricing Momentum/Information Uncertainty Portfolios Using GMM

The Generalized Method of Moments® (GMM), formalized by Hansen (1982), estimates
the asset pricing model (1) in its equivalent stochastic discount factor form. This method
provides an opportunity for a robustness check on my previous results. In particular, (1)

can be rewritten as:

E[mR;;] 0, 3)
where m; is the stochastic discount factor in month t, and R, is the excess return of

portfolio i in month t. The linear expected return-beta model in (1) implies the stochastic
discount factor takes the following form:

m 1 G, @)

where / LV WKH YHFWRU RI WKHfisRiR GdtoOofSdmkhbr®Pidiadtdisv D Q G

The pricing errors are therefore
9:(G¢ E[mR] E/[R,] EI[R, fFGC ©)
Define d; E;[fR;;], and minimize the objective function

(G g,Wg, ()

for a given weighting matrixW WKH *00 HVWLPDWH RI / LV

> I thank Ronnie Sadka for this comment.
% For an excellent summary, see Cochrane (2001).
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G (dw'd) 'dw 'E/[R,]. (7)
7KH SUHPLD LQ PRGHO LV UHODWHG WR WKH(VWRFKDVW

I follow Hansen (1982) and choose the optimal weighting matrix, starting from an identity

matrix and iterate until the objective function is stable. In this case T tJ( () has a chi-

squared distribution with (# of moments - # of parameters) degrees of freedom, which acts
as a test for model mis-specification. I provide the p-values from this test, along with the t-
statistics and the risk premia. To control for heteroskedasticity and autocorrelation, I use
the HAC estimate with a Bartlett kernel for the asymptotic variance-covariance matrix of
the sample moments’.

Table 6 reports the empirical results, which are qualitatively similar to those in the
previous section. Surprisingly, the CAPM exhibits significant explanatory power for the
test portfolios. In all six sets of 5-by-5 portfolios, the market premia are statistically
significant between 1.11% and 3.57%. Except for COV-sorted portfolios, the p-values are
all above 10%, implying no model mis-specification. Adding the liquidity factor alongside
the market factor presents a somewhat mixed picture. The liquidity premia from COV,
CVOL, and MV-sorted portfolios are statistically significant between 43 to 73 basis points,
and that of AGE-sorted portfolios is marginally significant at 19 basis points. The premia
from DISP and SIGMA portfolios are insignificant. This is somewhat surprising since
SIGMA is statistically significant with the highest R” in the Fama-Macbeth. The Fama-
French three factor continue to yield negative premia for most of the tests, similar to the

previous section. For the four factor model specification, the liquidity premia are

7 See Newey and West (1987).
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significant in four out of the six 5-by-5 test portfolios. Interestingly, the liquidity premium
in DISP portfolios is now significant at 43 basis points. Overall, GMM confirms the

explanatory power of the liquidity factor.

4 Conclusion

This paper investigates the role of liquidity risk in explaining the momentum magnifying
effect previously attributed to behavioral theories. I show that liquidity loadings have
explanatory power over the momentum-information uncertainty-sorted portfolios. In
particular, controlling for liquidity loadings in three-way sorts subsumes the momentum
magnifying effect in at least three out of the six information uncertainty-sorted portfolios.
For DISP- and MV-sorted portfolios, high information uncertainty winners underperform
low information uncertainty winners, which is contradictory to behavioral predictions.
Only the low liquidity loadings group for COV-sorted portfolios follows the pattern
predicted by the underreaction hypothesis (see Table 4 Panel B). This implies that there
are potentially other driving forces, besides underreaction and liquidity risk, of momentum
and more research is called for. Furthermore, liquidity loadings yields statistically
significant premia in the Fama-Macbeth results, and they appear to explain the bulk of the
cross-sectional variations.

As mentioned in Section 1, this paper cannot refute behavioral theories per se because it
could be just that the information uncertainty proxies chosen by Zhang (2006) do not
accurately measure investors’ tendency to underreact. Hvidkjaer (2005) shows evidence of
behavioral bias by studying trading behavior of small investors. He uses small trade

imbalance during the momentum portfolio formation period as a measure of behavioral
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bias and shows that momentum is stronger among firms with higher small trade imbalances.
This measure provides yet another testing ground for the role of liquidity risk in pricing
momentum portfolios.

