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Abstract

We show that the accrual anomaly documented by Sloan (1996) [Do stock prices fully reflect
information in accruals and cash flows about future earnings? The Accounting Review 71: 289-315]
is concentrated in firms with high idiosyncratic stock return volatility making it risky for risk-averse
arbitrageurs to take positions in stocks with extreme accruals. Moreover, the accrual anomaly is
found in low-price and low-volume stocks, suggesting that transaction costs impose further barriers
to exploiting accrual mispricing.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

In an important contribution to the accounting literature, Sloan (1996) shows that stock
prices do not instantaneously reflect the differential persistence of accruals and cash flows.
That is, investors tend to overweight (underweight) accruals (cash flows) when forming
future earnings expectations only to be systematically surprised when accruals (cash flows)
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turn out, in the future, to be less (more) persistent than expected. As a result, high (low)
accruals firms earn negative (positive) abnormal returns in the future. Subsequent research
has argued that sophisticated information intermediaries such as auditors, stock analysts,
and even short-sellers do not fully appreciate the information in accruals for future
earnings (Bradshaw et al., 2001; Barth and Hutton, 2004; Teoh and Wong, 2001;
Richardson, 2003). These findings raise the question of what stops arbitrageurs from
taking trading positions to eliminate accrual mispricing.

In this paper, we examine two potential explanations for why arbitrageurs might shy
away from fully exploiting the accrual anomaly: (i) lack of close substitutes; and (ii)
transaction costs. In an ideal riskless hedge, the residual variance of returns to the zero-
investment hedge left after netting out the long and short position ought to be zero. The
arbitrageur can reduce the residual variance of returns in the hedge portfolio if he can find
close substitute stocks whose returns are highly correlated with the returns of the firms
subject to accrual mispricing. However, identifying such substitutes turns out to be a
difficult task in practice.

Following Pontiff (1996) and Wurgler and Zhuravskaya (2002), we use the idiosyncratic
portion of a stock’s volatility that cannot be avoided by holding offsetting positions in
other stocks and indexes (specifically, the residual from a standard market model) as a
proxy for the absence of close substitutes. Idiosyncratic risk is relevant to arbitrageurs in
our model because we assume that arbitrageurs are risk averse and hold relatively few
positions at a time (as in Pontiff, 1996; Shleifer and Vishny, 1997; Wurgler and
Zhuravskaya, 2002; Ali et al., 2003; Mendenhall, 2004). We find that the idiosyncratic
stock return volatility of stocks, a proxy for idiosyncratic risk, in the extreme deciles of
accruals is twice as high as those of firms in the median accrual decile suggesting that the
extreme accrual stocks lack close substitutes. Such an absence of close substitutes is likely
to create barriers to arbitraging away accrual mispricing. Consistent with this conjecture,
the accrual hedge strategy of assuming a long (short) position in low (high) accruals decile
earns an annualized return of 14.4% when stocks in the extreme accrual portfolios have
high idiosyncratic volatility relative to 3.6% when stocks in the extreme accrual decile
portfolios have low idiosyncratic volatility.

To further illustrate the impact of the absence of substitutes on portfolio allocation
decisions of an arbitrageur, we estimate the amount that a hypothetical arbitrageur should
tilt his portfolio away from the market index towards the accrual-based portfolio (see
Kothari and Shanken or KS, 2003). Such a portfolio improvement obtained by tilting the
market index towards an active strategy depends not only on the expected return to the
strategy but also on the idiosyncratic volatility of the trading strategy. The mix of return
and the idiosyncratic volatility of the accruals spread portfolio is such that the arbitrageur
would tilt 50% of his portfolio towards a strategy designed to exploit the spread in returns
between the lowest and highest decile of accruals. However, the incremental return to such
a strategy, over the market return, is only 2.1% after (i) reducing Jensen’s alphas from the
accrual spread portfolios by 50% to account for lack of confidence in the continued future
profitability of the strategy; and (ii) standardizing the volatility in the accrual-spread
portfolio to equal that of the market. Moreover, such incremental return would be further
reduced if transaction costs involved with short selling high accruals stocks were factored
into the analysis.

Next, we investigate whether the accrual anomaly is concentrated among stocks with
higher transaction costs. We find that the greatest returns from the accrual-spread
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portfolios are found in stocks with the lowest stock price and lowest trading volume. Thus,
transaction costs, besides idiosyncratic volatility, likely impose further barriers to
arbitrage.

In our final analysis, we integrate the above univariate findings about absence of
substitutes and transaction costs into annual cross-sectional regressions of firm abnormal
returns on accruals and accruals interacted with idiosyncratic volatility, stock price and
volume. Consistent with the univariate results, we find that subsequent returns to accrual-
based trading positions are reliably higher in stocks with high idiosyncratic volatility and
lower trading volume. The results related to share price are somewhat weak in the
regression analysis. These cross-sectional results are robust, in general, to the inclusion of
control variables known to predict future returns such as size, book-to-market and
earnings-to-price.

In sum, our evidence suggests that even if smart arbitrageurs were to understand the
implications of accruals for future earnings, they are likely constrained by excessive
exposure to idiosyncratic volatility and transaction costs to eliminate the mispricing related
to accruals.' Thus, an explanation based on barriers to arbitrage can accommodate the
well-documented predictability of subsequent stock returns to accruals data.

The remainder of the paper proceeds as follows. Section two presents the background
literature and replicates the accrual anomaly for our sample. Section three describes how
idiosyncratic volatility can inhibit arbitrage. Section four illustrates the difficulty in
implementing the accrual trading strategy by considering the optimal tilt procedure
advocated by KS (2003). Section five considers the role of transaction costs in exploiting
accrual mispricing. In section six, we conduct a cross-sectional regression to bring together
findings from the other sections and section seven provides concluding remarks.

2. Background and replication
2.1. Accrual anomaly

In an efficient market, stock prices respond in an instantaneous and unbiased manner to
new accounting information. However, Sloan (1996) finds that investors fail to correctly
price the accrual component of earnings. In particular, the accrual component of earnings
has lower persistence than the cash component but the market incorrectly overweights the
accrual component while simultaneously underweighting the cash component. Sloan
shows that a hedge strategy of buying firms with low accruals and selling firms with high
accruals earns size-adjusted abnormal returns of 10.4% in the year following portfolio
formation, on average, for the time period 1962—1991.

There is a lack of consensus on whether information intermediaries appreciate the
implications of accruals for future earnings. One set of papers argues that analysts,
auditors, institutions, short-sellers and bond-market investors (Ali et al., 2001; Barth and
Hutton, 2004; Bradshaw et al., 2001; Bhojraj and Swaminathan, 2004) do not fully

In a recent paper, Bushee and Raedy (2005) show that several trading strategies, including the accrual
anomaly, are profitable even after imposing constraints related to the impact of price pressure, restrictions against
short sales, and incentives to ownership. However, the authors do not explicitly concentrate on the absence of
close substitutes—a key focus of this study—as a potential barrier to arbitrage. Lev and Nissim (2006) attribute
the persistence of the accrual anomaly over time to lack of institutional trading in stocks with extreme accruals.
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appreciate accruals data while another set finds that insiders and institutions are able to
profit from accrual mispricing (Beneish and Vargus, 2002; Collins et al., 2003).

The accruals anomaly has been extended and further investigated by several studies since
Sloan (1996). For example, researchers (e.g., Chan et al., 2006; Hribar, 2001; Thomas and
Zhang, 2002) have examined various components of accruals to identify components that
contribute to the accruals anomaly. Others have investigated whether the accruals
anomaly: (i) is caused by management manipulation (e.g., Xie, 2001; Chan et al., 2006);
(i1) explains long-run under-performance of firms after they go public (Teoh et al., 1998a)
or issue secondary equity offerings (Teoh et al., 1998b; Rangan, 1998; Shivakumar, 2000);
(iit) is distinct from the post-earnings announcement drift (Collins and Hribar, 2000) and
the value-glamour anomaly documented in the finance literature (Desai et al., 2004);” (iv) is
due to growth in net operating assets (Richardson et al., 2005; Fairfield et al., 2003); (v) is
due to mergers and divestitures (Zach, 2003); and (vi) is generalizable to international
markets (Pincus et al., 2005). In sum, there is no consensus yet on why the well-replicated
mispricing pattern related to accruals is observed. We argue that arbitrage risk and
transactions costs are contributing factors.?

2.2. Replication

We start with the universe of firms listed on the NYSE, AMEX and NASDAQ markets
for which requisite financial and price information are available on the CRSP and the
Compustat tapes. We exclude closed-end funds, investment trusts and foreign companies.
Due to the difficulties involved in interpreting accruals for financial firms we drop firms
with SIC codes 6000-6999 from the sample. We use financial statement data for a 26-year
period 1975-2000. We focus on December year-end firms to ensure that the mispriced
stocks are aligned in calendar time. After eliminating firm-years without adequate data to
compute any of the financial statement variables, returns, or the arbitrage risk proxies
discussed later, we are left with 32,299 firm-year observations. All the tests in the paper are
conducted on this base sample.

