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Is the Accruals Quality Premium Really Only a Januay Effect?

ABSTRACT

Mashruwala and Mashruwala [2011] present evidenigat tpreviously documented
associations between accruals quality (AQ) andctb& of equity capital are driven by
returns in the month of January, consistent withxaloss selling effect. However, we argue
that controlling for potential biases arising fréomv-priced stocks and cash flow volatility is
essential when testing the seasonality of AQ pgicbecause the biased returns of low-priced
stocks are likely to be systematically related he tax-loss selling effect described by
Mashruwala and Mashruwala [2011], and the strorgp@ation between AQ, cash flow
volatility and stock returns. Consequently, we xaraine seasonality in the pricing of AQ
and find that (1) for samples excluding low-pricgtdcks, poor AQ firms outperform good
AQ in a number of non-January months and colleltiaEross non-January months; (2)
within this price-restricted sample, the pricinfeet of AQ outside January is concentrated in
firms with low market competition for their stoatpnsistent with an information asymmetry
explanation for the observed pricing; (3) when cletv volatility is controlled the AQ
premium is only marginally significant in Januabyt significantly positive in several non-
January months; and (4) there is a significant gx@mnium reflected in the implied cost of

equity capital. Overall, our results suggest th@ i8 a significant priced risk factor.



1. Introduction

Accruals quality (AQ) measures the extent to whacfirm's current period accruals map to
past, present and future operating cash flows. Ba®Q is implicitly a measure of the
extent to which published financial reports providéable information for the prediction of
firms' future cash flows, AQ may affect firms’ imfoation risk, and thus equity pricest
AQ does affect equity prices, there is a clearraial incentive for firms to seek to improve

the reliability of published earnings reports.

The question of whether accruals quaigyriced by equity markets, and whether any price
effect detected is attributable to risk, has irspiconsiderable interest among accounting
researchers in recent years. Francis et al. [208pprt that realized stock returns are
significantly correlated with firms' exposure to AQ quality factor variable. Core et al.
[2008], however, note that this result does notessarily imply that AQ is a priced risk
factor, and using a two-stage method find no ewdehat AQ is priced by equity markets.
However, Kim and Qi [2010] re-examine the pricingA®Q using an approach similar to
Core et al. [2008], but controlling for low-priceslocks, and find that AQ is not only a
significant priced risk factor, but that its prigireffect is stronger than that of risk factors
related to firm size and book-to-market. Finallyadiruwala and Mashruwala [2011;
hereafter, MM] examine seasonality in the pricirfigaocruals quality and find that the AQ
premium is driven almost exclusively by returnsoreed in January. MM argue that the
difference in realized returns between low and WA@hfirms arises largely because low-AQ
firms are more likely to be the subject of tax-lasspired selling which reverses in January,

and thus generates abnormal returns to the AQ healgi®lio in that month only.

In this paper, we test whether the apparent Jareféegt on the pricing of AQ remains after

controlling for the influence of low-priced stocéad the competitiveness of the market for a
firm's stock. These two factors have previouslynbebown to affect the relation between

returns and accruals quality, and there are sooadagnic reasons why both are conceivably
associated with the likelihood of tax-loss selliaggued to explain the January effect in
accruals quality pricing. We also control for thd#luence of cash flow volatility, which

affects stock returns and is highly correlated wi®, since higher cash flow volatility

! The circumstances under which information risk sthdue priced in the capital market is also the sabpf a
considerable and unresolved debate (e.g. Easle@afara] 2004], Leuz and Verrecchia [2004], Hugbeal.
[2007], Lamber et al. [2007]). For the purposé¢hié paper, we assume that at least some propantion
information risk arising from a firm's publishedreiags reports is non-diversifiable, and thus ptice



implies higher uncertainty in operating environmeaumhd thus greater accrual estimation

errors, which in turn, leads to poor AQ.

We exclude low-priced stocks because the realigadns of these firms are a biased proxy
for investors’ ex ante expected returns (Kim and[Z010]). Since it is not possible to
observe theex anteexpected returns directly, realized returns atenofused as a proxy
measure. Further, because low-priced stocks hageeater than random probability of
exhibiting negative annual returns, they are likidybe systematically associated with the
tax-loss selling that MM argue induces the Janwfgct in accruals quality pricing. After
excluding firms with a stock price less than $5vim consecutive months, we find that the
AQ premium is not restricted to January, but isepbsd in specific non-January months, and
collectively across all non-January months. Morgontantly, once cash flow volatility is
controlled, the AQ premium is only marginally sifycent in January, but significantly
positive in several non-January months. To tess#msitivity of our results to the AQ hedge
portfolio method, we also estimate Fama-Macbeth73]l9cross-sectional regressions of
realized stock returns on AQ, firms’ market betae sbook-to-market ratio and cash flow
volatility, and two stage cross-sectional regrassias per Core et al.(2008). Results from
these regressions confirm our main findings. W akst the association between the
implied cost of capital, calculated from the raatbetween analysts’ earnings forecasts and
current stock price, as an alternate proxyeioanteexpected returns, without controlling for

low-priced stock, and find a significant annual A@mium.

To investigate the economic nature of our obser€d premium, we conduct further
analysis by stratifying on the level of competititor a firm’s stock, which is argued to
influence the extent to which information asymmeshould be priced (Armstrong et al.
[2011]). If the AQ premium reflects the pricing ioformation risk, we expect the pricing to
concentrate in firms whose stock is subject totinaly low market competition. We rank
firms into market competition quintiles and examimdether the AQ premium varies
between the lowest and highest market competitiontiges across the year. After excluding
low-priced stocks, we find that the monthly AQ hedportfolio abnormal returns are
significantly positive for firms in the low comptin quintiles, regardless of whether
January returns are included in the sample. Momgawigen cash flow volatility is controlled,
the AQ hedge portfolio abnormal returns in Januaeynot significantly different from zero .
However, we still observe a significant AQ premiimseveral other non-January months,

across all months and all non-January months doledg. We detect no premium for AQ for



firms with high market competition, consistent witie low information risk expected for

these firms.

Our study contributes to the extant literature bgveing that the AQ premium is not purely a
January effect. Rather, AQ appears to be a sigmifipriced risk factor affecting the cost of
equity capital, after controlling for low-pricedosks or when using the implied cost of
capital as a proxy foex anteexpected returrsWe provide further evidence that the pricing
effect is significantly higher for firms stock fawhich there is a lower market level of
competition. Our finding that AQ is a significantiged risk factor validates the findings of
existing literature which use AQ as a proxy forommhation risk (e.g., Ecker et al. [2006],
Chen et al. [2007], Bharath et al. [2008], Kraaetl Shevlin [2009], Ashbaugh-Skaife et al.
[2009]) .

The next section discusses prior research andymatihesis development, Section 3 explains
the data and methodology and Section 4 presentgethdts. Section 5 reports several

robustness checks and we conclude in section 6.

2. Prior Research and Hypothesis Development

Whether AQ is priced is directly linked to whetheformation risk should be priced, which
remains the topic of considerable debate in théytoal literature.Traditional asset-pricing
theory (e.g., Fama [1991]) suggests that infornmatisk is diversifiable and should not affect
expected returns, but Easley and O’Hara [2004] ldpva multi-asset rational expectation
model in which firms with less public and more piter information have greater information
risk and higher expected retutnLeuz and Verrecchia [2004] show that investornated a
higher risk premium for poor-quality reporting basa poor-quality reporting creates
information risk between firms and their investodee [2006] demonstrates that poor
earnings quality affects the equity risk premium roggnifying fundamental risk. Finally,
Lambert et al. [2007] use a model in which the pien of accounting information

potentially affects real future production decispmand under certain conditions, the risk

2 Following Core et al. (2008), we caveat that aerahte explanation for all asset pricing testteftypes
performed here is that our candidate variable isetated with an otherwise unobserved risk factor.

* However, Hughes et al. (2007) argue that infornmatisk is priced in small economy but does notaft®st
of capital in an open economy.



attaching to this effect is not diversifiable. Rbe purpose of the current paper, we assume

that some portion of information risk is priced.

Existing empirical studies on whether accruals itpi& priced in the capital market present
inconsistent results, which reflect differencesnathod and sample employed. Francis et al.
[2005] study whether investors price accruals dqudly first constructing an AQ factor-
mimicking portfolio, which is equal to the differem between the monthly equal-weighted
portfolio returns of firms in the poorest two AQintiles and firms in the best two AQ
quintiles. They then use a time-series regressidirm’s realized return on the AQ factor
after controlling for the Fama-French three factgtama and French [1993]). Based on a
significant positive regression coefficient on tl&€-factor mimicking portfolio, they

conclude that AQ is a priced risk factor in theitalpnarket.

However, Core et aJ2008] argue that the method used by Francis ¢2@05] is not capable

of testing whether accruals quality is priced, amstead, use a two-stage cross-sectional
regression technique (2SCSR). In the first stagy #stimate a time-series regression of
excess returns for each firm against the contermgonas returns to the Fama-French three
factors and the AQ factdrin the second stage, a cross-sectional regressifirms’ excess
returns on the factor loadings from the first steégestimated. Core et al. [2008] report an
insignificant coefficient for the AQ factor loading the second stage, and thus conclude that
AQ is not a priced risk factor.

Kim and Qi [2010] contend that Core et al.’s resuaite tainted by their failure to control the
impact of low-priced stocks. They argue that irtibgswhether AQ is a priced risk factor,
low-priced stocks should be controlled or excludedause the realized returns of these firms
are biased proxies for the underlying variablentérest, theex anteexpected return. The
realized returns of low-priced stocks are argued b® biasedbecause of market-
microstructure induced effects such as larger bld-iases, liquidity effects, and other
transaction costs (Ball et al. [1995]). The sizetld bid-ask spread relative to price is
particularly large for low-priced stocks, which reeses the impact of any bid-ask bias. The
relative illiquidity of low-priced stocks can ledd infrequent trading, making it less likely
that newly released information is impounded ircktprices. Further, there is evidence that

the bias induced by these market-microstructurtofads most acute at the turn of the year

* Like Francis et al., to construct the AQ factore et al. rank firms into quintiles accordingheir AQ
value. The AQ factor is equal to the differencensetn the monthly equal-weighted portfolio returhfirms in
the poorest two AQ quintiles and firms in the besi AQ quintiles.



(Ball et al. [1995]), which is a common explanatfon the January anomaly (Bhardwaj and
Brooks [1992]). Kim and Qi re-examine the pricinfjeet of accruals quality using the
2SCSR method controlling for low-priced stocks ¢kwwith a price below $5 at the end of
two consecutive monthisgand find that accruals quality is a significaniced risk factor.
Moreover, its pricing effect is found to be strongfgan risk factors related to firm size and
book-to-markeét They provide further evidence that the pricinteef of AQ is associated

with proxies for fundamental risk.

Finally, MM examine seasonality in the pricing afceuals quality. MM use two methods to
formally test their contention that the pricingA® concentrates at the turn-of-the-year, and
reflects tax-loss selling rather than informatickr In their first test, they rank firms into AQ
deciles, and calculate the average monthly equajhted and value-weighted abnormal
returns to an AQ hedge portfolio long in the pob®® deciles and short in the best AQ
deciles. They then regress the average monthlyn®taf the AQ hedge portfolio on the
monthly Fama-French factors and the momentum fadtioe intercept from this regression
indicates whether AQ is priced in the stock marketheir second formal test, they estimate
cross-sectional regressions of the monthly retofnedividual firms against firms' AQ score
and other risk factors. Under both methods they firat the AQ premium is only observed in
January and argue that this concentration of retigrargely due to tax-loss inspired selling
late in the previous year, which ceases in Janaadyis likely to be more prevalent for low-
AQ firms. For the non-January months, firms witlopAQ, significantly underperform firms
with good AQ suggesting that AQ is not priced ocoasistent basis. MM conclude that AQ

premium is present only in January and that AQotsanpriced risk factor.