Lastly, while both the Fama-Macbeth and GMM confirm the significance of liquidity
risk, they present a mixed picture in terms of differentiating the six information uncertainty
proxies. In particular, liquidity risk plays a less important role in CVOL and MV portfolios
from the Fama-Macbeth, while the GMM implies that liquidity risk is not significant in
DISP and SIGMA portfolios. Yet the three-way sort fails to subsume the momentum
magnifying effect in DISP and MV portfolios, and I argue this is not due to behavioral
reasons. A closer investigation of these information uncertainty proxies is called for to
better understand what they are actually measuring, and what are their relationships with

firm liquidity level. I leave these topics for further research.
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Table 1: Descriptive Statistics
R, is the return of month t. Ry is the cumulative return of the past 12 months, excluding the previous month. Firm
age (AGE) is the number of years since the firm was first recorded by CRSP after 1925. Analyst coverage (COV)) is
the total number of analyst reports on the firm in the previous year. Cash flow volatility (CVOL,) is the standard
deviation of the firm’s cash flow from operations of the previous five years, with a minimum of 3 years. Cash flow
from operations is earnings before extraordinary items minus total accruals, scaled by

Panel A: Descriptive Statistics

N Mean Stdev Min Ql Median Q3 Max
R, 410,492 1.42%  13.01% -93.75% -4.95% 0.83%  7.07%  1100%
Riie 394,584 17.70%  52.08% -98.97% -10.32% 11.62% 35.95%  1900%
AGE, 415,997 20 17 1 7 17 28 76
CoV, 366,007 10 8 1 3 8 15 52

CVOL, 319,642  0.059 0.123 0.000 0.021 0.040 0.072 20.169
DISP, 332,950  0.20% 4.86% 0.00% 0.02% 0.05%  0.12%  724.78%
MV, 412,730 2,477 10,367 0 133 443 1,495 58,199
SIGMA, 328,683 5.26% 2.63% 0.39% 3.50% 4.69%  634%  36.62%

Panel B: Correlation Matrix

R, Roi  AGE  COV  CVOL DISP MV SIGMA
R, 1.000  -0.008  -0.001  0.000 -0.018  -0.008 0014  -0.001
Riiie -0.008  1.000  -0.028  -0.005 -0.064  -0.020  0.041  -0.051
AGE, -0.001  -0.028  1.000 0324  -0.046  0.001 0236  -0.304
COV: 0.000  -0.005 0324  1.000 -0.163  -0.014 0402  -0.243
CVOL, 0.018  -0.064  -0.046  -0.163 1.000 0016  -0.030 0.335
DISP -0.008  -0.020  0.001  -0.014 0016  1.000  -0.008 0.049
MV 0.014 0041 0236 0402 -0.030 -0.008  1.000  -0.084

SIGMA: 9001  -0.051  -0304 -0243 0335  0.049  -0.084 1.000

25



Table 2: Returns by Information Uncertainty Proxy and Momentum

This table reports average monthly portfolio returns sorted by each of the information uncertainty proxies in Zhang
(2006) and verifies the existence of momentum effect in the sample. At the beginning of each month t, stocks are
sorted into decile portfolios based on the current month information uncertainty proxies, and momentum portfolios
(MOM) based on their past 12 months returns (excluding the previous month). Portfolios are equally weighted and
rebalanced monthly. Firm size (MV) is the market capitalization at the beginning of month t. Firm age (AGE) is the
number of years since a firm has been first covered by CRSP. Analyst coverage (COV) is the number of analyst
reports for the firm over the past year. Forecast dispersion (DISP) is the standard deviation of analyst forecasts in
month t-1, scaled by the previous year-end stock price. Cash flow volatility (CVOL) is the standard deviation of cash
flow from operations in the past five years (with a minimum of three years). Stock volatility (SIGMA) is the standard
deviation of weekly excess returns for the past 52 weeks. The sample includes NYSE-listed firms for the period from
March 1983 to August 2001. t-statistics are reported in parentheses.

Sorted by Sorted by Sorted by Sorted by Sorted by Sorted by MOM
AGE COV CVOL DISP MV SIGMA

Di(low) 1.69% 1.38% 132%  2.04%  029%  1.29% 0.66%
(4.36) (4.04) (4.68) 6.04)  (-0.62) (6.76) (1.22)

D2 1.47% 1.45% 1.32% 1.83% 1.05% 1.30% 1.15%
(3.91) (4.24) (4.40) (5.44) (2.81) (5.48) (3.24)
D3 1.42% 1.46% 1.28% 1.68% 1.32% 1.36% 1.17%
(3.96) (4.19) (4.06) (5.22) (3.74) (5.15) (3.68)
D4 1.53% 1.41% 1.30% 1.56% 1.53% 1.31% 1.35%
(4.47) (4.04) (4.13) (5.07) (4.34) (4.55) (4.46)
D5 1.51% 1.38% 1.34% 1.36% 1.66% 1.44% 1.29%
(4.62) 4.11) (4.14) (4.51) (4.90) (4.56) (4.49)
D6 1.44% 1.28% 1.67% 1.33% 1.83% 1.38% 1.40%
(4.52) (3.88) (4.93) (4.38) (5.49) (4.07) (4.86)
D7 1.31% 1.31% 1.43% 1.30% 1.68% 1.27% 1.46%
(4.08) (3.86) (4.34) 4.21) (5.24) (3.46) (5.09)
D8 1.31% 1.32% 1.46% 1.09% 1.72% 1.41% 1.54%
(4.37) (4.09) (4.32) (3.37) (5.47) (3.53) (5.12)
D9 1.32% 1.31% 131%  0.90% 1.79% 1.32% 1.75%