We measure accruals using the balance sheet method (see Sloan, 1996) as follows:

Accruals = (ACA — ACash) — (ACL — ASTD — ATP) — Dep, (1)

Desai et al. (2004) show that both accruals mispricing and the value-glamour mispricing (attributable to sales
growth, B/M and E/P) are captured by returns to a new variable, CFO/P defined as cash flows from operations
(CFO) scaled by price (P). We focus on accruals mispricing as opposed to CFO/P in this paper for three reasons.
First, the accounting literature, thus far, has overwhelmingly emphasized accrual-based mispricing. Second, CFO/
P is a combination of valuation anomalies (sales growth, B/M and E/P) and earnings quality issues proxied by
accruals. Switching our focus to CFO/P would imply broadening the scope of the paper somewhat excessively to
cover valuation-based anomalies. Third, while the source of abnormal returns related to B/M is controversial (risk
or mispricing), there is some consensus that profitability of accruals reflects mispricing. Hence, CFO/P likely
captures some combination of risk and mispricing. A barriers-to-arbitrage explanation seems better suited for
addressing the mispricing hypothesis related to accruals rather than the risk hypothesis related to sales growth,
B/M and E/P. Note further that we choose to examine accruals and not discretionary accruals. This is because
Xie (2001, p. 362, Table 1, panel B) reports that cross-sectional correlation between accruals and discretionary
accruals is very high, ranging from 0.75 to 0.89.

*Note that our paper does not explain why the accrual anomaly arises in the first place. Our focus is on
explaining why the accrual mispricing is not arbitraged away or more precisely on why the mispricing persists for
a year instead of just a few days or a few months.



C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33 7

where ACA = change in current assets (Compustat item 4), ACash = change in cash/cash
equivalents (Compustat item 1), ACL = change in current liabilities (Compustat item 5),
ASTD = change in debt included in current liabilities (Compustat item 34), ATP = change
in income taxes payable (Compustat item 71), and Dep = depreciation and amortization
expense (Compustat item 14). Following Sloan (1996), we scale accruals by average total
assets, where total assets (Compustat item 6) are measured at the beginning and the end of
the year, and label the resultant variable as ACC.

Each year, we rank stocks by accruals and assign them to deciles. Annual raw buy-and-
hold returns and size-adjusted abnormal returns for each firm are calculated for a year
after the portfolios are formed (the post-ranking year).* The return accumulation period
begins on April 1 to ensure complete dissemination of accounting information in financial
statements of the previous fiscal year (the ranking year). Thus, abnormal returns are
computed over the post-ranking years 1976-2001.

To compute returns of the size decile portfolios, we first assign all the firms to deciles
based on market capitalizations as of December 31 of the ranking year. The decile
breakpoints are based on market capitalizations of all firms listed on NYSE and AMEX
exchanges. The portfolio return for each decile is given by the equally weighted return of
all the firms in that decile. This procedure is repeated every year. The annual size-adjusted
return for a firm is the difference between the annual buy-and-hold return for the firm and
the annual buy-and-hold return of the size decile portfolio to which the firm belongs.

Table 1 reports raw returns (R1) and size-adjusted (abnormal) returns, (SAR1), for a 12-
month period (1 year) beginning April 1 after portfolio formation and descriptive statistics
of all variables mentioned in the paper (the latter are discussed later in the paper). To avoid
potential inflation of #-statistics due to cross-correlation in returns, we treat each year as
one observation. The means and #-statistics are thus computed over the 26 annual post-
ranking years from 1976 to 2001. Panel A shows that the lowest-accrual decile (ACC D1)
earns, on average, a raw return of 26.1% in the post-formation year while the top decile of
accruals (ACC D10) earns an average return of 12.8%.° Using size-adjusted returns, we
find that firms in ACC D1 earn an abnormal annual return of 7% and those in ACC D10
earn an abnormal return of —5.7%. The abnormal return to this hedge portfolio (ACC
DI1-ACC DI10), over the following year, is 12.7% (¢-statistic = 4.27).

2.3. Jensen’s alphas

In this section, we assess whether the accruals trading strategy is robust to return
predictability associated with the CAPM beta and the three-factor Fama—French model
enhanced with the momentum factor (Jegadeesh and Titman, 1993). In particular, we
estimate the following time-series regression for the extreme accrual portfolios:

Ry — Ri = ay + by(Ryy — Ryi) + 5,SMB, + h,HML, 4+ d, UMD, + ¢, )

“In particular, we compute buy and hold returns as Z:i 1 ln(l + Rj,), where j (¢) represents stock (month)
subscript and In is natural log. We anti-log the result of this expression and subtract one to yield buy-and-hold
returns.

5In untabulated results, we verified via the Mishkin test (Sloan 1996), that the stock market places a higher
(lower) valuation weight on accruals (cash flows) relative to the forecasting ability of accruals and cash flows for
next year’s earnings.



C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33

€10°0— ¥00°0 000°0 €00°0— Clo'0— 9000 658°0 6v0°0— [AVS

610°0— L00°0 v10°0— L10°0— 00— €00 9%6°0 0r0°0— a4
S61°0 $00°0 020°0— €10°0— £€€0°0 920°0— 1$0°0— 0%0°0— O0V
d/Aa nd dZIS HNNTOA HOIdd JISIIgdY 4vS i OOV

2]qD1 UONID]2.A10D) g [aund

— —  8€10 SP1°0 ¥S1°0 891°0 YLT'O 910 961°0 €€1°0 S01°0 890°0— 4/
— —  6IL0 208°0 058°0 158°0 €880 898°0 8L9°0 608°0 LLSO €780 W4
— —  €08'€6T  6VL€89 PSCLSIT SHO'66ET  TSLYLLT T€9°S6LT 8PV IEST  LLT'THL'T  OTT1°8LTT 119°69s  (ANINS) ZIS
(WINS)
— — 5961 €Iee e €697 ¥sT'S 1€L°S SI€9 'S 69¢°t YILT AWNTOA
— —  6£0°LI 129°0C  €9L7TC I8t 0T8'ST €65°5T 08€°ST 1S54 €86°61 [qad! ($) 4014dd
— — 6100 S10°0 Z10°0 110°0 0100 0100 1100 T10°0 $10°0 0200 SS9V
LTY L2170 LS00~ ST00— 6000 900°0 8000~ 0200 $T0°0 $T0°0 T10°0 0L0°0 [RIA
00y €€1°0 871°0 LY1°0 9L1°0 Lo 8S1°0 881°0 961°0 961°0 61°0 192°0 [R%
¥9°67— 9z¢0—  8TI0 620°0 0000 810°0— 1€0°0— 00— 850°0— SLO0— 010~ 861°0— 20V
01a
20V-1d
1381 DOV 0IdDDV 6d DIV 8ADJDV LADDOV 9d DIV $ADJDV +ADDV €ADIV TAIDV 1d DIV

9[I00p S[ENIOOY

s|pn.2oD 0 apnjiubviu 2y uo pasvq sajiap 03 sutdyf burubissy 4q pauriof suriyf fo so1j0f110d Udy 10f $I11S11210DDYD 192]3S JO SaNA UDIPY | [dUDJ

sonsne)s aAnduosaq
[ 2IqeL



C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33

‘'PapIOq A1k ‘pa[IeI-0Mm] ‘G()'()>d 1B JUBOYIUSIS IR 1BY) SUOIB[ALIOD PILIodal [[B PUB SUOIB[ALIOD
(uewreadg) uosriead sirodar Teuoderp (1omof) Joddn o) ‘g [oued U] "JOIID PIBPUB]S A} AJBUWINSI 0] DUIJJIP SIY) Ul UOTIBLIBA SILIAS-OWI] oY} pue 0] DIV pue
1d DOV UdaM19q SIUAIJJIP [BNUUR JO SUBIW ISN 81831~ 7 “(100T—9L61 SuIniar 1dooxd) ()00T—SL6] STBIA o) I9A0 saeIoA a1k Y [dued ur pajrodar sajqelLrea [[y "A3mbo
Jo anjea 19yIeW Y3 Aq PIeos (841 wey yeisndwo))) uonenardap 191ye swoour Junerado st (J/q) 9o1d 03 s3urures ‘A3mba jo anjea joxIew ay) 03 (09 Wl 3eIsndwo)))
A3mba Jo anjeA Y00q pus-I1BAA [BISY Y} JO Onel oyl SI () 193IBW-03-00q ‘(g7 wall jeisndwo)) Jurpuelsino sareys Jo Ioquinu ay) sown (6] wan jeysndwo)))
2011d Y003 PuL-IBAA [BISY SB PaINSBAW ‘A1Nba jo anfea joyIew s1 JZ[S "(sAep Surpen (g 19A0) Ieak Junjuer-isod ay) jo | [udy o1 1oud yruow suo Surpud 1eak
A} I0A0 PAZRIOAR ‘PapeI) saIeys A[rep JSyYD sown aoud Suisopd Ajrep JSYD aU s FINNTOA 18k Sunjuer-isod oy jo | [udy 21039q yyuowr auo 20ud yo03s SuIsod
dSYUD A ST ADY TeeA Funjuer-isod oy jo [udy 03 Joud yjuow auo FUIpud SYIUOW 8§ Y] IOAO XIPUI JaxIeW pAYSam Afenba JSYD 2yl JO SUIN}aI oY) UO SUINIAI
OY109ds-ULIy JO UOISSAIFAI B WOIJ AOULLIBA [BNPISAI AY) ST YSTYI YV "Stutodyearq XAWV/ASAN YHm paindwiod ST 9A0qe pasn [ VS YOIRJA 0 [LIdy WOoIj Suni aouay
pue (] ¢ Joquadd) pua-Iedk Jurjuel oY) I9)Je SYIUOW INOJ SUISAQ UOIIB[NWNIIL WINJAY "(SUINAI p[oY-puk-Anq pisnlpe-azIs [enuue) suInNjal mel pjoy-pue-£nq [enuue
01 S19JA1 (1Y VS) 1 "SIOSSE [810) 95BI0AR AQ PI[IS IR S[BNINY “(1] Wl JeIsndwo))) asuadxd uonezniiowe pue uonendidop = do pue ([, wair yeisndwo))) sjqesed
SOXB} QWOooUl Ul a3UBYd = LV ‘($€ Wall Jeisnduwio)) sanNI[Iqer] JUALIND Ul PpApN[our }qap ul a8ueyd = LSV ‘(S war 1eisndwio)) sanifiqer| JuaLmos ur d5ueyd = IV
(1 wan 1eIsndwo))) sjudreambs yseo/yseos ur a3ueyd = Yse)y ‘($ woi jeisndwo))) s39sse UL ul d3ueyd = YV aIoym do — (dLV—ALSV—T1DV) — (UseDV
—VDV) S pauyap s1 (DDV) S[BNINDY ‘0007—SL6] STeoA SUruLl 10J BIRP JUSWRIL)S [BIOURUY [enuUe paimbar oy} yimm swuy 1oj jeisndwo) pue JSY U0 95BIGA0D pue
SPUQ-IBIA [BISY | ¢ 10qUIad(] Yim bepseN pue XNV ‘HSAN UO (suuy [eoueuly 1dodxs) $)0031s HOWWOD S [[B SISLIdWw0d (SUOIIBAIISQO TBIA-WIY 667 7€) ojdures ay |