While MM present evidence that abnormal returnsA-based strategies do not exist
outside January, the juxtaposition of earlier fimgdi (Kim and Qi [2010], Ball et al. [1995])
suggest a possible qualification to MM’s resultdiich are based on unrestricted samples.
Kim and Qi [2010] show that, on average, AQ is gdiicf one controls for (or excludes) low-
priced stocks. Because existing literature shovas$ tloth the skewness in returns of low-
priced stocks (Ball et al. [1995]) and the bid-bsks (Keim [1989]), which is largest for low-

> Kim and Qi choose $5 as the threshold for classifyibw-priced stocks because (1) stocks with piéss

than $5 are defined as low-priced stock and exdudeasset pricing tests in prior studies (Jegduessl
Titman [2001], Chan et al. [2006], Bali et al.[@&)) and (2) in 1992, NYSE reduced the minimurk 8ze to
sixteenths for stocks under $5.

®kim and Qi sort firms into ten deciles AQ portfaicand construct the AQ factor using the monthiyrres on
the zero —investment portfolio by selling the b&percent AQ firms and buying the poorest 40 peré&
firms.



priced stocks, are greatest around the turn oyé¢lae, failure to control for low-priced stocks
may inflate the observed seasonality of returnddittonally, low-priced stocks are likely to
have systematically poorer AQ, because both stoide @nd AQ are positively correlated
with performance. Consequently, it is plausible tha observed concentration of AQ hedge
portfolio returns in January may partly reflectoavipriced stock effect.We thus state the

following hypothesis in null form:
H1: After controlling for low-priced stocks, the AXgemium exists only in January.

Asset pricing tests examine the relation betweeanteexpected returns and a proposed risk
factor. Many studies (e.g. Francis et al.[2005jreCet al. [2008], Kim and Qi [2010], MM,
[2011]) use realized returns as a measuremepk ainteexpected returns because ante
returns are not observed directly. As noted presliguealized returns are a particularly poor
proxy forex anteexpected returns in the case of low-priced stodks therefore also test the
relation between the implied cost of capital, eated using analysts forecasts and current
stock prices, as a proxy fex anteexpected returns, and AQ. If, as Kim and Qi argieae.

et al.’s results are affected by the biased medsetern of low-priced stocks, which obscure
the pricing effect of AQ, this bias should be Ipssnounced in tests using the implied cost of
capital. Implied cost of capital measures requirelyst coverage, which effectively
eliminates the most illiquid stocks, but also refypoint estimates of stock prices rather than
returns, which reduces the impact of measuremeisenoBecause we measure the implied
cost of capital in the month following the assumeldase of earnings (April), this measure is
logically independent of any extant January effédée thus state the following hypothesis in

null form:

H2: The implied cost of capital is not associatethvaccruals quality.

A number of studies have argued that the pricinqctiors associated with information varies
cross-sectionally according to the competitiveriddbe market for a firm's stock. Lambert et
al. [2007] argue that the pricing of informatioekiimplied by the Easley and O’Hara [2004]
model is affected by the number of traders. Whennilimber of traders is large, information

risk has no effect on firms’ expected return. Amosy et al. [2011] argue that the degree of

” MM acknowledge the potential biases imposed by wized stocks, but do not attempt to control fas th
their main tests, beyond reporting value-weighttdms. However, they do impose a $1 price threstvblen
replicating their main tests using daily, rathexrthmonthly, returns, and find that their results ot
significantly affected. In a footnote (p. 1358)yhsate that using a $5 threshold leads to sirml@rences for
their daily return tests, but they do not repoet itnpact of such sample restrictions in regardhéirtmain
(monthly return) tests.



competition for a firms’ stock (measured by the bemof discrete shareholders) is an
important factor in deciding whether informatiorymasnetry affects the cost of capital. They
further argue that as number of individual sharééi becomes small, traders recognise that
their demand affects price, and that this downvshoging demand curve is steeper for better
informed investors. To the extent that poorer aalsriquality increases the information
advantage enjoyed by relatively informed invest&®, should be priced. Conversely, where
the number of shareholders is very large, and pexdect competition obtains, AQ should not
be priced. Armstrong find that a range of proxies ihformation risk, including AQ, are

priced only for firms where market competitionasvl

Following the logic of Armstrong et al. [2011],AQ is priced outside the month of January,
and if this pricing reflects information risk, tipeicing of AQ should be conditional on the

level of market competition for a firm's stock. \&tate H3 in the null form:

H3: The pricing of AQ outside the month of Januaynot conditional on the level of

competition for a firm's stock.

3. Data and Methodology

3.1 DATA

Our sample includes all firms listed on the NYSBJERX, and NASDAQ with available data
during our sample period. We use CRSP to obtaintinipstock returns and price data, and
obtain annual accounting data and the number akbblders from Compustat. The Fama
and French [1993] factors, the risk—free rate, Hre@dmomentum factor are obtained from
Kenneth French’s websife.Earnings forecast data are obtained from theEl/B/Summary
History file. In the interest of comparability, ounain tests use the same sample period
(January 1971 to March 2008) as that used by MM, vbe: extend this sample in our

sensitivity tests.

3.2 SAMPLE: UNRESTRICTED AND PRICE-RESTRICTED

8 http://mba.tuck.dartmouth.edu/pages/faculty/keméh/data_library.htn{13.09.2011)




A key contention of this paper is that the realizeturns of low-priced stocks are biased
proxies for expected returns, and that this bidsast partly explains the concentration of AQ
hedge returns in January. Thus, our realized steitkns tests use two alternate samples: (1)
the full sample which includes all firms listed on the NYSE, AMEAnd NASDAQ with
available data during our sample period; (2) phnee-restricted samplewhich excludes

stocks with price less than $5 at the beginningvofadjacent months.
3.3 METHODOLOGY

3.3.1Measurement of AQ

Following prior studies (Francis et al.[ 2005], €oet al. [2008], Kim and Qi [2010],

Mashruwala and Mashruwala [2011]), we use the fiemiDechow and Dichev model

(McNicholls [2002]) to estimate AQ. AQ captures tin@pping of total current accruals into

operating cash flow after controlling changes ivereies and PPE. All variables are scaled

by average total assets. The model is describEdimn(1) below:

TCA},t djo,j +, @1,j CFq,t-1+ @2”1' CFq,t+ @3”1' CFq,H.]_ + @4,j ARe\;,t+ (1)
@5”1' PPE.t + &t
Where
TCA « total current accruals of firm j in year t, estied@as :
ACA+ - ACLj; - ACash; + ASTDEBT;
ACA;t change in current assets (ACBetween year t-1 and t;
ACLj; change in current liabilities (LCT) between yedrand t;
ACash; change in cash (CHE) between year t-1 and t;
ASTDEBT; change in debt in current liabilities (DLC) betwegyar t-1 and t;
CFO;; NIBE:— TA: = cash flow from operations in year t;
NIBE;; net income before extraordinary items (IB);
TA ACA - ACL: - ACash; + ASTDEBT; — DEPN; = total accruals;
DEPN; depreciation and amortization (DP);
ARey change in revenues (SALE) between year t-1 anakt; a
PPE; gross value of property, plant and equipment.

We winsorize total current accruals, cash flow froperation, the gross value of property,

plant and equipment, and earnings at the 1st atid @&centiles. Industries are defined

® Compustat variable names are reported in parezghes
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using the Fama and French [1997] 48 industry diaation. To be included in our sample,
firms must have at least seven years accountirggatat be a member of an industry with at
least 20 observations in a given year. We estinaateual cross-sectional regressions of
Equation (1) for each industry, which generatesifyear specific residuals,. Our accruals
quality (AQ) measure for firm j in year t is thestlard deviation of that firm's residuals from
year t-4 through year t. The resulting AQ scorarsinverse measure of accruals quality,
because a higher standard deviation of the resdogllies that the mapping of accruals to

cash flow is weaker.
3.3.2 Portfolio Construction

In any given month, we form ten AQ-sorted portfslimased on the most recently measured
AQ values, which are assumed to be available tqth®ic three months after firms’ fiscal
year-end month. For example, for a December figear-end firm, monthly returns from
April of year t+1 to March of year t+2 are assignetb one of ten deciles portfolios
according to its AQ value calculated in year t.

3.3.3 Testing for Seasonality in the AQ premium

Following MM, we compute monthly equal-weighted aradue-weighted portfolio returns.
We are less interested in the value-weighted refusacause these naturally emphasise the
returns of a small number of large firms, for whiaformation asymmetry is arguably less
likely to be priced, and which may not be represtw of the majority of firms in the market
(Armstrong et al. [2011], p. 9). Because our equalghted portfolios are re-balanced at
firms’ assumed reporting dates, rather monthly, bedause they are buy and hold returns,
they are not subject to bias due to the bid-asknbeyBlume and Stambaugh [1983]). We
also compute dollar-volume weighted returns whére weights are proportional to the
product of the closing stock price at the end ef phevious month and the number of shares
traded in the current month. We believe that thdskar-volume weighted returns better
measure the executable returns to a hedge strétd@pe long-run existence of an executable
hedge strategy suggests either market ineffici@m@n association between the variable that
defines the strategy and priced risk. This weightimethod should also better capture any
priced information risk because firm-months witmabmally high information flows should

experience greater trading volume.

19 Our results are unaffected if we use current metuhbk prices, or lag both price and quantity tcadéen
estimating our dollar volume-weights.
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To test whether accruals quality is priced, wet fiotlow MM and calculate the monthly AQ
hedge portfolio returnsk(y,, ), which is long in the highest AQ decile portfoéad short in
the lowest AQ decile portfolio. We then estimateegression of the monthly AQ hedge
portfolio return against the three Fama and Freflackors and the momentum factor. The
intercept (Jensen’s) from the time-series regression is used to tdsdtiaer AQ is priced,
e.g., a significant positive indicates that AQ is priced. The model is deszibh Equation

(2):

Rhp, t = aopt Bp(Rnt —Ry) + SpSMB + hpHML; +myMNT; + &p ¢ 2
Where
Ript = return on the AQ hedge portfolio for month t;
Rnt —R: = CRSP value-weighted market return less risk fa¢e for month t;
SMB = the return on the size factor-mimicking portboiin month t;
HML; = the return on the book-to-market factor-mimigkimortfolio in month
t; and
MNT; = the return on the momentum factor-mimicking faid in month t.

We also test a variant of this model, in which wid a cash flow volatility factor (CVFactor),
estimated as monthly returns on the zero-investrmerifolio created by buying the highest
40 percent cash flow volatility firms, and sellitfie lowest 40 percent cash flow volatility
firms, as an additional control. Cash flow vol&yilis calculated as the standard deviation of
a firm’s rolling 7-year cash flow from operationgfidted by average assets, e.g. all the
annual cash flows used in estimating firms’ AQ. @éatrol for cash flow volatility because
it is innately correlated with AQ, and may alsoyyradiosyncratic risk, which some recent
studies have associated with abnormal returns @nag. [2006, 2009], Jiang et al. [2009],
Doran et al. [2012]). Higher cash flow volatilitynplies higher uncertainty in operating
environment, causing greater accrual estimatioorgrevhich in turn could lead to poor AQ.

Our model after including cash flow volatility fact(CV factor) is described in Equation (3):
Where

CVFactor is cash flow volatility factor, and allhetr variables are defined as in Equation (2).

We denote equation (2) our ’base’ model andatan (3) our CVFactor model.

12



MM find that the AQ premium is only present in Janu Following MM, we test the effect
of seasonality on the pricing of accruals quakgstimating the intercept of equations (2) and
(3) using samples comprising: (1) all calendar msn{2) all non-January calendar months,
and (3) each calendar month separately. Againviatig MM, we conduct a second test of
the pricing of AQ through a cross-sectional regessf realized stock returns on AQ, firms’
market beta, size and book-to-market ratio, andvtdiae of cash flow volatility using the

three samples described immediately above.

In addition to tests of the form prescribed by MMe estimate two-stage cross-sectional
regressions similar to Core et al. [2008] and Kind &i [2010], for the month-specific
samples described above, and in which we contrdbfe-priced stocks. In this method, the
sign and significance of the coefficient for the A&gtor in the second stage regression is our

test of whether AQ is a priced risk factor.