(5.16) (4.46) (3.97) (2.66) (6.04) (2.93) (5.39)
D10(high)  1.21% 1.31% 1.45% 0.34% 1.85% 0.85% 2.22%
(4.12) (4.46) (4.52) (0.90) (6.49) (1.42) (5.49)

D10-DI 048%  007%  0.13%  -1.69%  2.15%  -044%  1.56%
(-237)  (-031)  (1.06)  (-827)  (5.09)  (-0.79)  (3.55)
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Table 3: Monthly Returns and Liquidity Loadings of Momentum/Information Uncertainty-Sorted Portfolios

This table reports the average returns and the liquidity loadings of six sets of 5X5 portfolios. At the beginning of each month, stocks are sorted first into momentum quintiles, and

subsequently into quintiles based on each of the six information uncertainty proxies in Zhang (2006). Momentum is calculated as the past 12 months returns (excluding the previous month).

Firm size (MV) is the market capitalization at the beginning of month t. Firm age (AGE) is the number of years since a firm was first covered by CRSP. Analyst coverage (COV) is the

number of analyst reports for the firm over the past year. Forecast dispersion (DISP) is the standard deviation of analyst forecasts in month t-1, scaled by the previous year-end stock price.

Cash flow volatility (CVOL) is the standard deviation of cash flow from operations in the past five years (with a minimum of three years). Stock volatility (SIGMA) is the standard

deviation of weekly excess returns for the past 52 weeks. The portfolios are equally weighted and rebalanced monthly. 7KH OLTXLGLW\ IDFWRU /,4 LV FRPSXWHG
aggregate variable component of price impacts, as in Sadka (2004). The liquidity loadings of each portfolio are computed from the time series regression of portfolio excess returns on the

Fama-French three factors and the liquidity factor. The sample includes NYSE-listed firms for the period from March 1983 to August 2001.

Panel A: MOM/AGE Portfolios Panel B: MOM/COV Portfolios
Momentum AGE Return T of /,4 T Statistic Momentum Cov Return T of /,4 T Statistic

Ranking Ranking Return Loading Ranking Ranking Return Loading
1 1 (young) 0.78% 1.60 -0.34 -0.63 1 1 (low) 0.49% 1.08 -0.54 -1.05
(losers) 0.68% 1.44 -0.61 -1.23 (losers) 0.70% 1.59 -0.40 -0.88
0.88% 1.89 -1.08 -2.02 0.68% 1.52 -0.49 -1.05
1.17% 2.68 -0.91 -1.86 0.78% 1.80 -0.82 -1.87
5 (old) 1.12% 2.78 -0.79 -1.61 5 (high) 1.23% 2.75 -1.20 -2.29
2 1 1.19% 3.54 -0.24 -0.80 2 1 1.19% 3.76 0.13 0.50
1.28% 3.90 -0.09 -0.30 1.34% 4.05 0.11 0.38
1.29% 4.03 -0.06 -0.22 1.27% 3.82 0.09 0.31
1.25% 4.11 0.19 0.72 1.21% 3.63 -0.20 -0.72
5 1.32% 4.40 -0.37 -1.41 5 1.21% 3.78 -0.60 -2.14
3 1 1.39% 4.29 0.03 0.11 3 1 1.44% 4.87 0.28 1.18
1.49% 4.92 0.24 1.17 1.47% 4.68 0.11 0.44
1.33% 4.49 0.12 0.57 1.38% 433 0.35 1.43
1.33% 4.69 0.06 0.27 1.27% 4.12 0.15 0.63
5 1.25% 4.65 0.19 0.93 5 1.15% 3.94 -0.02 -0.12
4 1 1.75% 5.27 0.35 1.47 4 1 1.71% 5.56 0.44 1.88
1.59% 5.16 0.19 0.83 1.56% 4.98 0.75 3.16
1.50% 4.93 0.42 1.85 1.40% 4.49 0.58 2.45
1.39% 4.84 0.83 4.12 1.33% 430 0.54 2.29
5 1.30% 4.87 0.50 2.38 5 1.33% 4.56 0.22 1.20
5 1 (young) 2.31% 5.61 0.52 1.57 5 1 (low) 2.31% 5.97 0.75 291
(winners) 2.21% 5.50 0.60 1.88 (winners) 2.00% 5.12 0.57 1.96
2.16% 5.75 0.84 3.06 1.68% 4.46 0.67 2.18
1.83% 5.24 0.81 2.95 1.61% 4.25 0.88 2.73
5 (old) 1.40% 431 0.71 2.67 5 (high) 1.58% 4.55 0.88 3.12
1 1-5 -0.35% -1.38 0.48 1.18 1 1-5 -0.74% -2.18 0.69 0.71
5 1-5 0.90% 4.63 -0.17 -0.58 5 1-5 0.73% 3.37 -0.11 -0.35
5-1(a) 1 1.53% 422 0.88 1.41 5-1(a) 1 1.82% 5.60 1.31 2.40
5-1 2 1.52% 432 1.22 2.05 5-1 2 1.30% 4.09 1.00 1.84
5-1 3 1.28% 3.46 1.94 3.07 5-1 3 1.00% 2.99 1.18 2.04
5-1 4 0.65% 1.92 1.74 2.99 5-1 4 0.82% 2.48 1.73 3.05
5-1(b) 5 0.28% 0.78 1.53 2.48 5-1(b) 5 0.35% 0.89 2.11 3.15