£€9¢°0 6L0°0 €90°0— wTo 18€°0— LET'0 PYLI'0 (44 ¥\ d/a
00— 90€°0— 80— 90— 660°0— 190°0 wro 0%0°0— AR
€00°0 €10°0— 988°0 wLo Y9s°0— 800 S0°0 970°0— EVAN
600°0— 10°0— €IL°0 ¥r9°0 8I€°0— £€20°0 €70°0— 000°0 HNNTOA
SLO0 00— 89T°0 [ ral] L99°0— 011°0 850°0 1L0°0 gordd

SI1T0— 10°0— wro— S€0°0— SLE0— wsro— 10— Y20'0— ASIdgdvV



10 C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33

where R,,;, — Ry is the monthly return on accrual portfolio p in excess of the Treasury bill
rate in month #, R,,, — Ry is the monthly excess return on the value-weighted market index,
and SMB,, HML, are the monthly returns on the Fama and French (1993) factor-
mimicking portfolios for size and book-to-market, respectively. UMD, picks up the effect
of short-run returns and is the difference between returns in month 7 on a portfolio of past
winners and portfolio of past losers where return performance is measured beginning seven
months and ending one month ago. We refer to a version of Eq. (2) without the SMB,
HML and UMD terms as the CAPM regression.

The results reported in Table 2 indicate that the Jensen alphas for both the CAPM
regressions reported in panel A and the Fama—French regressions reported in panel B for
stocks in the smallest decile of accruals, representing income-decreasing accruals (ACC
D1), are positive and statistically significant. In particular, the annualized return based on
the Fama—French regression (2) in panel B on the long position in ACC DI is 8.4%
(0.7% x 12). The CAPM beta for the ACC DI decile portfolio is almost one
(coefficient = 0.998, t-statistic = 22.74). The weight on SMB is positive and significant
indicating that returns for firms in ACC D1 decile portfolio behave like those of small
firms. The weight on HML is not significant. The significant negative loading on UMD
suggests firms in the long position are past losers.

It is interesting to observe that Jensen’s alpha for stocks in the largest decile of accruals,
representing income-increasing accruals (ACC D10), is not consistently significant in
panels A or B. In particular, the alpha corresponding to ACC D10 in panel B under the
Fama—French model is —0.002 and the #-statistic is a weak —1.42 (—0.20% per month or
—2.4% annualized).

The small negative return for the short position seems, at first blush, to be at odds with
prior work (e.g., Houge and Loughran, 2000, Chan et al., 2006; Beneish and Vargus, 2002;
Desai et al., 2004) where the short position represents a substantial portion of the
abnormal returns to the accrual strategy. However, three factors are likely responsible for
the small negative returns in our research. First, we drop firms that do not have 48 months
of prior returns to calculate our arbitrage risk proxy (ARBRISK). When we relax this
sample requirement, we find (in un-tabulated analyses) that size-adjusted returns to the
short side comprising the high accrual firms is —7.8% while size-adjusted returns for the
long side consisting of low accrual firms is 4%. Imposing the 48-month trailing returns
requirement eliminates high-accrual underperforming firms (e.g., recent IPOs) that
contribute abnormal return to the short side of the accrual strategy. In Section 3.2, we
examine measures of ARBRISK based on shorter intervals of time such as a year.

Second, we focus on Jensen’s alphas from the four factor Fama—French model in our
paper, unlike most of the prior cited research. Inferences related to the dominance of the
short-side of the accrual strategy can be sensitive to whether the researcher looks at
Jensen’s alphas or at size-adjusted returns. For example, in Table 1, the short position
(ACC D10) contributes 45% of the hedge strategy SARI return (5.7% out of 12.7%).
However, Jensen’s alpha for ACC D10 is only —0.2% per month in panel B relative to a
hedge strategy return of 0.9% per month. This apparent discrepancy occurs because the
CAPM beta for stocks in ACC D10 is higher than that for ACC DI (1.057 vs. 0.998;
t-statistic for difference = 1.48). Thus, some of the negative SARI return for stocks in
ACC D10 is attributable to a higher CAPM beta.

Third, our sample period of 1976-2001 post-ranking years covers the technology-stocks
related bull market of the late 1990s. To understand the impact of the late 90’s on the
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Table 2
CAPM and factor model regressions for monthly returns on portfolios sorted by accruals (N = 312 monthly
observations)

Panel A: CAPM regressions

R, —Ri=a,+b, (R,,,, — R/,) + &

Portfolio 1976-2001 1976-1997
a t(a) b 1(b) R a 1(a) b 1(b) R

Deciles

ACC D1 0.009 331 1.160  19.85  0.558 0.006 2.71 1.084 2090 0.624
ACC D10 —0.001  —0.65 1222 2436 0.656 —0.003 —1.41 1.195 2577 0.716
Hedge D1-D10 0.010 6.46  —0.061 —1.75 0.007 0.009 551 —0.111 =297  0.030
Quintiles

ACC Ql 0.007 3.24 1.078 2325 0.634 0.004 2.43 1.040 2481  0.700
ACC Q5 —0.0003  —0.20 1128 2683  0.698 —0.002 —1.08 1.115 2820 0.751
Hedge Q1-Q5 0.007 6.75 —0.050 —2.14 0011 0.006 579  —0.075 —=3.01 0.030

Panel B: Fama— French regressions

Rpl - R/I =ay+ bp(le - Rﬁ) + SpSMBz + hl,HML, + deMDl + & 2)

Portfolio 1976-2001 1976-1997
a @) b O sy h why d d) R? a @) R?

Deciles
ACC D1 0.007 397 0998 22.74 1.194 19.38 0.083 124 —0.089 —1.84 0.807 0.004 2.46 0.83
ACC D10 —0.002 —1.42  1.057 33.66 1.118 25.39 0.026 0.55 —0.143 —4.14 0.895 —0.003 —2.39 0.90
Hedge DI-D10  0.009 5.51 —0.059 —1.48 0.076  1.36 0.056 0.94 0.054 1.23 0.007 0.007 4.12 0.06
Quintiles
ACC QI 0.005 394 0963 29.75 1.003 22.08 0.128 2.61 —0.080 —2.24 0.862 0.003  2.26 0.88
ACC Q5 —0.001 —1.26  0.999 4295 0.994 3045 0.080 2.28 —0.103 —4.04 0.928 —0.002 —2.52 0.94

Hedge Q1-Q5 0.006 5.88 —0.036 —1.38 0.008 0.22 0.048 1.18 0.023  0.81 0.006 0.005 4.47 0.07

At the end of each fiscal year from 1975 to 2000, all US common stocks (except financial firms) on NYSE, AMEX
and Nasdaq with December 31 year-ends and coverage on CRSP and required financial statement data on
Compustat are ranked on accruals scaled by average total assets. ACC D1 (D10) refer to the lowest (highest)
decile of accruals while ACC Q1 (Q5) refer to the lowest (highest) quintile of accruals. R,, — Ry is the monthly
return on accrual portfolio p in excess of the Treasury bill rate in month ¢, R,,, — Ry is the excess return on the
CRSP equally weighted market index, SMB, and HML, are the returns on the Fama and French (1993) factor-
mimicking portfolios for size and book-to-market, respectively. UMD, is the difference between returns on
portfolios of past winners and losers, where winners (losers) are the top (bottom) quintile of stocks ranked by past
return beginning seven months and ending one month ago. Each regression is estimated using monthly returns
from April-March for the year following portfolio formation. For the columns labeled as “1976-1997.” the
regressions are re-estimated after eliminating returns data beginning April 1998 to account for the technology led
bull market of the late 1990s. However, only Jensen’s alphas, the related #-statistics and the adjusted R* for the
Fama—French regressions are reported in the table for the 1976-1997 period.

results, we re-estimate Eq. (2) for the period 1976-1997. Results presented in panels A and
B for the 1976-1997 time period confirm that the Jensen alphas for the period ending in
1997 are indeed negative and significant. In particular, Jensen’s alpha related to ACC D10,



12 C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33

the income-increasing accruals decile, for 19761997 in panel B is —0.3% per month with a
t-statistic of —2.39 (or —3.6% annualized). Thus, the short position contributes 43% of the
hedge strategy return of 0.7% per month in the pre-1997 time period (0.3%/0.7%).
Table 2 also reports the results of a hedge strategy that goes long in income decreasing
accruals and short in income increasing accruals (ACC D1-ACC D10). The estimated
Fama—French alpha on the hedge strategy is positive and significant with an annualized
return of 10.8% (0.9% x 12). Further, the results hold when extended to the extreme
quintiles of accruals. We use quintiles in some of the forthcoming analyses because
quintile-based cuts capture a greater number of observations and are thus more amenable
to further portfolio sorts based on idiosyncratic volatility and transaction cost proxies.® In
sum, the accruals anomaly is robust to Fama—French factors and the momentum factor.