We use Easton’s [2004] PEG and Modified-PEG (héeeaMPEG) models, based on 1 and
2-year ahead earnings, to measure the implied afosjuity capital. While Botosan et al.
[2010] argue that this model generates more reiaddtimates when long-term earnings
forecasts are used to estimate growth, our sampladwibe greatly reduced if we applied this
approach because of the relative dearth of 4 agdab-ahead forecastsEaston’s [2004]
PEG and MPEG models are estimated as per Equdtpasd (5) below:

"pEc = +/(eps, — epsy)/ Py (4)
TupEG = \/(epsz + rdps; —eps1)/ Py ®)
Where

rprc = Implied cost of capital;

eps, Median analyst earnings forecast for year t+1eoled

in April of year t;

" The number of available forecasts decrease mormatiniromeps, toepss: there are 133,334 (112,238)
firm-year observations farps, (eps,)from 1976 to 2011, while there are only 9,300 fiygar observations
for epss during this period. A similar reduction in the dable sample would occur if we were to use the
forecast dividend-adjusted variant of the PEG model

13



eps; = Median analyst earnings forecast for year t, oleskia
April of year t;
P, = Current actual price per share; and
rdps; = Analyst dividend forecast for year t

To calculatey,pg;, We use firms’ actual annual dividend as a proxy dnalysts’ forecast
dividend since the latter data item is only avddabfter 1993. We use COMPUSTAT to
obtain annual dividends per share (DVPSX_F) andisidhis variable by the adjustment
factor (ADJEX_F).We restrict our sample to firms with financial ye@nding in December

and with available dividend data.

We then use the following regression to test whelf@ is a priced risk factor as reflected by
the implied cost of equity capital. The regressguation is:

E(rt) =opt OC]_AQH_ + 0o, BETA.1 + 0!3LN(S|ZE}1 + a4LN(BM)t_1 + a5CVir.1 + €it . (6)

WhereE(ry) is rpec Of I'vipes, €Stimated using equation (4) or (5) respecti?eQ is firms’
accruals quality, estimated using equation BETAIs firm’s rolling market beta from the
CAPM model, estimated over the 60 months priohtodurrent monthSIZEis firms’ market
value of common equity (in million) calculated ascp times shares outstandingM is
firms’ book-to-market ratio)CV is firm’s cash flow volatility, estimated as th&asdard

deviation of the firm’s rolling 7-year cash flowofn operations deflated by average assets.

We assume that most firms' fiscal year ends in Déee, and thus we use analysts’ earnings
forecast in April in year t+1 to match firm’s AQ lua calculated in year t to keep consistent
with our former assumption that accounting datakai@vn to the market three months after
firms’ fiscal year end. Once more, cash flow wlitgt(CV) is included to control for likely
correlation between AQ and firm’s fundamental opetarisk.

2 We use the median value of earnings forecast imathgr pg;. Similar results are obtained if the mean
forecast is used.

14



3.3.4 Competition Level and AQ portfolio

Following Armstrong et al. [2011], we measure thearket competition for a firm’s stock
using the number of discrete shareholders, whichasgume to be positively related to
competition for firms’ stock. For each month in ygawe rank firms into quintiles according
to the number of discrete shareholders at fiscat-gad t-1. Since this yearly measure first
became available for a large number of firms ineJ@A75, our market competition sorted
portfolios are available for sample periods spagnlanuary 1976 to March 2008. Within
each market competition quintile, our AQ deciles @efined by a dependent sbit.

4. Empirical Results

4.1 SUMMARY STATISTICS

Table 1 reports descriptive statistics for the maariables used in our study. The
distributions of our variables are similar to thgsevided by MM (Panel A, Table 1). For
example, our mean (median) value of AQ is 0.04D34), compared to 0.046 (0.035)
provided by MM. We obtain 125,640 firm-year obseivas of AQ with the fiscal years

ending between 1970 and 2007. MM do not reportra-fiear sample size, but Core at al.
[2008] report a sample of 93,093 firm-year obsaovest of AQ over the fiscal years ending
between 1970 and 2001. For the years common tamdiiCore et al.’s sample periods, we
obtain 94, 974 firm-year observations. For our lietp cost of equity measure, we obtain
98,106 firm-year observations (47,766 for modiffeG) with sufficient data to estimate
rpee from April 1976 to April 2008. This sample in ounplied cost of equity regressions is
reduced to 35,149 (25,509 for modified-PEG) aftergmng with the available AQ data.

[INSERT TABLE 1 HERE]

4.2 ANAYLISIS OF AQ FACTOR RETURNS

Prior studies (Core et al. [2008], Kim and Qi [2])1€onstruct a factor mimicking portfolio
based on AQ (the 'AQ Factor') which is used iningsthether AQ is a priced risk factor.

13 We obtain similar results if we sort firms into Af@ciles independent of their market competition.
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Before conducting our formal tests of the pricinfigA®), we present descriptive analysis
based on the market returns to the AQ Factor, sadmponent returrs. To examine

whether there is an AQ Factor premium, we calcutate AQ Factor returns for: each
calendar month separately, all calendar months, akhdnon-January months, using

(alternately) the full sample and the price-resddcsample. Results are presented in Table 2.
[INSERT TABLE 2 HERE]

Table 2 shows average monthly portfolio returnstfa poorest 40 percent of firms ranked
by AQ (hereafter 'poor AQ firms'), the best 40 patcof firms ranked by AQ (hereafter
'‘good AQ firms') and the AQ Factor returns (thdeddnce between the returns on poor AQ
firms and good AQ firms). To calculate the portboteturns, we follow prior studies (Francis
et al. [2005], Core et al. [2008], Mashruwala andskruwala [2011]) and assign firms to
quintiles according to their AQ at the beginningeafich month. Portfolio returns for the
poorest (best) 40 percent AQ firms are calculatetha simple average of the equal-weighted
portfolio returns for AQ4 and AQ5 (AQ1l and AQ2). Wey-West standard errors with two
lags are used to calculate the t-statistics toecorfior serial correlation in monthly portfolio

returns.

In Table 2, Panel Ave replicate MM's study and show the AQ Factormetiand associated
t-statistics for the full sample. Our results amikar to those reported by MM (Column 3,
Table 2, p. 1360). The AQ Factor returns are aigyificantly positive in January, which
has average monthly returns of 4.53 percestat = 5.63, p<0.00), compared to average
January returns of 4.44 percemsfat = 5.2) documented by MM. The average monthly
returns are significantly negative for October &&tember with returns of -0.88 percent and
-1.00 percentt{stat = -1.71 and -2.30 respectively. For other calendar months, theage
monthly returns are not significantly different imazero. When the returns on all calendar
months are aggregated, the AQ Factor returns argnificantly different from zeroréturn

= 0.17%, t-stat = 1.0L When returns for all non-January months are egged, the AQ
Factor return is not significantly different fromerm (eturn = -0.23%, t-stat = -1.4R2 similar

to the results reported by MNefurn = -0.26%, t-stat = -1.51

4 To construct the AQ Factor, at the beginning @hemonth, the sample is ranked into AQ quintiles(iis
et al. [2005], Core et al. [2008]) or AQ decilesrtkand Qi [2010]). The AQ Factor return for the rtiors the
difference in equal-weighted returns between fimith the poorest 40 percent AQ and firms with tlest0

percent AQ.
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In Panel B of Table 2 we report the AQ Factor mguusing the price-restricted sample,
which excludes low-priced stocks. For this sample,do not observe a significant negative
return in any calendar month. Further, four of tiadendar months now have significantly
positive AQ Factor returns (Januargturn = 2.66%, t-stat = 4.5Februaryreturn = 1.00%,
t-stat = 1.68 May: return = 0.78%, t-stat = 2.1;7/Novemberreturn = 0.78%, t-stat = 1.60
Moreover, we observe a significant positive AQ daateturn when we aggregate either all
months' returnsréturn = 0.46%, t-stat = 3.08or all non-January months' returmstgrn =
0.26%, t-stat = 1.68 consistent with AQ being a priced risk factor.

An examination of the difference in AQ Factor remirbetween the full sample and the
restricted sample show that this discrepancy geltrin the returns of the low AQ firms. For
example, when all monthly returns are aggregatesiaverage difference in returns between
the full sample and the restricted sample is -@8%ent 1.51% vs. 1.84%fpr the poorest
40 percent AQ firms, while the difference is only04 percent1.34 % vs. 1.38 Ydor the
best 40 percent AQ firms. Since low-priced stoakes more likely to have poorer AQ (Kim
and Qi, 2010), we suggest that at least part ofdbeumented January AQ premium is due to
the bias in realized returns of low-priced stodks/en that the excluded low-priced stocks
are arguably more likely to have experienced pdeelines during the ye&r such stocks
would also be subject to greater tax-loss sellatg In the year, and this may shed light on
the strength of the seasonality in returns obsebyeMM. While these analyses follow prior
research, because the returns studied above areskwaidjusted, the associated tests are not

strictly tests of asset pricing.

4.3 AQ HEDGE PORTFOLIO ABNORMAL RETURNS

We formally test whether firms ranked in the pob®® decile outperform firms in the best
AQ decile by regressing the monthly AQ hedge ptdfceturn (return of AQ10 — return of
AQ1) on the Fama-French three factors and the mamefactor (as per Equation (2), the
“Base” model), and with cash flow volatility factg€CVFactor) as an additional control (as
per Equation (3), “With CVFactor” model). If thetercept, &) is significantly greater

than zero, firms with poorer AQ earn higher riskyated returns than firms with superior

AQ.

> During our sample period, 61% of the low-pricectEmhave non-positive returns, while only 48% dfeot
stocks have non-positive returns.
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Table 3 shows the equal-weighted, value-weighted dollar volume-weighted monthly
abnormal returns to an AQ hedge portfolio based@rdeciles (AQ10-AQ1) over the period
January 1971 through March 2008 for the full sam{anel A) and the price-restricted
sample (Panel B). For brevity, regression coeffitseon the Fama-French three factors and
momentum factor are not reported. To calculatehibege portfolio abnormal returns firms
are ranked at the end of each calendar month ietded according to their most recently
available AQ values, which are assumed to be &aik® the public three months after their
fiscal year-end month. The average monthly hedgdgho abnormal return is the intercept
in a time-series regression of the monthly hedgefg@m (AQ10- AQ1) returns on the
monthly Fama and French (1993) factoRs,{R;, SMB, HML) , the monthly momentum

factor (MNT) as per Equation (2), and adding thenthly cash flow volatility factor
(CVFactor) as an additional control as per Equati{@). Returns are expressed in
percentages. T-statistics are calculated using MéMest standard errors with two lags to

correct for serial correlation in monthly portfolieturns.
[INSERT TABLE 3 HERE]

Panel A shows that the full sample results are gemylar to those provided by MM (Table 2,
p. 1360) for our base model. Average hedge pootfi@iurns across all calendar months are
insignificantly different from zero (0.32% for equaeighted portfolio, and 0.12 % for value-
weighted portfolio per month), and of similar magde the MM’s reported returns (0.43%
for equal-weighted portfolio, and -0.01 % for vaklweighted portfolio per month). An
examination of the individual calendar monthly reti also appears to confirm MM’s
findings. That is, a significant AQ premium is ebged only in January, where the average
abnormal return is 6.55 percetdstat = 6.05 for equal-weighted portfolio, and 1.97 percent
(t-stat = 2.09 for value-weighted portfolios. For every othereralar month, abnormal
returns are insignificantly different from zero footh equal-and value-weighted portfolios.
For the aggregate non-January period, the equahied AQ hedge portfolio abnormal
monthly return is -0.31 percentgtat = -1.8§, which is statistically significantly different
from zero at 10 percent level. For the value-weigpertfolios, the abnormal return is also
negative (eturn = -0.18%), but statistically insignificantly different fromaero {-stat = -
0.89.