(a)-(b) 1.25% 4.65 (a)-(b) 1.47% 4.28
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Table 3 (cont’d)

Panel C: MOM/CVOL Portfolios

Momentum CVOL Return T of /,4 T Statistic
Ranking Ranking Return Loading

1 1 (low) 1.87% 4.70 -1.06 -2.21

(losers) 1.14% 293 -0.80 -1.89

1.02% 2.39 -0.66 -1.41

0.50% 1.08 -0.65 -1.32

5 (high) 0.47% 0.84 -0.54 -0.76

2 1 1.48% 5.17 -0.48 -1.78

1.45% 5.07 -0.36 -1.32

1.18% 3.62 0.14 0.48

1.24% 3.65 -0.10 -0.34

5 0.75% 2.09 0.11 0.33

3 1 1.42% 5.23 -0.11 -0.44

1.36% 5.03 0.22 0.95

1.39% 4.70 0.00 0.02

1.22% 3.89 0.33 1.27

5 1.08% 3.21 0.52 1.83

4 1 1.70% 6.12 0.42 1.59

1.42% 5.01 0.34 1.47

1.24% 4.35 0.40 1.72

1.38% 4.35 0.46 1.82

5 1.26% 3.80 0.66 2.47

5 1 2.50% 7.10 0.76 2.30

(winners) 1.80% 5.09 0.75 2.54

2.00% 5.56 0.94 3.02

1.77% 4.54 0.88 291

5 1.50% 3.71 0.68 2.17

1 1-5 1.40% 3.80 -0.49 -0.83

5 1-5 0.99% 4.83 0.10 0.30

5-1(a) 1 0.62% 1.85 1.84 3.16

5-1 2 0.65% 2.10 1.57 291

5-1 3 0.98% 2.90 1.63 2.82

5-1 4 1.27% 3.76 1.56 2.73

5-1(b) 5 1.03% 2.26 1.25 1.60
(a)-(b) 0.41% 112

Panel D: MOM/DISP Portfolios

Momentum DISP Return T of /,4 T Statistic

Ranking Ranking Return Loading

1 1 (low) 1.63% 3.97 -0.40 -0.97

(losers) 1.33% 3.36 -0.38 -0.89

1.13% 2.69 -0.67 -1.43

0.56% 1.23 -0.74 -1.48

5 (high) -0.43% -0.86 -1.20 -2.19

2 1 1.68% 5.18 -0.01 -0.05

1.48% 4.70 -0.02 -0.07

1.26% 3.89 -0.13 -0.47

1.17% 3.66 -0.17 -0.60

5 0.59% 1.75 -0.23 -0.81

3 1 1.78% 5.70 0.27 1.09

1.45% 4.72 0.12 0.51

1.31% 4.48 0.09 0.42

1.08% 3.71 0.21 0.97

5 0.88% 2.86 0.03 0.12

4 1 1.83% 5.93 0.36 1.49

1.55% 5.10 0.52 2.27

1.39% 4.74 0.62 2.98

1.26% 4.30 0.55 2.61

5 1.04% 3.21 0.47 1.90

5 1 2.40% 6.13 0.53 1.69

(winners) 2.00% 5.36 0.70 2.42

1.62% 4.40 1.08 3.61

1.56% 4.18 0.95 3.11

5 1.24% 3.22 0.72 2.30

1 1-5 2.06% 7.66 0.82 1.11

5 1-5 1.16% 5.29 -0.18 -0.52

5-1(a) 1 0.77% 2.63 0.95 1.87

5-1 2 0.67% 2.14 1.11 2.04

5-1 3 0.49% 1.46 1.78 3.10

5-1 4 1.00% 2.85 1.71 2.82

5-1(b) 5 1.67% 4.35 1.94 3.04

(a)-(b) -0.90% -3.00
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Table 3 (cont’d)