3. Idiosyncratic risk

In this paper, we rely on the idiosyncratic volatility of the mispriced stock as the key
measure of arbitrage risk. Wurgler and Zhuravskaya (2002), who examine stock price jumps
on additions of stocks to the S&P 500 index, propose a theoretical model where a set of
arbitrageurs (i) has correct and homogenous beliefs about the fundamental value of all
assets; and (i) are subject to a zero-investment constraint. Non-arbitrageurs, in contrast,
have heterogeneous beliefs about the fundamental value of stocks and are not subject to the
zero-investment constraint. Comparative statics of their model show that arbitrageurs take a
small position in mispriced stocks when (i) the potential gains are small; (ii) their risk-
aversion is high; and (iii) substitutes are hard to find. Condition (i) is not descriptively valid
in our context because the accrual based trading strategy has been shown to be quite
profitable, on average, by prior research. Condition (ii) is not empirically observable. Hence,
we focus on the absence of close substitutes as a barrier to arbitrage in this paper. In Section
4, we will attempt to quantify the size of the arbitrageur’s position in the accrual anomaly.

Pontiff (1996) is one of the early papers that empirically operationalizes the notion of
close substitutes as the idiosyncratic volatility of the returns of the mispriced stock left
after filtering out the stock returns of close substitutes. Pontiff (1996) goes on to show that
cross-sectional variation in the discount on closed-end funds is explained by such
idiosyncratic volatility. The intuition behind this approach is as follows. A mispriced asset
is likely to trade at the sum of the asset’s fundamental value and the mispricing. If the
arbitrageur can perfectly hedge the fundamental value changes of the mispriced asset,
given enough time, the mispricing will eventually go away and the position is riskless.
However, if the arbitrageur cannot perfectly hedge the fundamental value changes, i.e., a
perfect substitute is not available, the arbitrageur subjects himself every period to
idiosyncratic risk and such risk cumulates through time. In this scenario, mispricing risk
matters because mispricing may worsen in the short run and the arbitrageur may be forced
to liquidate the trading position early (Tuckman and Vila, 1992). Moreover, in the face of
mispricing risk, unhedgeable idiosyncratic risk will create risky arbitrage as long as there
are any holding costs such as the inability to hedge fundamentals or, capital constraints as
in Shleifer and Vishny (1997) and interest rates as in Pontiff (1996).

The above discussion suggests that the arbitrageurs’ problem is to find available
substitute securities and construct a portfolio that is most highly correlated with the

SWe relied on deciles earlier to be consistent with the design used by Sloan (1996).
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returns of the mispriced stock. Pontiff (1996) suggests that the solution to this problem can
be determined from a regression of the excess returns, R;, — Ry, of the mispriced security on
the excess returns of all other substitute assets available to an arbitrageur. The estimated
regression coefficient on each substitute asset’s return can be interpreted as the weight of
the respective asset in the hedge portfolio (portfolio allocation to exploit accrual
mispricing is discussed in Section 4). The variance of the residuals from this regression is
the unhedgeable risk that the arbitrageur must bear. Along similar lines, Wurgler and
Zhuravskaya (2002) propose that idiosyncratic risk of a firm’s stock from a standard
market model is an adequate proxy for such unhedgeable risk. We discuss the empirical
proxy in Section 3.2.

3.1. Diversification of idiosyncratic risk

Some readers might have strong priors that idiosyncratic risk such as arbitrage risk is
irrelevant because it can be diversified away. However, consistent with classic work by
Markowitz (1952), the only way an arbitrageur can earn an abnormal return is to hold a
non-diversified portfolio. Note that the most diversified portfolio, the market portfolio, by
definition, has zero abnormal return and zero idiosyncratic risk.

To appreciate these arguments better, consider the expected return for a portfolio p,
based on the classic CAPM model:

Ry — Ry =0y + B, (Rm - Rf) + &, (3)

where the definitions of the variables are the same as those related to Eq. (2). In particular,
o, is Jensen’s alpha for the portfolio p over some time period or the abnormal return that
the arbitrageur expects to earn over the market return, f5, is the CAPM beta risk of the
portfolio over that time period and ¢, is the portfolio residual risk. The variance of returns
from (3), az(Rpr/) is B; az(R,,;Rf)nLaz(ap). If the arbitrageur were to invest the entire
portfolio p in the market index, because the CAPM beta risk is one, the variance of
“normal” returns to the portfolio would reduce to az(Rm—Rf) and the arbitrageur would
hence bear no residual risk. Further, Jensen’s alpha for the portfolio p fully invested in the
market index, the abnormal return, is zero. Thus, the arbitrageur has to bear idiosyncratic
risk if he hopes to earn an abnormal return. We return to these concepts in Section 4.

Further, Mitchell et al. (2002), who examine barriers in arbitraging mispricing between
parent and the subsidiary’s values, point out that imperfect information and market
frictions often encourage arbitrageurs to specialize in certain trading strategies and in
certain stocks. For example, if there is a purely random chance that the prices will not
converge to fundamentals, an arbitrageur who cannot diversify away this risk will invest
less than one who can. Moreover, even if the prices do converge to fundamental values, the
path of convergence may be long and bumpy or the prices might even temporarily diverge.
If prices diverge, the arbitrageur needs access to additional capital as he may be forced to
prematurely unwind the position and incur a loss (Shleifer and Vishny, 1997; De Long
et al., 1990; Shleifer and Summers, 1990).

3.2. Arbitrage risk proxy

In order to demonstrate that abnormal returns to the accruals anomaly are concentrated
in stocks with high arbitrage risk, we need an empirical measure of arbitrage risk for every
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stock in our sample. Following Pontiff (1996) and Wurgler and Zhuravskaya (2002), we
use idiosyncratic risk of a firm’s stock as our empirical proxy for arbitrage risk. Although
at first blush, this approach appears rough and ready, Wurgler and Zhuravskaya (2002)
present empirical evidence that little is gained by conducting a careful search for
substitutes for each stock to be included in the return strategy. In particular, the authors
compute a firm’s arbitrage risk as the residual variance from a regression of returns of the
mispriced stock on the returns of two sets of substitutes (1) S&P 500 index; and (ii) a set of
three stocks that match the mispriced stock on industry and as closely as possible on size
and book-to-market. They find that the two estimates of arbitrage risk exhibit a
cross-sectional correlation of 0.98, and hence, yield similar results. Their results suggest
that the residual variance of a mispriced stock from a traditional market model regression
is an adequate proxy for arbitrage risk. Hence, we estimate a stock’s arbitrage risk
(ARBRISK) as the residual variance from a standard market model regression of its
returns on the returns of the CRSP equally weighted market index over the 48 months
ending one month prior to April 1 of the ranking year. The descriptive statistics in panel A
of Table 1 show that the ARBRISK for the extreme accrual deciles is twice as high (0.02
for ACC D1 and 0.019 for ACC DI10) relative to the median accrual decile (0.010 for
ACC D5J).

We also examined several other variations of measuring the ARBRISK but found that
these variations were highly correlated with the proxy used above. Hence, we persist with
the ARBRISK proxy discussed in the previous paragraph for the remaining analyses. In
particular, panel A of Table 3 shows that the Spearman rank correlation (all significant at
p<0.05, two tailed) between our main ARBRISK proxy above and (i) ARBRISK using
market model adjusted returns, based on the value-weighted CRSP index, for 48 month
returns prior to April 1 is 0.992; (ii) a measure using market-model regression of daily
returns on the CRSP equally weighted market index over 252 days ending one month prior
to April 1 of the ranking year is 0.843; and (iii) standard deviation of 252 daily
(48 monthly) returns ending one month prior to April 1 of the ranking year, without any
market model adjustment, is 0.843 (0.972). In untabulated results, we verify that the
regression results reported in Table 7 of the paper replicate with these alternate measures
of ARBRISK.

3.3. Jensen’s alphas for high idiosyncratic risk portfolios

The above discussion indicates that the arbitrageur is likely to hold smaller arbitrage
positions in stocks with higher ARBRISK. An empirical implication of the above
discussion is that returns to the accrual trading strategy would be concentrated in stocks
with higher ARBRISK. To assess whether that is indeed the case, we further classify stocks
in the extreme accrual quintile every year into partitions based on high and low
ARBRISK. High and low ARBRISK are defined as stocks, ranked on an annual basis,
that fall in the highest or lowest quintile of ARBRISK for that year. These two
independent sorts on ACC and ARBRISK result in four partitions of the data (ACC QI
and Q5 and ARBRISK Q1 and Q5). We choose a quintile-based sort because decile-based
sorts severely restrict the number of observations in some of these four partitions. Panel B
of Table 3 shows that these independent sorts result in an average of around 19
observations each year in the low ARBRISK sort for each of the extreme accrual quintiles
(ACC QI and ACC Q5) and 61-65 observations each year in the high ARBRISK sort for
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the extreme accrual quintiles (ACC Q1 and ACC Q5). These frequency counts suggest that
most of the extreme accrual firms have high ARBRISK.