However, the results from the dollar volume-weighteortfolio (Column 5, Panel A) are

strikingly different. When all monthly returns aaggregated, we observe a significant AQ
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premium at the 1 percent levegeturn = 1.06%, t-stat = 3.45)The observed AQ premium
remains significant when January returns are excdudom the sampl@eturn = 0.82%, t-
stat = 2.70). A detailed examination of the individual calendapnth returns further
confirms that AQ premium is not restricted to Jagudut also exists in other calendar
months. For examplé&ebruary(return = 2.20%, t-stat = 1.80)May (return = 1.91%, t-stat

= 2.11), and Novembe(return = 1.31%, t-stat = 1.56xhibit significant positive returns
and no month has a significant negative returnheo AQ hedge portfolio. Intuitively, the
dollar volume-weighting should better proxy theures to an executable strategy than do the

traditional weights, because it is based on vattieadly traded®

When cash flow volatility factor (CVFactor) is adbdeas an additional control, the
documented Januanry AQ premium is significantly ucedi. For the equal-weighted
portfolio, the abnormal returns decrease from GBEent (Column 1, Panel Ajo 1.09
percent (Column 2, Panel A). For the value-weighpexditflio, we document a negative
abnormal returrfreturn = -0.16 percent , t-stat = -0.149nd for the dollar volume-weighted
portfolio, the abnormal return is postive but s@nificantly different from zerdreturn =
1.29 percent, t-stat = 1.08).

In summary, tests based on the full sample broeaihfirm MM’s finding that AQ premium

is only present in January for our base model. Hewefor the dollar volume-weighted
portfolio, our results show that AQ premium is nestricted to January, but is also observed
in other calendar months, and in aggregating acmssnon-January months. More
importantly, the January AQ premium is significgnteduced when cash flow volatility
factor (CVFactor) is added as an additional contsoiggesting that part of the January
premium reported in the base model likely refleébts underlying riskiness of low AQ firms,

rather than the quality of their accruals..

Panel B presents the AQ hedge portfolio abnorntarme using the price-restricted sample,
which test H1. It is apparent from Panel B that skasonality in returns observed is quite
different to that in the unrestricted sample. Catutnshows that the average abnormal return
over all months for the equal-weighted AQ hedgetfpbo is 0.91 percentt{stat = 5.23.
Further, while the highest calendar month AQ hepgefolio abnormal returns accrues in
January return = 3.82% t-stat = 5.88, significant positive returns are also earned in
February feturn = 1.07%, t-stat = 2.54 May (return = 1.16 percent, t-stat = 2.81

'®We obtain similar results if we weight portfoliog the one month or two month lagged dollar volume.
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Septemberréturn = 0.66%, t-stat = 1.78 and Novemberréturn = 1.27%, t-stat = 2.483
Thus, five out of twelve individual monthly returage positive and statistically significantly
different from zero. Moreover, all the individualomthly abnormal returns are positive,
which is in sharp contrast to the full sample rssufhe AQ hedge portfolio abnormal returns
for all non-January months are significantly pesitat the 1 percent level, with an average
monthly returns of 0.58 percefttstat = 4.46§. Column 2 shows that the average abnormal
return over all months for the equal-weighted AQldee portfolio is 0.74 percerft-stat =
8.05) when cash flow volatility factor (CVFactor) is at as an additional control. The
abnormal return is similar when January is excluidech the sampléreturn = 0.72 %, t-stat
=7.60). Moreover, a detailed examination of the indiadcalendar month abnormal returns
show that the highest abnormal monthly returnstexms Novembelreturn = 1.44 %, t-stat

= 4.81), followed by Februaryreturn = 1.03 %, t-stat = 3.80)Decembe(return = 0.93, t-
stat = 2.61),and May(return = 0.92, t-stat = 3.15) In contrast, the January abnormal
returns is only marginally significantly positivé 80 percent leve{return = 0.60, t-stat =
1.70).

Column 3 of Panel B shows results using value-wemiportfolios, which emphasise the
returns on the stocks of large firms. For valueghied portfolios constructed from the
price-restricted sample, there is no AQ premiurhegitin Januaryréturn = 1.32%, t-stat

1.44), across the whole yeéreturn = 0.21%, t-stat =1.0R or for all non-January months in
aggregateréturn = 0.0, t-stat = 0.0pfor our base model. However, we do find AQ pra&mi
in April (return = 0.97%, t-stat = 2.0Pand May (eturn = 0.85 %, t-stat = 1.62 Given that

value-weighted portfolios are likely to systemalticainder-emphasize the returns of firms
for which information asymmetry is generically liketo be reflected in price, we are

unsurprised by these results.

Column 5 and 6 of Panel B shows results using dattume-weighted portfolios, where we
observe a significant AQ premium when all monthturns are aggregatedeiurns =
0.83%, t-stat = 3.1)) and when all non-January monthly returns areegged eturns =
0.67%, t-stat = 2.58for our base model. Similar results are obtaifedour model with
CVFactor. Interestingly, for the individual monghieturns, we do not observe AQ premium
in January, AQ premia are present in Aprétgrn = 1.18%, t-stat = 1.8R May (eturn =
1.31%, t-stat = 1.7)1 August (returre 1.20, t-stat = 1.82, and Novemberréturn = 1.15, t-
stat = 1.69 for our base model, and in Ap(return = 1.48%, t-stat = 2.34)August(return
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=1.28 %, t-stat = 2.85)and Novembe(return = 1.19%, t-stat = 1.75jor our model with

CVFactor . This is further evidence that AQ is pdoutside the turn of the tax year.

In summary, our direct replication of MM generatesults consistent with their finding that
AQ is only priced in January. However, for our priestricted sample we detect significant
AQ premia for several months in addition to Januand collectively over the non-January
period for the AQ factor returns as well as theatgqueighted and dollar volume-weighted
hedge portfolios. Further, the documented Janéd&ypremium is significantly reduced

when cash flow volatility factor (CVFactor) is coolited. Moreover, abnormal returns in
several other months outperform those in January.

We conclude that MM'’s results that the AQ premiusnobservedonly in January are
sensitive to the inclusion of low-priced stocks tkalized returns of which are arguably poor
proxies for investors' required returns, and bytbng cash flow volatility as an additional
control, which is likely highly correlated with A@nd affects stocks returns. AQ appears to
be a significant priced risk factor, at least fqual-weighted portfolios, after controlling for
low-priced stocks; and for dollar volume-weighteattfolio, AQ is a significantly priced risk
factor for both the full sample and the restrictadnple. When CVFactor is controlled, there
is no January AQ premium for value-weighted andadololume-weighted portfolio for the
full sample or the price-restricted sample. For elqeal-weighted portfolio, the January AQ
premium is significantly reduced for the full sampksults, and becomes only marginally

significant for the price-restricted sample.
4.4 CROSS-SECTIONAL REGRESSIONS

The above results show that after controlling &w-priced stocks, AQ is a significant priced
risk factor when using equal-weighted or dollarwok-weighted AQ portfolios. To examine
whether our results are sensitive to the method,use conduct further analysis. First, we
use the single-stage cross-sectional approacheoFdma and MacBeth [1973] and regress
each stock’s monthly returns on the estimated A@e; market beta, firm size and book-

to- market ratio as per Equation (6):

Ri = a0+ aaAQia+ aoBETA .1+ 03LN(SIZE} 1+ auLN (BM);.1+ o5CVier + & (6)

Where
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Rit = firm’s monthly stock return;
AQ = firm’s accruals quality, estimated using equatib) (

BETA firm’s market beta from the CAPM model with valueighted market

return. Beta is the 60-month rolling beta, estirdateer the 60 months
prior to the current month;

SIZE = market value of common equity (price times shargstanding) on the
last trading day of the previous month; and

BM = book-to-market ratio. Book value is calculated & previous fiscal
year-end and market value is calculated on thettading day of the
previous month.

CVv = firm’s cash flow volatility, estimated as the standl deviation of the
firm’s rolling 7-year cash flow from operations téd by average

assets.

Panel A of Table 4 reports results using the falinple. Column 1 shows that when all
calendar month returns are aggregated, the regressefficient of AQ is not significantly
different from zerocoef. = 0.020, t-stat = 1.91Both SIZE and BM have their normal signs
and regression coefficients, which are significarifferent from zero at 1 percent level.
Consistent with Fama and French [1992], the regressoefficient of BETA is not
significantly different from zero. Column 2 showkat the January AQ premium is
significantly positive at the 1 percent level, wahregression coefficient of 0.33Bstat =
3.13. However, when January is excluded from the sanf@lolumn 3), the regression

coefficients for AQ is not significantly differeftom zero(coef. = -0.010, t-stat = -0.67).

[ INSERT TABLE 4 HERE]

Panel B of Table 4 shows the regression resultgyusie price-restricted sample. Similar to
the AQ factor and AQ hedge portfolio returns, whmn-priced stocks are excluded, the AQ
premium is observed not only in January, but aldemwall months' returns are pooled
(Coef.=0.049,t = 3.26 and when all non-January returns are poolmke{. = 0.032,t =
2.10.
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4.5 TWO-STAGE CROSS-SECTIONAL REGRESSIONS

In testing whether AQ is a priced risk factor, Cetal. [2008] and Kim and Qi [2010] use a
two-stage cross-sectional regression technique $ECONe follow their methodology to test
whether our findings still hold using this methodlhis approach estimates portfolio betas in
the first stage, and assigns the estimated betawlit@dual stocks in the second stage. To
mitigate the estimation errors of betas in thet fatege time-series regressions, we use the
portfolio approach introduced by Fama and Fren@92]. At the end of June of year t, all
firms are first ranked into 10 size portfolios aaling to their market value at that date.
Within each size decile portfolio, firms are funth@nked into 10 portfolios based on their
market to book ratio at the end of year t-1. Thus,obtain 100 portfolios for which equal —
weighted portfolio returns are calculated from Joflyear t to June of year t+1. Portfolios are
rebalanced every year. We then estimate betas fjucting a single time-series regression
for each portfolio using the model described by EQn

Ro.t - Rt = ao + Bi rmrr(Ru¢ - Rpt) + Bi, sMeSMB + fi pm HML +
Bi, AQ factorAQfactork + &, ¢
(7)

Where AQfactor; is the monthly return to the accruals quality daetimicking portfolio,
calculated as the difference between the monthixalegyeighted portfolio returns of firms in
the poorest two AQ quintiles and firms in the begd AQ quintiles.R,, is the monthly

equal-weighted portfolio returndll other variables are defined as in equation (2)

In the second stage, we assign the estimated tretaghe first stage to the individual stocks
in each portfolio to increase the test power (Fama French [1992]; Kim and Qi [2010]).

We then conduct a cross-sectional regression aSqeation (8):
Rt -Ret=4do+ il,éi,RM_RF"‘ AoBismp +23 Bipmi + 24 Biagfactor +AsLOW_priced 4, (8)

Wherep; is firm i’s beta for a specific risk factor estimated frame first-stage time-series

regression, and Low_Priced is a dichotomous vagiaidicating the presence of a firm with
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stock price less than $5 in two consecutive morithg. time-series average of the estimated
A; from equation (8) is the estimated risk premiunthe# corresponding risk factor. If the
time-series average of the estimafgdis statistically significantly positive, it impkethat

AQ is a priced risk factor.

To test whether the AQ premium is restricted touday, we conduct tests using samples
comprising: (1) all calendar months, and (2) alhidanuary months. Panel A, Table 5
presents the average estimated coefficients frafitst stage. For all calendar months, the
regression coefficient of AQ factor is significangositive at 1 percent leveCoef. = 0.149,
t-stat = 8.7). The regression coefficients of all other factbese the normal signs and all
are significantly different from zero at 1 percéntel. Column 2, Table 5 reports results for
all non-January months. When January is excludeth fthe regressions, the estimated
coefficient of AQ factor reduces from 0.149 to G1But is still significantly positive at 1 per
cent level(t-stat = 7.84) The regression coefficients of other factors thelaveragek? are

very similar to those using all calendar months.

Panel B, Table 5 presents results of cross-settiegaessions of individual firms’ excess
returns on factor betas estimated in the firgjestaegression. To test the sensitivity of the
results to low-priced stocks we estimate our se@age regressions both with and without a
dichotomous control indicating that the subjecinfihas a stock price less than $5 in two
adjacent months. Columns 1 and 2 present the aveeggession coefficients for a sample
comprising all calendar months. Consistent with Kind Qi’'s [2010] findings, when low-
priced stocks are not controlled, the average astichcoefficient of the AQ factor beta is not
significantly different from zeroQoef.= -0.009, t-stat = -1.29However, when low-priced
stocks are controlled, the average estimated coefti of the AQ factor beta is significantly
positive at the 1 percent leveldef. = 0.022t-stat = 3.65).More importantly, when January
is excluded from the regression, the average esinaoefficient of AQ factor is
significantly positive at 5 percent levelgef. = 0.015t-stat = 2.40).}" Similar results are
obtained if we add cash flow volatility factor (C&¢tor) as an additional control in both

stages of the regressions.