Panel E: MOM/MYV Portfolios

Momentum MV Return T of /,4 T Statistic
Ranking Ranking Return Loading

1 1 (small) -1.23% -1.95 -0.92 -1.08

(losers) 0.72% 1.51 -0.59 -1.10

1.12% 2.57 -0.55 -1.21

1.77% 4.14 -0.57 -1.27

5 (large) 2.14% 5.14 -1.15 -2.44

2 1 0.36% 0.99 0.13 0.36

1.23% 3.66 0.08 0.26

1.42% 4.38 -0.07 -0.23

1.53% 4.61 -0.20 -0.71

5 1.74% 5.46 -0.62 -2.22

3 1 0.80% 2.53 0.38 1.44

1.44% 4.58 0.14 0.54

1.43% 4.90 0.04 0.16

1.50% 4.90 0.12 0.53

5 1.55% 5.19 0.05 0.25

4 1 1.11% 3.31 0.43 1.55

1.50% 4.72 0.61 2.42

1.54% 5.05 0.47 1.89

1.56% 5.15 0.43 2.01

5 1.77% 6.09 0.31 1.79

5 1 1.66% 4.04 0.59 1.83

(winners) 1.87% 4.33 0.80 2.74

2.16% 5.53 0.79 2.33

2.16% 5.85 0.71 2.34

5 2.08% 6.08 0.63 2.32

1 1-5 -3.37% -6.30 0.25 -0.16

5 1-5 -0.42% -1.56 -0.02 -0.04

5-1(a) 1 2.89% 6.04 1.53 1.87

5-1 2 1.14% 3.17 1.41 2.30

5-1 3 1.04% 3.12 1.37 2.44

5-1 4 0.39% 1.19 1.30 2.29

5-1(b) 5 -0.06% -0.16 1.80 2.83
(a)-(b) 2.95% 6.33

Panel F: MOM/SIGMA Portfolios

Momentum  SIGMA Return T of /,4 T Statistic

Ranking Ranking Return Loading

1 1 (low) 1.06% 3.65 -0.76 -2.33

(losers) 0.98% 2.62 -0.54 -1.36

0.79% 1.80 -0.65 -1.48

0.43% 0.84 -0.69 -1.19

5 (high) 0.38% 0.52 -1.41 -1.55

2 1 1.26% 5.53 -0.54 -2.31

1.28% 438 -0.36 -1.37

1.20% 3.67 -0.14 -0.50

1.22% 3.30 0.13 0.44

5 1.13% 2.51 -0.05 -0.11

3 1 1.27% 5.81 -0.06 -0.27

1.24% 4.73 0.16 0.79

1.34% 4.36 0.38 1.74

1.30% 3.68 0.27 1.00

5 1.24% 2.87 -0.06 -0.17

4 1 1.34% 5.94 0.50 2.26

1.41% 5.27 0.58 2.84

1.41% 4.63 0.42 1.86

1.48% 4.26 0.50 2.01

5 1.46% 3.34 0.36 1.01

5 1 1.55% 5.93 0.65 2.71

(winners) 1.66% 5.08 0.75 2.70

1.89% 4.97 0.80 2.62

2.02% 4.57 1.09 293

5 1.83% 3.39 0.77 2.00

1 1-5 0.68% 1.15 0.67 0.15

5 1-5 -0.28% -0.69 -0.10 -0.23

5-1(a) 1 0.49% 1.85 1.44 3.20

5-1 2 0.68% 2.22 1.31 2.53

5-1 3 1.09% 3.30 1.47 2.58

5-1 4 1.59% 3.77 1.81 2.46

5-1(b) 5 1.44% 2.62 2.20 2.38

(a)-(b) -0.96% -1.99
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Table 4: Momentum Returns Controlling for Liquidity Loadings

This table reports the average returns of portfolios using a three-way sort based on momentum, liquidity loading, and the information uncertainty proxies in Zhang (2006). Each month,
stocks are first sorted into quartiles based on past 12 months return (excluding the previous month), and independently into quartiles based on liquidity loadings. Within each momentum-
loadings portfolio, stocks are further sorted into quartiles according to each of the information uncertainty proxies. Firm size (MV) is the market capitalization at the beginning of month t.
Firm age (AGE) is the number of years since a firm was first covered by CRSP. Analyst coverage (COV) is the number of analyst reports for the firm over the past year. Forecast
dispersion (DISP) is the standard deviation of analyst forecasts in month t-1, scaled by the previous year-end stock price. Cash flow volatility (CVOL) is the standard deviation of cash flow
from operations in the past five years (with a minimum of three years). Stock volatility (SIGMA) is the standard deviation of weekly excess returns for the past 52 weeks. The portfolios are
equally weighted and rebalanced monthly. The liquidity loading of each stock is computed from a time series regression of stock excess returns on the Fama-French three factors and the
liquidity factor. The sample includes NYSE-listed firms for the period from March 1983 to August 2001.