Panel C of Table 3 reports the results of conducting the Fama—French regression (2) on
monthly returns of stocks in the four partitions formed by extreme accrual and ARBRISK
quintiles. As expected, most of the returns to the accrual strategy are concentrated in high
ARBRISK stocks. In particular, Jensen’s alpha for low accrual high ARBRISK partition
(ARBRISK Q5, ACC Ql) is 1.2% per month (z-statistic = 3.64) or 14.4% on an
annualized basis. In contrast, Jensen’s alpha for the low accrual low ARBRISK partition is
0.1% or 1.20% annualized and not statistically significant (z-statistic = 1.03). Somewhat
surprisingly, Jensen’s alphas for the short side of the accrual strategy (ACC Q5) are not
statistically significant in either the high or the low ARBRISK partitions.

We turn next to the behavior of Jensen’s alphas for the hedge strategy of going
long in ACC QI and short in ACC Q5, partitioned into high and low ARBRISK

Table 3
Descriptive statistics on ARBRISK and factor model regressions for monthly returns on portfolios sorted by
accruals and ARBRISK

Panel A: Spearman correlations between various measures of ARBRISK

ARBRISK japer, monthly, ew ~ ARBRISK 0nthiy, vw ARBRISK gaity, ew  ARBRISKgaity, vw 0, monthly

ARBRISK monthiy. v 0.992
ARBRISK aity. ew 0.843 0.850

ARBRISK gaity, v 0.845 0.854 0.998

Or. monthly 0.972 0.976 0.827 0.829

Or. daily 0.843 0.848 0.992 0.990 0.834

Panel B: Number of observations in portfolios based on two independent sorts on extreme accrual quintiles and extreme ARBRISK quintiles

Post-ranking year ~ ACC QI, ARBRISK Q1  ACC QI, ARBRISK Q5 ACC Q5, ARBRISK Q1  ACC Q5, ARBRISK Q5

1976 16 36 20 33
1977 16 51 13 37
1978 18 39 12 37
1979 19 32 11 52
1980 15 35 8 55
1981 11 45 11 47
1982 11 41 12 46
1983 16 50 36 59
1984 16 47 13 74
1985 16 57 11 48
1986 14 67 16 58
1987 15 66 20 64
1988 16 64 22 60
1989 20 66 19 57
1990 15 64 26 64
1991 13 74 22 72
1992 20 73 24 82
1993 25 62 17 91
1994 20 66 15 85
1995 26 66 16 80
1996 39 69 15 88
1997 25 70 24 86
1998 29 67 21 97
1999 28 92 31 77
2000 18 105 32 72
2001 24 84 36 84

Average 19.26 61.07 19.34 65.57
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Table 3 (continued)

Panel C: Factor model regression results for portfolios based on two independent sorts on extreme accrual quintiles and extreme ARBRISK
quintiles

Ry — Ry = a, + by (R — Ryi) + 5,SMB, + i, HML, 4 d, UMD, + &, @
Portfolio Post-ranking years 1976-2001
A t(a) b 1(b) s 1(s) h 1(h) d 1(d) R*

ARBRISK Q1

ACC Q1 0.001 1.03 0.796 25.23 0.094 2.14 0.386 8.05 0.044 1.27 0.684
ACC Q5 —0.002 —1.41 0.813 25.11 0.202 4.45 0.313 6.37 -0.034  —0.95 0.701
Hedge Q1-Q5 0.003 2.00 —0.016 —0.41 —0.108 —1.96 0.073 1.230 0.078 1.81 0.023
ARBRISK 05

ACC Q1 0.012 3.64 0.988 13.26 1.686 16.12  —0.205 —1.81 —0.168 —2.05 0.696
ACC Q5 —0.0004  —0.19 1.053 18.04 1.628 19.87  —0.100 —1.12 —0.140  -2.19 0.784
Hedge Q1-Q5 0.012 491 —0.065 —1.13 0.058 072 —0.106 —1.21 —-0.027 —0.44  —0.003

All correlations are significant at p <0.05, two-tailed.

ARBRISK japer, monthly, ew = the ARBRISK variable used in the paper based on the standard deviation of
residuals from a market model (with equally weighted CRSP index) that uses 48 monthly returns ending one
month prior to April 1 of the post-ranking year.

ARBRISK ,on¢hly, vw = the standard deviation of residuals from a market model (with value-weighted CRSP
index) that uses 48 monthly returns ending one month prior to April 1 of the post-ranking year.

ARBRISK 4,1y, ew = the standard deviation of residuals from a market model that uses 252 daily returns (with
equally weighted CRSP index) ending one month prior to April 1 of the post-ranking year.

ARBRISK g,i1y, vww = the standard deviation of residuals from a market model that uses 252 daily returns (with
value-weighted CRSP index) ending one month prior to April 1 of the post-ranking year.

Oy, monthly = standard deviation of 48 monthly returns ending one month prior to April 1 of the post-ranking year.
Oy, daily = standard deviation of 252 daily returns ending one month prior to April 1 of the post-ranking year.
At the end of each fiscal year from 1975-2000, all US common stocks (except financial firms) on NYSE, AMEX
and Nasdaq with December 31 year-ends and coverage on CRSP and required financial statement data on
Compustat are ranked on accruals scaled by average total assets. The same stocks are also independently sorted
on ARBRISK. ACC (Accruals) and ARBRISK are defined in notes to Table 1. From these two independent
sorts, we identify firms that belong to combinations of extreme ACC and ARBRISK quintiles. The hedge
portfolio for the ARBRISK Q1 sort is computed as the difference every month between returns on stocks in the
ACC QI, ARBRISK QI partition and the returns on stocks in the ACC QS5, ARBRISK QI partition. An
analogous procedure is repeated for the hedge portfolio in the ARBRISK QS5 cut. R,, — Ry, is the monthly return
on accrual portfolio p in excess of the Treasury bill rate in month 7, R,,, — Ry, is the excess return on the CRSP
equally weighted market index, SMB, and HML, are the returns on the Fama and French (1993) factor-mimicking
portfolios for size and book-to-market, respectively. UMD, is the difference between returns on portfolios of past
winners and losers, where winners (losers) are the top (bottom) quintile of stocks ranked by past return beginning
7 months and ending 1 month ago. The model is estimated using monthly returns from each year (April-March)
following annual portfolio formation, N = 312 monthly observations.

stocks.” Consistent with the idea that extreme accrual stocks have high idiosyncratic
volatility and hence lack close substitutes, we find that Jensen’s alpha on the hedge accrual
portfolio, ACC Q1-ACC QS5, for low ARBRISK QI stocks is 0.3% per month (or 3.6%

"To compute hedge strategy returns for the high ARBRISK partition, we calculate the difference in equally
weighted monthly average returns for (i) stocks in the low accrual and high ARBRISK partition (ACC Ql,
ARBRISK Q5); and (ii) stocks in the high accrual and high ARBRISK partition (ACC Q5, ARBRISK Q5). An
analogous process is repeated for low ARBRISK stocks.



C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33 17

annualized) as opposed to 1.20% per month (14.4% annualized) for high ARBRISK Q5
stocks.

4. Tilt portfolios

The focus in Sections 2 and 3 is primarily on documenting significant Jensen’s alphas to
the accrual strategy and not as much on actual investment decision-making. This section
discusses how a hypothetical arbitrageur might exploit the accrual anomaly documented in
Section 2 by tilting his investment portfolio away from the market index towards the accrual
strategy. The tilt procedure relies on methodology proposed by Kothari and Shanken (2003)
and Treynor and Black (1973). KS (2003) show that the extent of the tilt increases with the
magnitude of the incremental return to be obtained from the strategy and decreases with (i)
the idiosyncratic risk stemming from the strategy; and (ii) the lack of confidence in whether
the historical performance of the strategy will repeat in the future. The tilting procedure
takes a portfolio approach to the idiosyncratic risk borne by the arbitrageur.

4.1. Data and definitions

The data set used for this analysis is identical to that discussed in Section 2. We evaluate
the performance of stocks in extreme accrual deciles each year. In particular, we construct
ACC D1 and D10 portfolios based on accruals data for fiscal year ended December 31 of
year ¢ and start accumulating buy-and-hold monthly returns for a year beginning April 1
of year t+1. We assume a holding period of a year because Sloan (1996) shows that the
accrual strategy is most profitable over a 12-month period. We do not focus on monthly
performance as in the Fama—French regressions, because concepts such as the Sharpe ratio
(1964) and information ratios (discussed later) rely on the volatility of portfolio returns
and volatility tends to be relatively greater when measured in monthly rather than annual
intervals. We measure the performance of portfolios formed by tilting the CRSP equally
weighted market portfolio towards the accruals decile portfolios ranging from 0% to
100% and the corresponding weight on the market portfolio accordingly falling from
100% to 0%. The optimal tilt is achieved when the Sharpe ratio (excess return/standard
deviation of the excess return) of the tilt portfolio achieves the maximum.

For simplicity and consistency with KS (2003), we use a CAPM regression to estimate a
portfolio’s risk-adjusted performance.® To estimate the CAPM regression, we use the time-
series of annual post-ranking decile portfolio returns for 1976-2001 where the first year runs
from April 1976 to March 1977 and the last year runs from April 2001 to March 2002. The
specific stocks in each decile portfolio change annually because all available stocks are re-
ranked every December 31 on the basis of previous year’s accruals. The CAPM regression is

Ryy — Ry =0y + B, (Rmy - Rfy) + &y, “4)

where the definitions of the variables are the same as those related to Eq. (2) except that y
refers to annual returns. In particular, o, is Jensen’s alpha for the portfolio p over the entire
estimation period, f, is the CAPM beta risk of the portfolio over the entire estimation

8We could have considered tilts towards size and B/M portfolios besides accruals but we did not do so in the
interest of keeping things simple.
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period and ¢,,, is the portfolio residual risk. Beside the above, we report several performance
statistics for the tilt portfolios.