In summary, results from both our single stage smEctional regression and the 2SCSR
confirm our earlier findings that the AQ premiumnset restricted to January, but is also

71 we add the momentum and liquidity factors tai@ipn (7) and (8), qualitatively similar resulte a
obtained.
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observed across non-January months after congdtinlow-priced stocks. Taken together,
our results are consistent with AQ being a pridel factor, and that this pricing persists if

January returns are excluded, rejecting the nuthfof H1.

4.6 AN ALTERNATE APPROACH: AQ AND THE IMPLIED COSTOF EQUITY
CAPITAL

The tests reported thus far show that if low-pristmtks are excluded from the sample, AQ
appears to be a priced risk factor; otherwise, A premium is limited to January. The
rationale behind the exclusion of low-priced stoéksderived from the contention that
realized returns are a particularly poor proxytfue return required by investoes antefor
these firms. In testing whether AQ is a priced festor, prior studies use realized returns as
a proxy forex anteexpected return becausx antereturns are not observed directly.
However, the severe bias in realized returns ofpovmed stocks may obscure any pricing
effect of AQ. As an alternative to the exclusionl@iv-priced stocks from a regression of
realized returns, we use the implied cost of cipetstimated using analysts forecast earnings
growth, dividend, and current stock prices, asaxyifor ex anteexpected returns, without
controlling explicitly for low-priced stock® Our cost of equity tests use stock prices
observed at the beginning of April, and are thuaffected by any extant turn-of-the-year
effect.

Panel A, Table 6 shows results whegg,; is the dependent variable. Column 1 reports a
significant positive coefficient for AQ Qoef. = 0.522, t-stat = 8.98 Column 2 shows that
AQ remains significantly positive at the 1 perckvel (Coef. = 0.266, t-stat=5.03 even if
cash flow volatility (CV) is controlled, suggestitigat the impact of AQ is not purely driven
by its association with the inherent operating nskhe firm. Panel B, Table 6 shows results
whererypzc° is used to measure the implied cost of equitwuRe are qualitatively similar

to those in Panel A. Thus, our implied cost of gguegressions, which are not directly

' Less than 7% of stocks for which there is suffitiemalyst data to estimate cost of equity haveksgpoices
below $5. Our results are unaffected if we exclimse low-priced stocks from our implied cost afiigg
models.

91f we use analyst forecast dividend, rather ttnactual dividend, to estimatgz;, we only obtain a
useable sample for years after For years pri@0@s, there are 13 or fewer dividend forecastdahla in
I/B/E/S . The results using forecast dividends tigl smaller sample period are qualitatively samtb those
tabulated.
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affected by turn-of-the-year effects, support oarlier evidence that AQ is priced outside
January, rejecting the null in H2.
[INSERT TABLE 6 HERE]

4.7 THE ROLE OF MARKET COMPETITION IN THE PRICING P ACCRUALS
QUALITY

To bring further evidence to bear on the sourcéhefapparent AQ premium, we examine the
estimated premia across samples of firms for wthehimpact of information asymmetry on
stock prices is likely to vary. Armstrong et al.OfA] argue and find that information
asymmetry, and in particular accruals quality, &@smpact on the cost of capital incremental
to that of the Fama-French three factors when nmardmpetition is low, but that no such
effect exists when market competition is high. té@st the effect of market competition on the
pricing of accruals quality, we divide firms intaigtiles according to the level of market
competition for their stock, and test whether th® Aedge portfolio abnormal return is
significantly positive for portfolios in the highd@swest competition quintile. Following
Armstrong et al. [2010], we use the number of dhalders (Compustat Data CSHR) as our
proxy for market competitioff We divide firms into competition quintiles in year
according to their number of shareholders at thee adrtheir fiscal year end t-1. Firms with
the largest (smallest) number of shareholders leltm the highest (lowest) market
competition quintile. Because the number of shddse is only widely available from 1975,
our sample period for these regressions beginsamualy 1976. Again, we estimate our

regressions using the full and the price-restrisuple.

Table 7 presents the full sample results for egqaghted, value-weighted and dollar
volume-weighted monthly abnormal returns to an A€dde portfolio based on AQ deciles
for firms within the lowest market competition gtii@ (Panel A) and the highest market
competition quintile (Panel B). In testing whetliormation asymmetry affects the cost of
capital, Armstrong et al. use equal-weighted péd$oand find that information asymmetry
only affects cost of capital when market compatitis low. Results from Columns 1 and 2

in Panel A and B confirm Armstrong et al.’s findsng When all months are pooled, the

2 Armstrong et al (2011) note that this measureseasral limitations, including its insensitivity tiee
distribution of shareholdings across shareholdard,the imprecision with which the measure is ofeported.
Further, the number of shareholders and contempotenstock returns may be endogenously determined.
However, they note that the composition of the lmwnpetition quintile is relatively static over time
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equal-weighted AQ premium is significantly positig@onthly returns = 0.60 %, t-stat =
1.84) for firms within the lowest market competitionigtile (Panel A), while there is no AQ
premium (monthly returns = 0.10 %, t-stat = 0.B7or firms within the highest market
competition quintile (Panel B) for our base mod&imilar results are obtained when cash
flow volatility factor (CVFactor) are added as aidaional control. Consistent with MM, the
AQ premium appears to derive overwhelmingly frora lrge positive returns in January for
our base model. For firms within the lowest markempetition quintile, the abnormal
returns in January are significantly positive apdrcent level returns = 5.74 %, t-stat =
4.69, while for other calendar months, none of theinret are significantly positive. When
January is excluded from the sample, there is nopf&)nium detectedn{onthly return =
0.03 %, t-stat = 0.18 However, results are quite different when CVBads added as an
additional control (Column 2, Panels A and B). Tmormal returns in January become
insignificantly different from zero regardless dfet market competition level. For firms
within the lowest market competition quintile, thenuary abnormal returns are 0.54 percent
(t-sat = 0.42 Column 2, Panel A), and for firms within the hegih market competition
quintile, the January abnormal returns are 0.18qm(t-sat =0.26,Column 2, Panel B.

For the value-weighted portfolio (Column 3, Panalsand B), we only observe an AQ
premium in Januaryngonthly return = 3.21 %, t-stat = 3.4@&nd in May fhonthly return =
1.40 %, t-stat = 2.08for firms in the lowest market competition quiatfor our base model,
for all the other months, either individually okém together, there is no AQ premium. But
when CVFactor is added as an additional controll{@a 4, Panel A), the significantly
January AQ premium disappedrsonthly return = 0.02%, t-stat = 0.02)However, the AQ
premium remains in Maymonthly return = 1.40% t-stat= 2.23Further, we observe a

marginal significantly AQ premium in Octobeannthly return = 1.89%, t-stat = 1.80)

For our base model, the dollar volume-weighted fplot abnormal returns are notably
different for firms within the lowest market compiein quintile (Column 5, Panel A). We
observe a significant AQ premium regardless of Wwhetwe pool all months together
(monthly return = 2.05 %, t-stat = 3.9br all non-January months togetheropthly return

= 1.42 %, t-stat = 2.1p For the individual calendar months, the sigmifit January AQ
premium documented under equal-weighted and vaheghted portfolios disappears once
dollar volume is used to weight portfolio returisstead, we observe significant AQ premia
in May (monthly return = 8.48%, t-stat = 3.&and Augustrfionthly return = 5.37 %, t-stat
= 2.91). For firms in the highest market competitionrgike (Column 5, Panel B), we only
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observe a significant AQ premium in Mayp@nthly return = 1.79%, t-stat = 2.24In each
other month, across the year there is no AQ premisimilar results are obtained for our
model with CVFactor (Column 6, Panel A and B).

[INSERT TABLE 7 HERE]

Table 8 presents abnormal returns to an AQ hedgiopo for firms within the lowest
market competition quintile (Panel A) and the hgthmarket competition quintile (Panel B)
for the priced-restricted sample. The low-priceocks excluded are likely to include many
firms subject to low capital market competition,damhis significantly changes the
composition of our market competition quintile Bidan theory allows a cleaner test of the
impact of competition.

Column 1, Panel A shows that for the equal-weighgedfolio, there is a significant AQ
premium across all monthsnpnthly return = 1.24 %, t-stat = 4.4@Gnd all non-January
months (nonthly return = 0.89 %, t-stat = 3.34or our Base model. Calendar month
abnormal returns are significant in Januamofithly return = 4.17%, t-stat = 4.28May
(monthly return = 1.59%, t-stat = 1.90and Novembernfonthly return = 1.76 %, t-
stat=2.0Q. Column 2, Panel A shows results for the equathted portfolio for our model
with CVFactor. Again, we observe a significant A@mium across all monthsnonth
return = 1.07%, t-stat = 4.96)and all non-January montfreonthly return = 1.03%, t-stat =
4.42). However, the significant January AQ premium meaguunder the base model
(Column 1) no longe exigmmonthly return = 1.26 %, t-stat = 1.09nstead, we observe a
significant abnormal returns in May (monthly return 1.60%, t-stat = 2.39), October
(monthly return = 1.14%, t-stat = 2.23) and Novem@maonthly return = 2.74%, t-stat =
2.88), demonstrating the importance of controlliog cash flow volatility in examining the
pricing of AQ.

For the value-weighted portfolios (Column 3), thexe significant AQ premium in January
(monthly return = 3.57%, t-stat = 4.} 3and Novembernjonthly return = 1.60 %, t-stat =
1.90), and across all months collectiveind@nthly return = 0.57 %, t-stat = 1.831but not
across all non-January monttes our base modelFor our model with CVFactor, we only

observe a significant AQ premium in Novemfg@onthly return = 2.04, t-stat = 2.45).

The AQ hedge portfolio abnormal returns for thelatobolume-weighted portfolio (Column
5) report a significant AQ premium regardless ofettier we pool all months together

28



(monthly return = 1.52%, t-stat = 2.42or all non-January months togetherofithly return

= 1.23%, t-stat =1.78for our base model. Further, the previously olese concentration of
returns in January does not exist for the dollduw@-weighted portfoliorhonthly return =
2.01%, t-stat = 1.2p Instead, we document a significant AQ premiumMay (monthly
return = 4.19%, t-stat =2.00 August (onthly return = 4.30%, t-stat = 2.25and
November onthly return = 4.01%, t-stat = 1.97 Similar results are obtained when

CVFactor is added as an additional control.

Panel B of Table 8 presents results for firms witthie highest market competition quintile.
There is no AQ premium for value-weighted and dollalume-weighted portfolios either
across the year or for non-January months. Foretiual-weighted portfolios there is a
marginally significant AQ premium across the fudlay(monthly return = 0.37; t-stat = 1.73)
which does not exist if January is excluded frora sample for our base model. For our
model with CVFactor, there is no AQ premium acritesyear or for non-January months for
equal, value, and dollar volume-weighted portfliburther, the abnormal returns in January

are negative regardless of which methods we useight the portfolios.

Overall, our results suggest that for firms in keest market competition quintile, AQ is a
significant priced risk factor for equal-weighte@jue-weighted and dollar volume-weighted
portfolios. The pricing effect is more significafar the equal-weighted and dollar volume-
weighted portfolio. Furthermore, when January isleéted from the sample, the average AQ
premium reduces only slightly for the equal-weighsad dollar volume-weighted portfolio
for our Base model. More importantly, for the doN@lume-weighted portfolio, we observe
a significant AQ premium in May, August and Novembat not in January. For our model
with CVFactor, we do not observe a January AQ puemifor equal-weighted, value-
weighted and dollar volume-weighted portfolios. Hmer, AQ premium exists in several
other non-Janurary months for equal, value, anthdeblume-weighted portfolios. For firms
in the highest market competition quintile, on agg, there is no AQ premium. These results
are consistent with Armstrong et al.'s [2011] catin that factors affecting information
asymmetry between inside and outside investorgpaced only when the level of market
competition for firms' stock is low, and that tleiect is not singularly driven by turn of year

returns.