Panel A: MOM-Liquidity Loading/AGE Panel B: MOM-Liquidity Loading/COV
MOM Ranking  AGE Ranking Return T of Return MOM Ranking ~ COV Ranking Return T of Return
Low Liquidity Loading Low Liquidity Loading
1 1 0.55% 0.97 1 1 0.23% 0.40
0.43% 0.69 0.43% 0.77
0.73% 1.07 0.39% 0.73
4 0.42% 0.72 4 0.70% 1.25
4 1 2.44% 5.01 4 1 2.48% 4.96
2.56% 5.21 2.00% 4.60
2.05% 4.50 1.97% 437
4 1.98% 4.65 4 1.68% 3.66
1 1-4 0.13% 0.33 1 1-4 -0.47% -1.13
4 1-4 0.46% 1.47 4 1-4 0.80% 2.23
4-1(a) 1 1.89% 4.23 4-1(a) 1 2.25% 4.74
4-1(b) 4 1.56% 3.16 4-1(b) 4 0.98% 2.12
(a)-(b) 0.33% 0.69 (a)-(b) 1.27% 2.58
High Liquidity Loading High Liquidity Loading
1 1 0.71% 1.39 1 1 0.70% 1.47
0.80% 1.66 0.83% 1.87
1.22% 2.76 0.70% 1.52
4 1.15% 2.24 4 0.81% 1.79
4 1 2.04% 4.67 4 1 231% 5.66
1.99% 4.76 2.10% 5.15
2.25% 5.69 1.55% 3.81
4 1.68% 4.65 4 1.75% 4.46
1 1-4 -0.44% -0.9 1 1-4 -0.12% -0.30
4 1-4 0.36% 1.47 4 1-4 0.56% 2.19
4-1(a) 1 1.33% 3.51 4-1(a) 1 1.61% 4.29
4-1(b) 4 0.53% 1.13 4-1(b) 4 0.94% 2.64
(a)-(b) 0.80% 1.51 (a)-(b) 0.67% 1.60
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Table (cont’d)

Panel C: MOM-Liquidity Loading/CVOL Panel D: MOM-Liquidity Loading/DISP
MOM CVOL Return T of Return MOM DISP Ranking Return T of Return
Ranking Ranking Ranking
Low Liquidity Loading Low Liquidity Loading

1 1 0.79% 1.60 1 1 1.28% 2.61
0.38% 0.64 0.83% 1.61

0.69% 1.22 0.09% 0.16

1.02% 1.45 4 -0.69% -1.06

4 1 1.70% 4.14 4 1 2.42% 4.92
2.19% 4.78 2.16% 4.58

1.96% 3.97 1.92% 4.20

4 2.68% 4.83 4 1.48% 3.21

1 1-4 -0.23% -0.44 1 1-4 1.97% 4.92

4 1-4 -0.98% -2.54 4 1-4 0.93% 2.54
4-1(a) 1 0.91% 2.03 4-1(a) 1 1.13% 3.01
4-1(b) 4 1.66% 2.78 4-1(b) 4 2.18% 3.97
(a)-(b) -0.75% -1.32 (a)-(b) -1.04% -2.06

High Liquidity Loading High Liquidity Loading

1 1 1.17% 2.67% 1 1 1.73% 4.03
1.03% 2.53% 1.37% 3.05

0.97% 2.14% 0.67% 1.46

4 1.44% 2.01% 4 -0.47% -0.97

4 1 1.53% 4.18% 4 1 2.45% 5.74
2.07% 4.98% 1.86% 4.68

2.34% 5.29% 1.67% 4.14

4 2.16% 4.43% 4 1.33% 3.16

1 1-4 0.27% 0.43 1 1-4 2.20% 6.68

4 1-4 0.63% 1.76 4 1-4 1.13% 4.02
4-1(a) 1 0.36% 1.06 4-1(a) 1 0.73% 2.30
4-1(b) 4 0.72% 1.03 4-1(b) 4 1.80% 4.59
(a)-(b) -0.35% -0.50 (a)-(b) -1.07% -2.79
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Table (cont’d)