The portfolio tilt analysis complements the firm-specific arbitrage risk analysis as
follows. The denominator of the Sharpe ratio is the standard deviation of excess returns
6(Ryy—Ry,). Using (4), 07(R,y—Ry,) = B 0”(Ryy—Ry;) T 07(ey,). If X = 0%, the arbitrager is
100% in the market index and oz(prfRfy) = az(RmyfRfy). If X =100%, the arbitrager is
100% in the strategy portfolio and the increase in the portfolio excess return volatility
(relative to X = 0% and assuming f§ = 1) is due to az(spy). To the extent (4) or the market
model removes common variation in returns across accrual firms, the residual covariance
of returns across firms will be close to zero so that the volatility of returns to the portfolio
will simply be the sum of the residual volatility (arbitrage risk) of individual firms that
comprise the portfolio.

Finally, the number of observations used to compute the annual returns of the extreme
accrual deciles ranges from 82 per decile in 1976 to 182 per decile in 2001 (untabulated). Focus
on just a limited number of stocks is consistent with the empirical observation that arbitrageurs
usually take positions in less than 100 stocks to exploit an anomaly (Mendenhall, 2004).

4.2. Lack of confidence

The discussion in Section 3 alluded to the arbitrageur’s lack of confidence in whether
historical mispricing patterns would repeat in the future. Such uncertainty associated with
the success of a trading strategy can constitute a barrier to arbitrage, especially under the
“performance-based arbitrage” model proposed by Shleifer and Vishny (1997). In that
model, Shleifer and Vishny (1997) argue that specialized arbitrageurs manage hedge funds
on behalf of outside investors and investors’ funds flow in and out of a hedge fund
depending on the fund’s recent performance. Poor recent performance in a trading strategy
could lead investors to withdraw funds from the hedge fund requiring the fund to unwind
the position and suffer losses, thus rendering arbitrage difficult to accomplish.

KS (2003) devise a way to incorporate such skepticism into the portfolio allocation
decisions of the arbitrageur. In particular, they suggest incorporating a parameter value to
represent the arbitrageur’s lack of confidence in whether the trading strategy will replicate
in future years (labeled “¢”). Measures of the portfolio’s performance are then
appropriately discounted by ‘¢ (c-adjusted performance measures). Following KS
(2003), we assume a ¢ of 0.5 in our analyses.

4.3. Tilt towards accrual portfolios

Panel A of Table 4 reports the performance of a portfolio consisting of X percent of the
decile of income-decreasing accruals (ACC D1) and (100-X) percent of the CRSP equally
weighted portfolio. The X amount of the accruals decile ACC D1 in the portfolio varies
from 0% (suggesting all investment in the market portfolio and no tilt towards an accrual
portfolio) to 100% (i.e., all the investments in the accrual portfolio).

Panel A of Table 4 shows that a 0% tilt in favor of the ACC D1 portfolio yields an
average annual excess return, defined as raw portfolio return minus the 1-year risk-free
rate labeled Exrt, of 11.26% for the CRSP equally weighted portfolio as compared with an
average of 19.62% for the 100% investment in ACC DI1. Note that the standard deviation
of excess returns [g(exrt)] increases from 22.3% for the CRSP market portfolio to 37.86%
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Table 4
Performance of portfolios tilted toward accruals deciles 1976-2001 return data

Panel A: ACC DI long position tilt portfolio’s performance

Variable 0% 20% 40% 50% 60% 80% 100%
Exrt 11.26% 12.94% 14.61% 15.44% 16.28% 17.95% 19.62%
a(exrt) 22.30% 24.54% 27.36% 28.93% 30.59% 34.11% 37.86%
o 0.00% 0.71% 1.43% 1.78% 2.14% 2.86% 3.57%
Sharpe ratio 50.5 52.7 534 534 532 52.6 51.8
¢_Sharpe ratio 50.5 51.3 50.8 50.3 49.7 48.4 47.1
M 11.3 11.8 11.9 11.9 11.9 11.7 11.6

c M 11.3 11.4 11.3 11.2 11.1 10.8 10.5

Panel B: ACC DI0 long position tilt portfolio’s performance

Variable 0% 20% 40% 50% 60% 80% 100%
Exrt 11.26% 10.27% 9.27% 8.78% 8.28% 7.29% 6.29%
a(exrt) 22.30% 23.11% 24.08% 24.61% 25.19% 26.42% 27.76%
o 0.00% —1.36% —2.72% —3.40% —4.08% —5.44% —6.79%
Sharpe ratio 50.5 44.4 38.5 35.7 32.9 27.6 22.7
¢_Sharpe ratio 50.5 47.4 44.1 4.6 41.0 37.9 34.9
M 11.3 9.9 8.6 8.0 7.3 6.1 5.1

c M 11.3 10.6 9.8 9.5 9.1 8.4 7.8

Panel C: ACC DI0 short position tilt portfolio’s performance

Variable 0% —20% —40% —50% —60% —80% —100%
Exrt 11.26% 12.26% 13.25% 13.75% 14.25% 15.24% 16.24%
a(exrt) 22.30% 21.67% 21.24% 21.10% 21.01% 20.99% 21.19%
o 0.00% 1.36% 2.72% 3.40% 4.08% 5.44% 6.79%
Sharpe ratio 50.5 56.6 62.4 65.2 67.8 72.6 76.6
¢_Sharpe ratio 50.5 53.4 56.0 57.1 58.1 59.7 60.6
M 11.3 12.6 13.9 14.5 15.1 16.2 17.1
c M? 113 11.9 12.5 12.7 13.0 13.3 13.5

Panel D: ACC DI long and ACC D10 short position tilt portfolio’s performance

Variable 0% 20% 40% 50% 60% 80% 100%
Exrt 11.26% 11.68% 12.09% 12.30% 12.50% 12.92% 13.33%
a(exrt) 22.30% 19.28% 16.97% 16.19% 15.70% 15.71% 17.00%
o 0.00% 2.07% 4.15% 5.18% 6.22% 8.29% 10.36%
Sharpe ratio 50.5 60.6 71.2 76.0 79.6 82.2 78.4
¢_Sharpe ratio 50.5 55.2 59.0 60.0 59.8 55.9 47.9
M 113 13.5 15.9 16.9 17.8 18.3 17.5

c M 113 12.3 13.2 13.4 13.3 12.5 10.7

At the end of each fiscal year from 1975 to 2000, all US common stocks (except financial firms) on NYSE, AMEX
and Nasdaq with December 31 year-ends and coverage on CRSP and required financial statement data on
Compustat are ranked into deciles based on accruals scaled by average total assets. Accruals (ACC) are defined in
notes to Table 1. The accruals portfolio is equally weighted. Exrt is the time-series average of annual excess
returns on a tilt portfolio over the period. We assume that X, the tilt towards the accrual portfolio ranges from 0%
to 100% in panels A-B, D and from 0% to —100% in panel C. o(exrt) is the standard deviation of excess returns. o
is Jensen’s alpha estimated in the following CAPM regression: R,,—Rj, = o, + ,(R,,,~Rp) + ¢, where R, is
portfolio annual return, Ryis annual risk free rate, R, is CRSP equally weighted annual market return, 8, is the
CAPM beta, y is year, o, is Jensen’s alpha for the portfolio p over the entire estimation period and ¢, is the
residual risk. Sharpe ratio is Exrt/a(exrt). c_Sharpe is the Sharpe ratio based on reduced alpha, that is (Exrt-ca )/
o(exrt), where ¢ = 0.50. M? is defined as the Sharpe ratio times o(Market excess return) and represents the excess
return on a combination of the active portfolio and the riskless asset that has the same standard deviation as the
market portfolio. ¢_M? is the M? measure based on reduced alpha or ¢_Sharpe times o(market excess return).
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for the 100% tilt in favor of ACC D1. Thus, the Sharpe-ratio [defined as Exrt/o(exrt)] for
the 100% tilt ACC D1 portfolio is 51.8 relative to 50.5 for the market.

KS (2003) propose a new measure, ¢_Sharpe based on reduced alpha, that is (Exrt-co)/
a(exrt). The new measure is intended to capture an arbitrageur’s skepticism about the
historical performance of an investment strategy through the lack of confidence variable
¢ discussed earlier. The ¢_Sharpe measure for the ACC D1 portfolios is the highest at 51.3
for a tilt of 20% in the ACC D1 portfolio.

Modigliani and Modigliani (1997) propose the M> measure of assessing risk of a portfolio.
M?, defined as the Sharpe ratio x o(Market excess return), represents the excess return on a
combination of the active portfolio and the riskless asset that has the same excess return
volatility as the market portfolio. M?, expressed as a percentage, can be compared to the
average return on the market for the same time period to assess whether an active investment
strategy can beat the market benchmark on a risk-adjusted basis. The ¢_M? measure, proposed
by KS (2003) is the M> measure based on reduced alpha or ¢_Sharpe x o(market excess return).

M? for the 100% tilt portfolio suggests that normalized for market volatility, the
strategy earns 11.6% compared to 11.3% for the market index. However, after setting
¢=0.5, ¢c_M? from the 100% tilt portfolio is only 10.5% and thus lower than the 11.3%
for the CRSP market portfolio. The ¢ _M? measure is highest at 11.4% suggesting an
optimal tilt in favor of the ACC D1 portfolio of 20%. However, a 20% tilt yields only
0.1% incremental return relative to the market portfolio (11.5%-11.4%).