[INSERT TABLE 8 HERE]
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5. Sensitivity Tests

To maintain comparability with MM’s results, thengales in the tests conducted above end
in March 2008. We repeated our tests on samplend&teto December 2010 and obtained
gualitatively similar results. Our tabulated resutr implied cost of capital tests use prices
and analyst forecasts observed in April of eachr.y&a obtain qualitatively similar results if
we use analysts forecasts and prices observetathal calendar months.

Next, we replicate our main tests, varying theetlreshold at which low-priced stocks were
filtered to $4, $3, $2, and $1. The results gemeravere substantively similar to our
tabulated results when the $4 and $3 thresholde agplied, regardless of whether cash flow
volatility was controlled. The results generatecewhhe $2 and $1 thresholds were applied
were also similar to our tabulated results wherhciiew volatility was controlled, but

resembled the full sample results in the absendei®tontrol.

For firms in the lowest 20% and highest 20% ofrket competition, we also estimate
Fama-Macbeth [1973] cross-sectional regressiongealized stock returns on AQ, firms’
market beta, size and book-to- market ratio. Wd timat after controlling for low-priced

stocks, the coefficient of AQ is significantly ptvge at 1 percent levelJQoef. = 0.083, t-stat

= 3.77) for firms in the lowest market competition quiefiwhile for firms in the highest

market competition quintile, the coefficient of AQpositive but insignificant different from
zero Coef. = 0.028, t-stat = 1.15

To further investigate the sources of intra-yeariat®n in returns, we followed Sloan
[1996], and ranked firms into deciles accordindhe total current accruals (TCA) and total
accruals (TA). We find that the TCA hedge portfoabnormal returns (Return (TCAl-
TCAL10)) are not only significantly positive in Jary, but also in eight non-January months.
Similar results are observed for the TA hedge pbafabnormal returns.

We also replicated our tests using alternativeepfilter rules, including average price < $5,

either opening or closing price <$5 and any dalbsing price < $5. These replications
generated results similar to those tabulated.
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We also rank firms into size quintiles and calcilite AQ hedge portfolio abnormal returns
(return (AQ5-AQ1)) within each quintile. Our prigestricted sample tests show that for
firms in the lowest size quintile (in which the rafy of AQ10 firms are observed), the AQ
hedge portfolio abnormal returns are significanpysitive across the 11 month period

spanning February to December, under all thredgioriveighting methods.

6. Conclusion

This study contributes to the ongoing debate raggrashether accruals quality is a priced
risk factor (Francis et al. [2005], Core et al. 80} Kim and Qi [2010], Mashruwala and
Mashruwala [MM] [2011]). Our findings reconcile tfiedings of MM [2011], Kim and Qi
[2010] and Armstrong et al. [2011]. Confirming M#/'initial findings, our results show that
the AQ premium is observed only in January, whenithpact of low-priced stocks is not
controlled. However, after controlling for low-peid stocks, AQ becomes a significant priced
risk factor. We argue that controlling for low-pett stocks is essential when testing
seasonality of AQ pricing, because the biasedzedlreturns for these firms are likely to be
systematically related to the tax-loss selling ajuo induce the turn-of-year effect
documented by MM. We also find that the AQ hedgetfplio abnormal returns are only
marginally significant in January, but significanthositive in several non-January months
once cash flow volatility factor is added as anitoldhal control. We argue that in testing
whether AQ is priced, it is important to control fcash flow volatility because cash flow
volatility could affect stock returns and the ctatn between AQ and cash flow volatility is
likely to be high. Our results using the impliedstof capital as the measuremenegfante
expected returns confirm our findings that thera sgnificant positive relation between AQ

and the cost of equity capital.

This study also contributes to literature on tHatrenship between the level of competition
and information risk. Consistent with theories amgpetition and information risk (Lamber
et al.[ 2007], Hughes et al. [2007]), our studywhdhat the pricing effect of AQ is much
larger for firms in the lowest market competitionirgfile than firms in the highest market
quintile. For firms in the lowest market competitiquintile, AQ is a significant priced risk

factor, however for firms in the highest market gatition quintile, AQ is not priced.

This study also contributes to the increasing diiere that uses earnings quality as a proxy

for information risk. Our finding that AQ is a sifjoant priced risk factor validates the
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findings of existing literature that AQ is a prokyr information risk. This study, however,
notes the importance of controlling for low-pricetbcks and this issue may need to be

considered by studies using AQ as a proxy for mgdron risk.

Consistent with studies of this type, there areesgJimitations to consider when interpreting

our results. First, our observed relation may retchusal. That is, AQ could be correlated
with another unobserved risk factor that drives dhserved premia. Second, the firms for
which AQ is measurable are subject to a selectian, bn that seven consecutive years of
financial statement data is required to generath &an-year measure. Finally our results are
sensitive to the method use to weight portfolibeugh we believe that the value-weighted
returns are inherently less-likely to reflect pramattaching to information asymmetry,

because they emphasise the returns of a small nuofbgery large firms for which

information asymmetry is less likely to be priced.

We suggest two avenues for future research. Ritstnative proxies for the quality of firms’
earnings reports, and the seasonality of theifmgimay be considered. In particular, proxies
which require a single year financial statementdatly, will naturally be subject to less
severe selection bias. Second, the specific accre@amnprising the Dechow-Dichev AQ

model could be examined to measure the relativ@itapce and seasonality of their pricing.
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TABLE 1
Descriptive Statistics

Mean Std.Dev. Q1 Median Q3

AQ 0.047 0.04 0.02 0.034 0.06
BETA 1.104 0.691 0.646 1.042 1.464
SIZE 1365.86 5305.28 25.1 112.34 608.52
BM 1.246 3.851 0.311 0.594 1.078
PRICE 18.57 17.52 5.50 13.50 26.25
Ccv 0.072 0.060 0.034 0.056 0.090
Theg (Median) 0.133 0.098 0.088 0.112 0.152
Tmpeg (Median) 0.143 0.116 0.098 0.121 0.161

AQ is firms’ accruals quality, estimated using equation BETAis firm’s rolling market beta from the CAPM
model, estimated over the 60 months prior to theecti month;SIZEis firms’ market value of common equity
(in million) calculated as price times shares tautding;BM is firms’ book-to-market ratioCV is firm’s cash
flow volatility, estimated as the standard deviatiof the firm's rolling 7-year cash flow from op&oms
deflated by average assets, e.qg. all the cashfflmw operations used in estimating firms’ AQr,., is implied
eps,—eps;
0
median value of analyst earnings forecast for geamnd 1, respectively; ang, is current actual price per share;
TmpeglS another measurement of implied cost of capitalculated using Easton [2004] model: r=

\/ (eps, — rdps, — eps;)/P, , wheredps, is analyst forecasted dividend for year 1 (we ugedactual
dividend in year 1 instead of the forecasted dimtl, since we only get meaningful number okeolstions
from 2003 if we use the forecasted dividend).

cost of equity capital, calculated using Easton0@Omodel: r = , Where eps, andeps; is the

All variables other thanr,,, and 7,,,., are winsorized at the 1st and"99ercentiles. FOAQ , BETA, SIZE,
BM and PRICE the sample period covers from January 1971 tocM&008. We obtain 125,640 firm-year
observations of AQ over our sample period withdlsgears ending between 1970 and 2007. EQE , Tinpeg:
andCV, the sample spans 1976 to 2008, because analgstiit data is first available in 1976.
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Average Monthly Portfolio Returns of High and Lo® Birms

TABLE 2

Panel A: Full Sample

MONTH Low AQ Firms High AQ Firms AQ Factor Returns
Ave Return t-stat Ave Return t-stat Ave Return  t-stat
January 8.52 x** 5.55 3.99 *** 3.57 453 *** 563
February 2.37 *** 2.44 1.44 *** 2.58 0.93 1.51
March 155 ** 2.08 1.78 *** 3.8 -0.23 -0.59
April 1.14 1.47 1.62 *** 2.71 -0.48 -1.18
May 1.9 * 2.18 1.54 *** 2.69 0.36 0.87
June 1.04 1.51 1.06 ** 2.02 -0.02 -0.05
July -0.25 -0.33 0.21 0.37 -0.46 -1.61
August 0.27 0.25 0.75 0.89 -0.48 -1.22
September -0.46 -05 -0.28 -0.38 -0.19 -0.65
October -0.9 -0.58 -0.02 -0.01 -0.88 * -1.71
November 1.68 1.36 1.84 ** 2.11 -0.15 -0.27
December 1.04 1.33 2.04 *** 3.71 -1 -2.3
All Months 1.51 *** 4.25 1.34 *** 5.64 0.17 1.01
(N = 447)
Non-January Months 0.86 *** 2.5 1.09 *** 4.67 -0.23 -1.42

(N = 409)
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Table 2 Contd.
Panel B: Price-Restricted Sample

MONTH Low AQ Firms High AQ Firms AQ Factor Returns
Ave Return t-stat Ave Return t-stat Ave Return t-stat
January 5.97 *** 4,67 3.32 ***  3.09 2.66 *** 45
February 2.39 ** 267 1.39 *** 2.6 1 * 1.68
March 1.82 *** 2.62 1.8 *** 3.89 0.03 0.07
April 1.64 ** 2.11 1.76 *** 294 -0.12 0.31
May 2.29 ** 284 1.5 *** 2.7 0.78 ** 2.17
June 153 ** 2.1 1.17 ** 2.29 0.36 0.88
July 0.01 0.01 0.23 0.39 -0.23 0.87
August 0.88 0.84 0.88 1.07 0 0.01
September 0.11 -0.13 -0.19 -0.27 0.08 0.32
October 0.07 0.04 0.27 0.23 -0.19 0.34
November 2.78 ** 2.37 2 ** 2.37 0.78 * 1.6
December 2.72 *** 361 2.35 *** 4.3 0.37 1.07
All Months 1.84 ** 555 1.38 ***  6.02 0.46 ***  3.08
(N = 447)
Non-January Months  1.46 *** 4.37 1.2 *»** 526 0.26 * 1.68

(N = 409)

* *x ndicate statistics significance at the Ol percent, 5 percent, and 1 percent levels (tweethi

respectively.

This table presents the average monthly equal-weighortfolio returns for the poorest 40 percent #@s,
the best 40 percent AQ firms and AQ Factor retufiescalculate the portfolio returns, at the begignof each
month, firms are ranked into quintiles accordingheir AQ. Portfolio returns for the poorest 40qet AQ
firms is calculated as the simple average of theakgeighted portfolio returns for AQ4 and AQ5, gattfolio
returns for the best 40 percent AQ firms is calmdaas the simple average of the equal-weightetfgtior
returns for AQ1 and AQ2. The monthly AQ Factor ratuare calculated as the different between thegsvd0
percent AQ firms and the best 40 percent AQ firividdd by two. Newey-West standard errors with tegs
are used to calculate the t-statistics to correctsgrial correlation in monthly portfolio returnBhe sample
period is from January 1971 to March 2008.
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TABLE 3