Panel E: MOM-Liquidity Loading/MV Panel F: MOM-Liquidity Loading/SIGMA
MOM MYV Ranking Return T of Return MOM SIGMA Return T of Return
Ranking Ranking Ranking
Low Liquidity Loading Low Liquidity Loading
1 1 -1.38% -1.64 1 1 0.55% 1.41
0.60% 0.94 0.68% 1.39
1.24% 2.21 -0.18% -0.29
4 1.74% 3.39 4 0.31% 0.30
4 1 1.83% 3.59 4 1 1.85% 5.26
2.11% 4.20 2.03% 4.84
2.63% 5.78 2.24% 4.42
4 2.49% 5.63 4 1.84% 2.92
1 1-4 -3.11% -4.59 1 1-4 0.24% 0.27
4 1-4 -0.66% -1.58 4 1-4 0.01% 0.03
4-1(a) 1 3.21% 4.95 4-1(a) 1 1.30% 4.02
4-1(b) 4 0.76% 1.70 4-1(b) 4 1.53% 1.66
(a)-(b) 2.45% 3.77 (a)-(b) -0.23% -0.27
High Liquidity Loading High Liquidity Loading

1 1 -0.75% -1.15 1 1 0.94% 2.67
1.07% 2.32 0.79% 1.92
1.50% 3.39 0.77% 1.56
2.07% 4.92 4 0.32% 0.48
4 1 1.51% 3.37 4 1 1.68% 4.97
1.96% 4.72 1.84% 4.70
2.10% 5.12 1.81% 4.17
4 2.43% 6.29 4 1.96% 3.54
1 1-4 -2.82% -4.78 1 1-4 0.61% 1.12
4 1-4 -0.91% -2.78 4 1-4 -0.28% -0.72
4-1(a) 1 2.26% 4.00 4-1(a) 1 0.74% 2.87
4-1(b) 4 0.36% 1.07 4-1(b) 4 1.64% 2.74
(a)-(b) 1.91% 3.25 (a)-(b) -0.89% -1.54
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Table 5: Pricing Momentum/Information Uncertainty-sorted Portfolios with Fama-Macbeth
This table reports the Fama-Macbeth coefficients and t-statistics for six sets of 5X5 momentum/information uncertainty proxy portfolios. Each month, stocks are first sorted into quintiles
based on the based 12 months return (excluding the previous month), and subsequently into quintiles based on each of the six information uncertainty proxies in Zhang (2006). The
portfolios are equally we LJKWHG DQG UHEDODQFHG PRQWKO\ 7LPH VHULHV UHJUHVVLRQV RI SRUWIROLR H[FHVV UHWXUQ\
required for the cross section. Subsequently, cross sectionalrHJUHVVLRQV RI SRUWIROLR H[FHVV UHWXUQV R Macticth dStithhtesldil @alddrd edtdbiB.FK PR QW
JXUWKHU WKH VWDQGDUG HUURUV DUH FRUUHFWHG IRU WKH VDPSO L QaJthtHHRdrhhFFtdri¢h thfge fAcoW: IMKID,\WNIIE) BIMIY, ¥nd 6 KD QN H
/,4 7KH VDPSOH FRiQed EvhWidmR/lardh<d 883 to August 2001.

Panel A: MOM/AGE Portfolios Panel C: MOM/CVOL Portfolios

MKT SMB HML /,4 Adj. R® MKT SMB HML /,4 Adj. R®
Premium 0.80% 6.68% Premium 0.69% 8.8%
T-Statistic 2.33 T-Statistic 2.02
Premium 0.90% 0.58% 60.73% Premium 0.50% 0.36% 40.09%
T-Statistic 2.28 2.14 T-Statistic 1.37 1.93
Premium 2.56% 1.10% 2.70% 74.93% Premium 1.48% -0.57% -2.54% 56.27%
T-Statistic 3.53 -1.65 -2.65 T-Statistic 2.41 -0.97 -2.82
Premium 2.39% -0.89% -2.16% 0.19% 76.37% Premium 1.03% -0.32% -2.11% 0.18% 61.72%
T-Statistic 4.97 -2.01 -3.43 0.91 T-Statistic 2.22 -0.67 -3.28 1.05

Panel B: MOM/COV Portfolios Panel D: MOM/DISP Portfolios

MKT SMB HML /,4 Adj. R® MKT SMB HML /,4 Adj. R®
Premium 0.09% 0.07% Premium -0.16% 0.11%
T-Statistic 0.27 T-Statistic -0.49
Premium 0.36% 0.54% 53.21% Premium 0.18% 0.66% 39.82%
T-Statistic 0.96 2.35 T-Statistic 0.46 2.29
Premium -0.93% 0.25% -2.07% 21.70% Premium 1.83% -2.04% -2.74% 92.49%
T-Statistic -2.41 0.79 -3.46 T-Statistic 3.32 -2.19 -4.72
Premium 0.51% -0.08% -0.27% 0.54% 57.21% Premium 2.00% -2.18% -2.78% -0.02% 92.52%
T-Statistic 1.38 -0.25 -0.49 2.35 T-Statistic 3.55 -2.67 -5.27 -0.05
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Table (cont’d)