Panel B shows that a tilt in favor of the income-decreasing accrual strategy (ACC D10)
decreases excess return. Long positions in ACC D10 lose money because Jensen’s alpha is
negative. A 100% tilt (long position) in favor of ACC D10 yields 6.29% excess return with
an o of —6.79%. The Sharpe-ratios and M? reported for a long position in a strategy that
yields negative o’s are not interpretable. To address that limitation, we allow X to assume
negative values and range from 0% to —100% in panel C. To retain the net investment at
100%, the negative tilt in ACC D10 is more than made up by a positive tilt in the market
portfolio. In other words, a —100% X in ACC D10 involves a +200% investment (1—X) in
the market portfolio. Panel C of Table 4 shows that ¢_M? keeps increasing as the negative
tilt or the short position in ACC D1 increases. In fact, a 100% short position in ACC D10
stocks and hence a 200% long position in the market index is the most profitable because
the ¢_M? for that position is the highest.

Panel D reports the performance of a portfolio that is long on accrual D1 stocks and
short on accrual D10 stocks. Note that the accruals spread portfolio (D1-D10) earns higher
Sharpe ratios and M than only assuming long positions in accrual D1 stocks. For example,
a 80% tilt in favor of the hedge strategy yields a Sharpe ratio of 82.2 relative to the
maximum Sharpe ratio of 53.4 in the ACC D1 portfolios in panel A. The ¢_Sharpe ratio
attains its maximum at 60 corresponding to a 50% tilt in the accrual D1-D10 spread. At
higher levels of investment in the accrual spread, idiosyncratic risk dominates and the
performance measures deteriorate quickly. Note that ¢_M? also attains its maximum level
when the tilt is 50% and the return is 13.4%, i.e., 2.1% more than the CRSP market index.’

“Note that the “tilt” asset for the accrual spread is a position consisting of $1 in U.S. Treasury bills and a zero
investment in the spread portfolio. In other words, we assume that the investor implicitly receives interest on
proceeds of the short sale of D10 accruals decile and invests the proceeds in the D1 accruals decile. Because we
focus on excess returns, the return on the $ investment in T-bills is netted out and the performance measures are
determined completely by the spread between D10 and D1 accruals decile.
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The tilt analyses presented above rely on equal weighting of the stocks in the extreme
deciles. Some readers might argue that value weighting is the more appropriate procedure.
Note, however, that the market value of the average firm in our extreme accrual portfolios
is arguably small given that the market capitalization of the average firm in ACC D1 (D10)
is $565.61 million ($293.80 million). Hence, value-weighting might not be a satisfactory
solution either. Nevertheless, we repeat the above tilt analyses with value-weighting and
find qualitatively similar results. In un-tabulated analyses, we find (i) the tilt towards the
ACC DI portfolio (negative accruals) at which ¢_M? is the highest is 80% but the
incremental return for an 80% tilt relative to no tilt is only 0.7% (8.9% for 80% tilt versus
8.2% for the 0% tilt); (ii) no tilt dominates any tilt in favor of going long on the ACC D10
(positive accruals) portfolio because the portfolio needs to be shorted to be profitable; and
(iii) a tilt of 50% in favor of the hedge strategy (long on ACC D1 and short on ACC D10)
maximizes ¢_M?> but the incremental return for that tilt relative to no tilt is 3.2% (11.4%
for 50% tilt versus 8.2% for no tilt).

In sum, the analyses in this section suggest that the tilt that maximizes ¢_M? yields an
incremental adjusted return over the market index of either 2.1% or 3.2% depending on
whether equal or value weighting is considered. This return has to be interpreted with the
caveat that we completely ignore transaction costs, especially those related to short sales of
the ACC D10 stocks. We turn to the transaction costs issue in the next section.

5. Transaction costs
5.1. Stock price

Ball et al. (1995) show that market microstructure considerations can have a significant
impact on the implementability of a trading strategy. In particular, trading strategies
documented in analyses similar to that in Section 2 are based on CRSP closing prices and
thus ignore bid-ask spreads, illiquidity and other transaction costs. Ball et al. (1995) use share
price as a proxy for such transaction costs and document a strong association between the
profitability of the DeBondt-Thaler (1985, 1987) 5-year contrarian strategy and low-priced
stocks. Bhardwaj and Brooks (1992) and Blume and Goldstein (1992) also argue that direct
transaction costs such as quoted bid-ask spreads and commission per share are inversely
related to share price. Bhushan (1994), based on discussions with institutional money
managers, contends that stock price is negatively related to commissions.

To ascertain whether the accrual strategy is concentrated in low-priced stocks, we follow
the empirical strategy employed by Ball et al. (1995). In particular, we sort stocks into the
extreme quintile of accruals each year. Observations in each of the ACC Q1 and ACC Q5
portfolios are then ranked on their stock prices at the end of the year and assigned to price
quartiles. The first (fourth) price-quartile portfolio consists of the lowest (highest) 25% of
stocks sorted on stock price. Thus, each of the price-quartiles has an approximately equal
number of observations every year (average of 62 firms per year)."”

10%We switch from accrual deciles in the previous section to quintiles here because (i) further sorts based on stock
price would reduce the number of firms every year in any sort to an unacceptably small number; and (ii) such a
design is comparable to that used by Ball et al. (1995). Also note that the descriptive statistics in panel A of Table
1 show that the two extreme accrual decile portfolios have the lowest mean stock price and lowest trading volume
(examined in the next subsection).
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In panel A of Table 5, we report the equally weighted post-ranking buy-and-hold
returns, average market capitalization and the average stock price for four price quartiles
in each of the ACC Q1 and ACC QS5 portfolios. The mean stock price for the ACC Ql,
Price Q1 (ACC QS5, Price Q1) classification is $3.48 ($3.96) and the mean market
capitalization is $58.965 million ($37.679 million). These low stock prices and small market
capitalizations question the implementability of the accrual strategy research design, which
typically assumes that trading positions can be established at CRSP closing prices without
regard for market microstructure issues. It could be hard to invest a sizeable amount in
most of these stocks without influencing their stock price.

In panel B, we report Jensen alphas from a time-series regression using monthly
portfolio returns from a multi-factor Fama—French model (Eq. (2)) for each of the price
quartiles. As expected, the highest Jensen’s alpha for the ACC Q1 portfolios is found in the
Price Q1 partition (1.20% per month with a #-statistic of 4.43 or 14.4% annualized). In
contrast, none of Jensen’s alphas for the other stock-price based cuts approach statistical
significance in the ACC Q1 portfolios suggesting that all the abnormal return on the long
side of the accrual trading strategy is earned in low-price stocks.

Turning to the short side of the accrual trading strategy, we would expect to observe the
largest negative alphas for the lowest stock price quartile for high accrual stocks, the ACC
QS5, Price QI partition. However, contrary to expectations, stocks in the ACC QS5, Price Q1
partition earn a positive Jensen’s alpha of 0.47% per month although statistical
significance is weak (z-statistic = 1.61). Stocks in the ACC Q5, Price Q2 partition behave
in a manner consistent with expectations as Jensen’s alpha for that partition is —0.41% per
month (z-statistic = —3.46) annualized to —4.92%. Stocks in the remaining two higher
price quartiles under ACC QS5, where shorting should be relatively easier, report smaller
negative alphas, as expected. These results weakly suggest that the short side of the strategy
is more profitable for small stock priced portfolios.

We also compute hedge strategy returns of stocks for the four different stock price
partitions. In particular, we compute the difference between equally weighted monthly
returns of ACC Q1 stocks and ACC Q5 stocks conditional on the stock price quartile they
belong to. Consistent with the earlier results, we find that Jensen’s alpha for the ACC
QI1-ACC Q5 hedge strategy is highest at 0.73% per month (z-statistic = 3.27) or 8.76%
annualized in the lowest stock price quartile. In contrast, the hedge strategy earns only
0.30% per month (z-statistic = 2.02) or 3.6% annualized in the highest price-quartile.
Thus, the accrual anomaly is most pronounced among stocks with low stock prices.

5.2. Volume

Volume is another proxy for transaction costs. Stocks that experience greater trading
volume are likely to be associated with lower transaction costs. Stoll (2000) shows that
both recent stock price and recent dollar trading volume are significantly associated with
one cost of trading—the bid-ask spread. Bhushan (1994) argues that dollar-trading volume
is negatively associated with trading costs such as price pressure and the time required to
fill an order. To evaluate the effect of volume on the profitability of the accrual trading
strategy, consistent with Bhushan (1994), we compute the dollar trading VOLUME for a
firm defined as CRSP daily closing price times CRSP daily shares traded, averaged over a
year ending one month prior to April 1 of the post-ranking year (over 250 trading days).
Observations in each of the ACC Q1 and ACC QS5 portfolios are first ranked on their
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Table 5
Accrual strategy: analysis of price-quartile portfolios formed every year

Panel A: Raw returns, market capitalization and stock prices

R1 Market capitalization (in millions) Price (§)

Mean Std. devn. Median Mean Std. Devn. Median Mean Std. Devn. Median
ACC Q1
Price Q1 0.30 1.49 0.04 58.965 159.537 18.333 3.48 2.48 3.00
Price Q2 0.19 0.79 0.07 249.677 607.660 75.401 10.70 3.78 10.25
Price Q3 0.19 0.62 0.11 724.888 1,598.285 245.373 22.11 4.93 22.00
Price Q4 0.16 0.41 0.12 4,862.115 14,358.627 1,025.633 50.24 33.50 41.75
ACC Q5
Price Q1 0.20 1.06 —0.03 37.679 100.534 13.535 3.96 2.68 3.44
Price Q2 0.11 0.72 0.01 135.516 307.696 51.311 11.30 3.81 11.25
Price Q3 0.11 0.57 0.05 624.350 3,221.755 167.993 21.97 4.74 21.84
Price Q4 0.08 0.46 0.03 1,923.004 6,313.905 564.600 47.96 35.85 40.63

Panel B: Fama— French regressions

Ry — Ry =ay + bp (le - R/'t) +5,SMB, + h]}HMLl + d,:UMDr + épt 2
a t(a) b t(b) N 1(s) h t(h) d t(d) R?