Average Monthly AQ Hedge Portfolio Abnormal Returns
Panel A: Full Sample

(AQ10-AQ1)
Equal-Weighted Value-Weighted Dollar Volume-Weighted
Base With CVFactor Base With CVFactor Base With CVFactor
Month Intercept t-stat Intercept t-stat Intercept -stet  Intercept t—sta|t Intercept t-stat Intercept -stat
(€] 2 3) (4) ®) (6)
January 6.55 6.05 1.09 = 2.85 1.97 = 2.09 -0.16 -0.14 2.47 = 1.93 1.29 1.08
February 0.79 1.41 0.7 1w 3.07 0.34 0.46 0.32 0.44 2.2G 1.80 2.19 = 1.78
March -0.45 -1.31 -0.22 -1.1p 0.31 0.42 0.31 044 601 1.40 1.66 151
April -0.18 -0.37 0.26 1.06 0.05 0.09 0.26 044 40.7 0.88 1.03 1.19
May 0.12 0.27 -0.20 -0.98 0.80 1.21 0.63 0[99 1.94 2.11 1.73 = 1.89
June -0.57 -1.37 0.14 0.45 -0.66 -1.20 -0.16 -0.29 -0.89 -1.00 -0.44 -0.52
July -0.05 -0.12 0.18 0.6p 0.02 0.02 0.33 0.43 0.37 0.32 0.58 0.48
August -0.76 -1.93 -0.47 * -1.99 -0.33 -0.58 -0.24 -0.42 1.24 1.45 1.30 1.55
September 0.22 0.57 0.14 0.62 -0.47 -0.48 -0.54 61-D. 1.00 0.95 0.91 0.94
October -0.19 -0.44 -0.12 -0.47 -0.22 -0.35 -0.18 0.29 0.34 0.37 0.40 0.44
November -0.52 -0.78 -0.26 -0.95 0.14 0.26 0.25 604 131 = 1.56 1.32 1.56
December -1.40 -1.73 -0.65 -1.76 -0.01 -0.02 0.26 0.37 0.91 0.81 1.27 1.05
All Months 0.32 1.28 0.03 0.3D 0.12 0.49 -0.02 101 1.06 = 3.45 0.94 3.21
(N=477)
Non-January
Months -0.31 + -1.86 -0.10 -1.14 -0.18 -0.88 -0.07 -0.36 0.82+ 2.70 0.93 = 3.07
(N=409)
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Table 3 Contd.
Panel B: Price —Restricted Sample

(AQ10-AQ1)

Equal-Weighted

Value-Weighted

Dollar Volume-Weighted

Base With CVFactor Base With CVFactor Base With &Factor

Month Intercept t-stat  Intercept t-stat Intercept -stet  Intercept t-stat Intercept t-stat  Intercept -stat
1) 2 3) 4) 5) (6)

January 3.82 s 5.88 0.60 = 1.70 1.32 1.44 0.02 0.02 1.59 1.45 0.50 0.37
February 1.07 w= 2.54 1.03 wx 3.80 0.40 0.58 0.39 0.56 1.37 1.43 1.35 1.42
March 0.44 1.27 0.61 #= 3.29 0.30 0.48 0.31 0.52 0.65 0.75 0.71 0.86
April 0.47 1.44 0.77 » 3.57 0.97 = 2.29 1.18 = 2.50 1.18 = 1.82 1.48 = 2.34
May 1.16 = 2.81 0.92 3.15 0.85 = 1.62 0.77 1.44 1.31+ 1.71 1.23 1.54
June 0.07 0.17 0.71» 2.25 -0.07 -0.13 0.26 0.44 0.39 0.45 0.73 0.89
July 0.51 1.34 0.66 = 2.00 0.53 0.71 0.76 1.06 0.94 0.81 1.25 1.13
August 0.09 0.25 0.30 1.04 -0.04 -0.07 0.08 Q.14 201+ 1.82 1.28 = 1.93
September 0.66 * 1.78 0.62 = 1.92 0.00 0.00 -0.06 -0.08 0.99 0.95 0.92 0.95
October 0.56 1.27 0.61+ 1.75 -0.69 -1.20 -0.66 -1.08 -0.52 -0.55 -0.48 90.4
November 1.27 = 2.43 1.44 4.81 -0.23 -0.43 -0.13 -0.27 1.15 1.66 1.19 = 1.75
December 0.52 0.98 0.93+ 261 0.27 0.45 0.42 0.71 0.37 0.38 0.55 0.55
All Months 0.91 = 5.23 0.74 = 8.05 0.21 1.02 0.10 0.59 0.83 3.10 0.72 2.85
(N=477)
Non-January
Months 0.58 = 4.46 0.72 7.60 0.00 0.00 0.08 0.48 0.6 7 2.53 0.76 »= 2.85
(N=409)

* *x *xxndicate statistics significance at theOlpercent, 5 percent, and 1 percent levels (twedgirespectively.

Firms listed on the NYSE, AMEX and NASDAQ with aladile AQ measures are ranked into one of ten decitfolios at the end of each month accordinchtrtmost

recent AQs. The hedge portfolio is formed by bgyiinms in the poorest AQ decile (AQ10) and sellfivgns in the best AQ decile (AQ1). To calculate tiedge portfolio
returns, the average monthly equal-weighted , valeighted and dollar volume-weighted abnormalnmetion the hedge portfolios are regressed on tiehty Fama and
French [1993] factorsR,-Rr, SMB, HML) and the monthly momentum factor (MNWY.e name this model as “Base” model. Our secondeinsdbased on the “base”
model, but add cash flow volatility factor (CVFagtas an additional control. The intercept fronsttime-series regression is the average monthlgénpdrtfolio abnormal
returns. Returns are presented in percentage.tistisis are calculated using Newey-West standaroremith two lags. The sample period covers franuary 1971 to

March 2008.
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TABLE 4

Fama-MacBeth Cross-Sectional Regression of Retagasist Risk Factors

Ri= ag+ o1 AQt—l + 0oBETAL1 + 0!3LN(S|ZE)1 + 0!4LN(BM)t_1 + a5 CVi1 + &t

Panel A: Full Sample

All Months (n = 447)

January (n = 38)

Non-January Months (n = 409)

(1) (2 3)

Coef. t-stat Coef, Lstat Coef. Lstat
Intercept 0.038 *** 4.81 0.226 *** 6.81 0.020 ** 2.69
AQ 0.020 1.21 0.333 ** 3.13 -0.010 -0.67
BETA 0.000 0.05 0.020 ** 3.3 -0.002 -1.27
In(SIZE) -0.001 *** 3.1 -0.011 *** -6.23 0.000 -0.77
In(BM) 0.003 ** 3.94 0.017 ** 4.25 0.001 ** 2.25
cV -0.011 -1.49 0.121 ** 4.36 -0.023 ** -3.23
Adj. RSQ 0.039 0.093 0.034

Panel B: Restricted Sample

All Months (n = 447)

January (n = 38)

Non-January Months (n = 409)

(1) (2) (©)

Coef. Lstat Coef. Lstat Coef. t-stat
Intercept 0.056 *** 7.26 0.183 *** 6.09 0.045 *** 5.83
AQ 0.049 **=* 3.26 0.240 *** 3.39 0.032 ** 2.1
BETA 0.001 0.52 0.020 *** 3.2 -0.001 -0.58
In(SIZE) -0.002 *** -5.77 -0.009 *** -5.54 -0.002 *** -4.28
In(BM) 0.002 *** 3.11 0.015 *** 3.35 0.001 1.61
Ccv 0.005 0.64 0.090 *** 4.13 -0.003 -0.34
Adj. RSQ 0.047 0.091 0.042

* xx  **¥ndicate statistics significance at the Ol percent, 5 percent, and 1 percent levels (tweetqi

respectively.

This table reports the mean values of the annwmsesectional regression coefficient estimatesimdxafrom

regressing firms’ monthly returns on AQ, firms’ rket beta, In(SIZE) , In(BM) , and cash flow voldyi (CV)

using the full sample (Panel A) and the restricgachple (Panel B).

Book value and AQ are matchéadl i

returns three months after the fiscal year-end. eAplanatory variables are winsorized at the @erand 99

percent levels.

covers from January 1971 to March 2008.

T-stat are calculated using NeWegt standard errors with two lags.

The sampléoger
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TABLE 5

Two-Stage Cross-Sectional Regression Tests

Panel A: First-stage regression: Time-Series regre®ns of Contemporaneous Excess
returns on Factor Returns

Ro.t - Rt = ao + Bi rmrr (Ru¢ - Rpt) + Bi, sMeSMB + i pm HML +
Bi AQ factorAQfaCtoE + &it

All Months Non-January Months
1) 2)
Coef. t-stat Coef. t-stat
Intercept 0.000 1.11 0.000 0.03
Ryt — Rpy 0.960 *** 61.12 0.960 *** 58.93
SMB 0.518 *** 19.57 0.546 *** 21.29
HML 0.378 *** 9.59 0.341 *** 9.2
AQ factor 0.149 *** 8.71 0.124 *** 7.84
R? 0.814 0.794

***|ndicate statistics significance at the 1 pertivels (two-tailed).

This table reports the mean coefficients and n®Famf 100 time-series regressions of size and bookarket
portfolios’ current monthly excess return (stoekurn less the risk-free rate) on the Fama-Fréighke factors
and the AQ factor for all months (Non-January MaitiAs in Fama and French [1992], firms are fiestked

into 10 size portfolio according to their marketiue at the end of June at year t, within each dieile

portfolio, firms are further ranked into 10 portobased on their market to book value at yearRéektfolios are
rebalanced every year, and beta of the portfoliescamputed using the whole-period retuRg. - Ry is the

monthly CRSP value-weighted market return minusrisle-free rate; SMB is the monthly return on thiees
factor-mimicking portfolio; HML is the monthly retn on the book-to market factor mimicking portfoland

AQ factor is the monthly return to the accrualsligydactor-mimicking portfolio. T-stat are calated based
on the standard error of the 100 size and bookatket portfolios coefficient estimates for all nios (Non-

January Months). The sample period covers fromalgni971 to March 2008.
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Table 5 Contd.

Panel B: Second Stage Regression: Cross-Sectionafjressions of excess returns on

factor betas

Rt -Ret=4do+ il,éi,RM_RF"‘ AoBismp +23 Bipmi + A4 Biagfactor +AsLOW_priced +y;

All Months Non-January Months
Model 1 Model 2 Model 3 Model 4
1) (2 3) (4)

Coef. t-stat Coef. t-stat Coef. t-stat Coef. t-stat
Igtercept 0.032 *=*  10.70 0.048 ek 15.34 0.031 *** 10.31 0.051 **  16.15
ﬁivRM—RF -0.023 **  -6.65 -0.037 ek -10.24 -0.024 -6.63 -0.040 ** -109
ﬁi,SMB -0.002 -1.30 -0.004 okk -2.61 -0.005  *** -2.66 -0.007 **  -4.10
ﬂAi,HML 0.005  *** 3.27 0.008 ok 5.32 0.003 * 1.67 0.005 **  3.38
ﬁi,AQfactor -0.009 -1.29 0.022 ek 3.65 -0.027 rxx -4.11 0.015 ** 2.40
Low_Priced -0.028 okk -16.68 -0.033 *==* -23.79

Adj. R? 0.021 0.028 0.019 0.026

* *x ndicate statistics significance at the Ol percent, 5 percent, and 1 percent levels (tweethi

respectively.