Panel E: MOM/MYV Portfolios

MKT SMB HML /,4 Adj. R
Premium 1.46% 5.48%
T-Statistic 4.26
Premium 1.61% 0.43% 14.87%
T-Statistic 433 1.95
Premium 1.41% -0.60% -2.09% 65.81%
T-Statistic 3.92 -1.71 -4.09
Premium 2.78% -1.05% -0.85% 0.49% 74.02%
T-Statistic 7.54 -2.70 -1.62 1.91
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Panel F MOM/SIGMA Portfolios

MKT SMB HML /,4 Adj. R
Premium  -0.07% 0.30%
T-Statistic -0.22
Premium -0.21% 0.60% 82.30%
T-Statistic -0.53 2.12
Premium  0.69% -0.51% -1.93% 62.17%
T-Statistic 1.39 -1.01 -2.83
Premium  0.28% 0.28% -0.59% 0.52% 84.91%
T-Statistic -0.83 0.54 -0.88 2.03




Table 6: Pricing Momentum/Information Uncertainty-sorted Portfolios with GMM
This table reports the factor premia, t-statistics, and p-values from GMM tests using the optimal weighed matrix by Hansen (1982). Each month, stocks are first sorted into quintiles based
on the based 12 months return (excluding the previous month), and subsequently into quintiles based on each of the six information uncertainty proxies in Zhang (2006). The portfolios are
equally weighted and rebalanced monthly. The test portfolios consist of six sets of 5X5 momentum/information uncertainty proxy portfolios. The moment conditions are E[mR;]=0, where
m is the stochastic discount factor, and R;; is the portfolio i’s excess return in month t. The linear factor model specifies m=1-/ f[., where f; is the vector of demeaned risk factors. The
premia are computed as E[ffi’] /. The t-statistics Rl / D Q GvaleKidm $he overidentification test are also reported. The factors considered are the Fama-French three factors: MKT,

60% +0/ DQG /,4 7KH VD P S QisfedHim(Q fom\Matdh 1R83 th AGgust 2001.

Panel A: MOM/AGE Portfolios Panel C: MOM/CVOL Portfolios

MKT SMB HML /,4 P-value MKT SMB HML /,4 P-value

Premium 1.27% 0.23 Premium 3.54% 0.11
T-Statistic 3.89 T-Statistic 8.8
Premium 1.38% 0.19% 0.20 Premium 3.06% 0.73% 0.24
T-Statistic 2.99 1.89 T-Statistic 5.16 4.20
Premium 0.96% 0.05% -1.07% 0.22 Premium 1.73% -0.98% -2.85% 0.54
T-Statistic 0.49 -1.38 -2.01 T-Statistic -1.97 -5.75 -5.07
Premium 1.17% 0.24% -1.48% 0.24% 0.19 Premium 1.74% -0.88% 2.71% -0.06% 0.43
T-Statistic -0.44 -1.41 -2.60 2.34 T-Statistic -1.32 -5.34 -4.90 -0.71

Panel B: MOM/COV Portfolios Panel D: MOM/DISP Portfolios

MKT SMB HML /,4 P-value MKT SMB HML /,4 P-value

Premium 1.11% 0.08 Premium 3.57% 0.23
T-Statistic 4.18 T-Statistic 9.29
Premium 2.21% 0.51% 0.27 Premium 3.19% 0.27% 0.26
T-Statistic 471 4.17 T-Statistic 6.94 1.57
Premium 2.34% 0.69% 1.17% 0.38 Premium 2.35% -1.74% -2.30% 0.74
T-Statistic 7.62 4.79 5.62 T-Statistic 0.93 -5.16 -5.93
Premium 2.50% 0.67% 1.06% 0.42% 0.59 Premium 2.25% 0.60% -3.01% 0.43% 0.79
T-Statistic 6.98 4.30 5.77 2.71 T-Statistic -0.98 -1.87 -5.08 2.21
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Table (cont’d)

Panel E: MOM/MYV Portfolios

MKT SMB HML /,4 P-value
Premium 2.31% 0.15
T-Statistic 9.02
Premium 2.84% 0.43% 0.25
T-Statistic 6.69 2.66
Premium 1.67% 0.26% -2.29% 0.34
T-Statistic -0.31 -3.63 -5.67
Premium 1.43% 0.20% -1.89% -0.29% 0.27
T-Statistic 0.82 -2.61 -4.82 -2.43
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Panel F MOM/SIGMA Portfolios

MKT SMB HML /,4 P-value
Premium 1.93% 0.67
T-Statistic 473
Premium 1.90% 0.15% 0.63
T-Statistic 4.12 1.23
Premium 1.41% -0.53% 0.34% 0.84
T-Statistic 5.05 -0.63 2.28
Premium 1.44% -0.49% 0.31% 0.06% 0.80
T-Statistic 4.87 -0.55 2.30 0.26