This table presents the average month-by-montésesectional regression coefficients of firm-sfieexcess
returns on full-period factor betas using Fama —Bgh’s [1973] two-pass methodology. The full-Pdrlzetas
are estimated from the first-stage multivariateetiseries regression model of 100 portfolio excessrm on
Fama-French three factors and the AQ factor framudry 1971 to March 2008. Low_Priced is a dichatosn
variable indicating the presence of a firm withckt@rice less than $5 in two consecutive monthdj. R? is

the average adjustétf of the month-by-month cross-sectional regressions.
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TABLE 6
Regression of Implied Cost of Equity Against Ris&térs

E(rt) =0pt OC]_AQH_ + 0o BETA.1 + 0!3LN(S|ZE}1 + a4LN(BM)t_1 + a5CVir.1 + it

Panel A: Usingr,.4 as Dependent Variable

Model 1 Model 2

1) (2)
Coef. t-stat Coef. A-stat
Intercept 0.300 *** 18.04 0.266 *** 16.74
AQ 0.522 *** 8.78 0.266 *** 5.03
BETA 0.031 *** 11.43 0.027 *** 11.28
In(SIZE) -0.010 *** -12.14 -0.008 *** -10.92
In(BM) 0.022 *** 7.28 0.024 *** 7.84
cVv 0.262 *** 9.29

Adj. RSQ 0.213 0.227

N 35,149

Panel B: Usingr,,.4 as Dependent Variable

Model 1 Model 2
(1) 2)
Coef. LA-stat Coef. A-stat
Intercept 0.273 *** 18.45 0.244 *** 17.55
AQ 0.643 *** 4.00 0.417 ** 2.10
BETA 0.021 *** 7.09 0.018 *** 6.77
In(SIZE) -0.007 *** -9.24 -0.006 *** -8.05
In(BM) 0.027 *** 7.94 0.028 *** 8.31
Ccv 0.226 *** 4.21
Adj. RSQ 0.169 0.184

N 21,509

*** ** Indicate statistics significance at the lpent and 5 percent levels (two-tailed) respedcfivel

This table reports the mean values of the annuesesectional regression coefficient estimatesimdédafrom
regression firms’ implied cost of equity capital AQ, firms’ market BETA, In(SIZE), In(BM) and CVfpg,
and Tupey are estimated using Easton’s (2004) PEG and neadEG approach, respectively. We use

analysts forecast in April to measure the impliedtof capital. All explanatory variables are sonized at the
1 percent and 99 percent levels. The sample peowdrs from April 1976 to April 2008. We obtéh,149
firm-year observations in panel A. For panel B, uge the actual dividend obtained from COMPUSTAT to

estimate 7y,peg , because if we use the forecasted dividend, we ady get meaningful number of
observations from 2003. To estimate;;,,.4, we restrict our sample to firms with dividend infaation in
December, thus our sample is reduced to 21,509-yf@ar. The regression coefficients are the average
coefficients of the 33 years.
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TABLE 7

AQ Hedge Portfolio Abnormal Returns for the Higheestl Lowest Market Competition Quintile for the [Fss&mple

Panel A: The Lowest Market Competition Quintile

(AQ10-AQ1)

Equal-Weighted

Value-Weighted

Dollar Volume-Weighted

Base

With CVFactor Base With CVFactor Base With CVFactor

Month Intercept t-stat Intercept t-stat Intercept -stet  Intercept t—sta't Intercept t-stat Intercept -stat

1) 2 3) (4) (©) (6)
January 5.74 » 4.69 0.54 0.42 3.21 #x 3.46 0.02 0.02 2.32 1.23 -0.06 -0.03
February -0.42 -0.69 -0.53 -0.89 2.1% -2.11 -2.20 =  -2.39 -1.36 -0.70 -1.45 -0.72
March -1.88 = -3.66 -1.60 =+  -3.50 -0.34 -0.53 -0.18 -0.28 2.69 1.29 3.03 1.52
April 0.39 0.47 0.73 0.98 -1.55 -1.65 -1.45 -1/46 1.55 -0.67 -1.37 -0.57
May 0.57 0.60 0.58 0.6 1.40+ 2.03 1.41 = 2.23 8.48 w= 3.62 8.49 wm 3.79
June -0.49 -0.84 -0.13 -0.43 1.9k -2.77 -1.68 = -2.02 -2.18 -1.48 -2.57+ -1.81
July -1.25 -1.52 -0.95 -1.28 0.18 0.18 0.49 052 .080 -0.04 0.32 0.18
August 0.12 0.17 0.39 0.65 0.37 0.55 0.57 Q.85 5.87 291 5.33 w. 2.86
September 0.87 1.04 0.71 0.92 0.00 0.00 -0.26 -0.29-2.42 -1.15 -2.93 -1.43
October 0.02 0.03 0.31 0.47 1.65 1.60 1.89 1.80 3.40 1.64 4.00 = 2.34
November -0.49 -0.54 0.51 0.54 -0.60 -0.75 -0.21 .22 1.96 0.94 3.54 1.64
December -0.29 -0.32 0.48 0.69 -1.02 -0.64 0.20 50.1 1.04 0.43 1.68 0.71
All Months 0.60* 1.84 0.35 = 1.69 0.50 1.37 0.31 1.11 2.05x 3.01 1.87 = 3.01
(N=387)
Non-January
Months 0.03 0.13 0.22 1.02 -0.05 -0.17 0.08 029 421~ 2.15 1.54 = 2.37
(N=354)
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Table 7-Contd.
Panel B: The Highest Market Competition Quintile

(AQ10-AQ1)
Equal-Weighted Value-Weighted Dollar Volume-Weighted
Base With CVFactor Base With CVFactor Base With CVFactor
Month Intercept t-stat Intercept t-stat  Intercept -stat  Intercept t-sta|t Intercept t-stat Intercept -stat
1) ) 3 (4) ®) (6)
January 4.27 »x 4.67 0.19 0.26 0.80 0.63 -1.26 -0.79 1.23 0.90 925 -1.52
February 0.78 0.91 0.69 1.05 0.19 0.24 0.20 0.27 400. 0.41 0.43 0.43
March 0.66 1.32 0.83+ 1.95 0.20 0.24 0.08 0.10 0.29 0.30 0.13 0.14
April -0.59 -0.75 -0.05 -0.08 -0.13 -0.20 0.21 0,38 -0.36 -0.34 0.34 0.44
May -0.21 -0.31 -0.20 -0.38 0.32 0.46 0.32 0{46 91.% 2.24 1.79 = 2.19
June -1.00 -1.17 -0.10 -0.13 0.32 0.39 0.47 0.54 600. 0.55 0.79 0.74
July -0.23 -0.36 0.04 0.0p 0.86 1.13 1.11 1146 112 1.02 1.46 1.28
August -0.65 -1.11 -0.21 -0.38 0.21 0.30 0.54 4.79 0.99 1.22 1.44 1.64
September -0.39 -0.70 -0.47 -0.94 -0.83 -0.99 -0.88 -1.05 -0.94 -0.67 -1.03 -0.74
October 0.18 0.18 0.42 0.52 -0.32 -0.49 -0.17 -0.27 0.14 0.18 0.19 0.23
November -1.30 * -1.80 -0.67 -0.93 -0.77 -1.04 -0.41 -0.p5 -0.30 280. 0.05 0.04
December -1.41 -1.42 -0.63 -0.94 0.44 0.68 0.54 408 -0.25 -0.31 -0.29 -0.37
All Months 0.10 0.37 -0.13 -0.75 0.06 0.19 -0.03 12D 0.48 131 0.36 1.14
(N=387)
Non-January
Months -0.40 = -1.89 -0.23 -1.24 -0.16 -0.64 -0.11 -0.43 0.26 0.79 0.33 0.99
(N=354)

* o+ e*ndicate statistics significance at theOlpercent, 5 percent, and 1 percent levels (twedgirespectively.

We first divide firms into market competition guiles based on the number of shareholders at thatiag of the fiscal year. Firms within the largéstallest) number of
shareholders are called the highest (lowest) madapetition quintile. Within the highest (lowestparket competition quintile, we further rank firinéo quintiles based on
their AQ. We used the same methods as definedabieT3 to calculate the equal- weighted, value-tteid, and dollar volume-weighted AQ hedge portfaimormal

returns. Returns are presented in percentage.t Bastacalculated using Newey-West standard errdtts two lags. The sample period runs from Janu&y6lto March
2008.
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TABLE 8

AQ Hedge Portfolio Abnormal Returns for the Higheestl Lowest Market Competition Quintile for thederiRestricted Sample

Panel A: The Lowest Market Competition Quintile

(AQ10-AQ1)

Equal-Weighted

Value-Weighted

Dollar Volume-Weighted

Base With CVFactor Base With CVFactor Base With CVFactor

Month Intercept t-stat Intercept t-stat Intercept -stat  Intercept t-sta|t Intercept t-stat Intercept -stat
@) 2 (©)] 4 5) (6)

January 4.17 » 4.28 1.26 1.09 3.57 »xx 4.13 1.09 0.91 2.01 1.22 0.61 0.28
February 0.82 1.05 0.75 1.06 -0.69 -0.60 -0.74 30.6 -1.22 -0.49 -1.28 -0.50
March -0.75 -1.16 -0.59 -1.04 0.32 0.30 0.58 0.62 .383 1.29 3.45 1.35
April 0.43 0.66 0.63 1.0% -1.45 -1.70 -1.34 -1.46 0.98 -0.46 -1.13 -0.47
May 159 =« 1.90 1.60 == 2.39 0.73 0.97 0.74 1.10 419 2.00 4.20 = 211
June -0.26 -0.39 0.15 0.23 -0.69 -0.72 -0.86 -0.86 -0.77 -0.44 -1.72 -1.08
July 0.23 0.24 0.47 0.5B 0.25 0.31 0.50 0.68 -0.23 -0.17 -0.23 -0.16
August 0.42 0.85 0.63 1.47 0.11 0.17 0.46 .74 480 2.25 4.86 2.57
September 0.87 1.08 0.69 0.98 0.86 0.98 0.66 0.81 0.84- -0.48 -1.17 -0.64
October 0.97 1.65 1.14x 2.23 0.60 0.37 0.49 0.30 2.40 0.94 2.50 0.98
November 1.76 = 2.00 2.74 2.88 1.60 = 1.90 2.04 2.45 4.01 = 1.97 5.04 2.57
December 0.37 0.27 1.00 0.72 -0.19 -0.13 0.90 D.66 0.01 0.00 0.92 0.49
All Months 1.24 e 4.46 1.07 = 4.96 0.57 = 1.81 0.42 1.48 152= 242 1.40 = 2.23
(N=387)
Non-January
Months 0.89 3.34 1.03 4.42 0.19 0.60 0.30 0.97 1.23 1.78 1.32 = 1.93
(N=354)
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Table 8 Contd.
Panel B: The Highest Market Competition Quintile

(AQ10-AQ1)
Equal-Weighted Value-Weighted Dollar Volume-Weighted
Base With CVFactor Base With CVFactor Base With CVFactor
Month Intercept t-stat Intercept t-stat Intercept -stat  Intercept t-stalt Intercept t-stat Intercept -stat
()] ) 3 4 (6) (6)
January 1.60 » 2.38 -0.52 -0.68 0.61 0.56 -0.51 -0.88 0.09 0.09 .392 -1.61
February 1.27 = 1.70 1.22 « 1.87 0.36 0.42 0.37 0.45 0.57 0.55 0.60 0.59
March 1.31 3.03 1.38 3.64 0.20 0.30 0.13 0.18 0.69 0.78 0.53 0.59
April 0.25 0.36 0.67 1.13 0.38 0.51 0.69 1,06 0.60 0.50 1.28 1.25
May 0.66 0.90 0.66 0.94 0.39 0.59 0.39 0(59 142 171 1.42 « 1.68
June -0.45 -0.59 -0.15 -0.18 -0.06 -0.06 0.13 0.14 0.44 0.43 0.70 0.68
July 0.71 1.30 0.92 « 1.75 1.05 1.60 1.25+« 1.93 1.27 = 1.76 1.48 = 2.10
August -0.07 -0.12 0.19 0.37 0.20 0.33 0.49 0.82 520. 0.71 0.89 111
September -0.47 -0.68 -0.46 -0.65 -1.11 -1.39 -1.14 -1.41 -1.82 » -1.83 -1.84 -1.83
October -0.33 -0.56 -0.23 -0.43 -1.07 -1.97 -0.99 = -1.95 -0.86 -1.55 -0.82 -1.51
November 0.08 0.13 0.46 0.84 -0.31 -0.53 -0.19 20.3 0.01 0.01 0.07 0.09
December -0.30 -0.46 0.04 0.07 0.69 1.04 0.51 D.75 0.47 0.56 0.22 0.26
All Months 0.37 = 1.73 0.26 1.44 -0.03 -0.11 -0.08 -0.34 0.29 0.92 220. 0.78
(N=387)
Non-January
Months 0.19 0.97 0.28 1.49 -0.16 -0.73 -0.13 -0.60 0.20 0.71 0.24 0.82
(N=354)

* ** - ndicate statistics significance at theOlpercent, 5 percent, and 1 percent levels (twedgirespectively.

We obtain the restricted sample by excluding stauikis price less than $5 in 2 adjacent months. Withe restricted sample, we first divide firmsoimharket competition

quintiles based on the number of shareholderseab#iginning of the fiscal year. Firms within thegkest (smallest) number of shareholders are c#fiedighest &)owest)

market competition quintile. Within the highestwilest) market competition quintile, we further rémrkns into qlulntlles based on their AQ. We useel $same methods as
defined in table 3 to calculate the equal- weightedue-weighted, and dollar volume-weighted AQdegortfolio abnormal returns. Returns are priesein percentage.

T-stats are calculated using Newey-West standaotsewith two lags. The sample period runs from J8/6 to March 2008.
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