ACC QI
Price Q1 0.0120 443 0.8870 13.89 1.5189 16.95 0.1184 1.22 —0.0362  —0.52 0.69
Price Q2 0.0023 1.53 0.9565 27.68 1.0259 21.16 0.1267 241 —0.1567 —4.13 0.85
Price Q3 —0.0001 —0.06 1.0316 34.60 0.6960 16.64 0.2826 6.23 —0.0207  —0.63 0.86
Price Q4 0.0001 0.65 1.0752 33.78 0.2491 5.58 0.0193 0.40 —-0.0974  -2.79 0.84
ACC Q5
Price Q1 0.0047 1.61 0.8080 11.73 1.6247 16.81 0.0103 0.10 —0.0308 —0.41 0.66
Price Q2 —0.0041 —3.46 1.0098 36.42 1.1012 28.31 0.2527 5.99 —0.0594  —-1.95 0.90
Price Q3 —0.0022 —1.90 1.0893 40.10 0.7593 19.92 0.0803 1.94 —0.1596  —5.36 0.90
Price Q4 —0.0021 —1.80 1.0698 39.59 0.3353 8.84 —0.1589  —3.87 —0.1899  —6.41 0.89
ACC QI-ACC Q5
Price Q1 0.0073 3.27 0.0790 1.51 —0.1057 —1.44 0.1081 1.36 —0.0054  —0.09 0.009
Price Q2 0.0063 397 —0.0533 —1.42 —0.0753 —1.43 —0.1260  —2.21 —0.0973 —2.37 0.015
Price Q3 0.0021 1.40  —0.0578 —1.62 —0.0633 —-1.27 0.2023 3.74 0.1390 3.56 0.104
Price Q4 0.0030 2.02 0.0054 0.16 —0.0863 —1.79 0.1782 3.41 0.0925 2.45 0.064

At the end of each fiscal year from 1975 to 2000, all US common stocks (except financial firms) on NYSE, AMEX
and Nasdaq with December 31 year-ends and coverage on CRSP and required financial statement data on
Compustat are ranked into quintiles based on accruals scaled by average total assets. Accruals (ACC) are defined in
notes to Table 1. Each portfolio consists of the extreme quintile of accruals ranked every year. There are 26 ranking
periods resulting in approximately 62 firm-period observations in each of the price quartiles for any given accrual
quintile. The ACC Q1 and ACC Q5 stocks are further ranked on stock price at the end of 1 month prior to April 1 of
the post ranking year and assigned to 4 portfolios each year. Price Q1 consists of the lowest-priced 25% stocks and
Price Q4 consists of the highest-priced 25% stocks each year. Portfolios are equally weighted. Market capitalization is
in millions of dollars at the end of December of the ranking year. Panel A presents descriptive statistics for 1-year
buy-and-hold post ranking period raw returns (April-March), market capitalization and stock prices at the end of
December of the ranking year. Panel B presents regression results for each portfolio. R, — Ry is the monthly return
on accrual portfolio p in excess of the Treasury bill rate in month 7, R,,, — Ry; is the excess return on the CRSP equally
weighted market index, SMB, and HML, are the returns on the Fama and French (1993) factor-mimicking portfolios
for size and book-to-market, respectively. UMD, is the difference between returns on portfolios of past winners and
losers, where winners (losers) are the top (bottom) quintile of stocks ranked by past return beginning 7 months and
ending one month ago. The model is estimated using monthly returns from each year following annual portfolio
formation. The hedge portfolio (ACC QI1-ACC Q5) for the Price Q1 sort is computed as the difference every month
between returns on stocks in the ACC Ql, Price QI partition and the returns on stocks in the ACC QS, Price Q1
partition. An analogous procedure is repeated for the hedge portfolios in the Price Q2-Q4 cuts.



24 C. Mashruwala et al. | Journal of Accounting and Economics 42 (2006) 3-33

dollar trading volume at the end of the each year and assigned to volume quartiles. The
first (fourth) VOLUME-quartile portfolio consists of the lowest (highest) 25% of stocks
sorted on dollar trading volume. Thus, each of the VOLUME-quartiles has an
approximately equal number of observations every year.

In panel A of Table 6, we report the equally weighted 12-month post-ranking return,
average market capitalization and average dollar trading volume for various portfolios
sorted on ACC and VOLUME. The reported results are similar in spirit to the stock price
based sorts. In panel B, we report Jensen alphas from a monthly time-series regression
from a multi-factor Fama—French model as in Eq. (2) for each of the volume quartiles. As
expected, Jensen’s alpha for the ACC Q1 and VOLUME Q1 partition is 1.18% per month,
or 14.16% annually, and strongly significant (¢ = 5.24). Again contrary to expectations,
Jensen’s alpha for ACC Q5, VOLUME Q1 partition is positive. The most negative
Jensen’s alpha is found in the third VOLUME quartile at -0.46% per month
(t-statistic = —3.60) or —5.52% annualized. Thus, the negative returns for the short-
position based on ACC QS5 are not necessarily concentrated in the low-volume stocks.

We compute hedge strategy returns of stocks in different volume partitions by
differencing equally weighted returns of ACC Q1 stocks and ACC QS5 stocks conditional
on the volume quartile to which they belong. As expected, we find that Jensen’s alpha is

Table 6
Accrual strategy: Analysis of volume-quartile portfolios formed every year

Panel A: Raw returns, market capitalization and volume

R1 Market capitalization (in millions) Average daily volume (in $ millions)
Mean Std. devn. Median Mean Std. devn. Median Mean Std devn. Median
ACC Q1
Volume Q1 0.32 1.49 0.08 33.354 116.700 13.264 0.026 0.030 0.015
Volume Q2 0.24 0.96 0.08 110.773 256.587 56.604 0.212 0.200 0.142
Volume Q3 0.14 0.69 0.06 350.568 450.607 216.703 1.236 1.261 0.801
Volume Q4 0.16 0.51 0.11 4,599.276 13,135.693 1,369.040 20.996 105.238 5.796
ACC 05
Volume Q1 0.17 0.68 0.03 27.006 73.898 12.575 0.028 0.030 0.017
Volume Q2 0.19 1.06 0.02 79.893 121.007 51.137 0.197 0.179 0.136
Volume Q3 0.06 0.55 —0.02 277.527 426.442 174.474 1.187 1.278 0.700
Volume Q4 0.08 0.52 0.03 2,623.166 7,369.682 1,166.036 17.367 44.576 6.636

Panel B: Fama— French regression

Ry — Ry =y + by (Ruy — Ry) + 5,SMB, + i, HML, + d, UMD, + 5, o)
a t(a) b t(b) K t(s) h t(h) d 1(d) R?

ACC QI

Volume Q1 0.0118 5.24 0.7836 14.80 1.1803 15.89 0.3078 3.82 0.0946 1.63 0.66
Volume Q2 0.0056 2.87 0.9223 20.21 1.2579 19.64 0.0419 0.60 —0.0672 —1.34 0.79
Volume Q3 —0.0012  —0.70 1.1062 27.14 0.9906 17.32 0.0723 1.17 —0.1886 —4.22 0.83
Volume Q4 0.0008 0.57 1.1753 34.79 0.4204 8.87 0.0857 1.67 —0.1901 —5.13 0.85
ACC 05

Volume Q1 0.0024 1.20 0.8022 16.97 1.1459 17.28 0.4221 5.87 0.0921 1.78 0.70
Volume Q2 —0.0009 —0.55 0.9399 24.96 1.2027 22.76 0.0107 0.19 —0.0168 —0.41 0.85
Volume Q3 —0.0046  —3.60 1.1390 38.26 0.9086 21.75 —0.0227  —0.50 —0.2184 —6.69 0.90

Volume Q4 —0.0024  —-1.59 1.1576 3222 0.4740 9.40 —0.2103  -3.85 —0.3592 =9.11 0.85
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Table 6 (continued)

3

ACC QI-05 a 1(a) b 1(b) s «(s) h 1(h) d «d) R

Volume Q1 0.0094  4.65 —0.0186 —0.39  0.0345  0.52 —0.1143  —1.59  0.0025 0.05 0.003
Volume Q2 0.0065  3.96 —00176  —046 00552  1.02 00312 0.53 —0.0504 ~120  0.001
Volume Q3 0.0034 181 —0.0328 —0.75 00821 134 00951  1.44 0.0299 0.63 0.002
Volume Q4 0.0033  1.80 00177 042 —0.0536  —090 02961  4.59 0.1690 3.63 0.086

At the end of each fiscal year from 1975 to 2000, all US common stocks (except financial firms) on NYSE, AMEX
and Nasdaq with December 31 year-ends and coverage on CRSP and required financial statement data on
Compustat are ranked into quintiles based on accruals scaled by average total assets. Accruals (ACC) are defined
in notes to Table 1. Each portfolio consists of the extreme quintile of accruals ranked every year. There are 26
ranking periods resulting in a total of 62 firm-period observations in each of the four volume quartile partitions
for a given accrual quintile. The ACC Q1 and ACC QS5 stocks are further ranked on dollar trading volume and
assigned to four portfolios each year. Volume is the average daily dollar trading volume computed as CRSP daily
closing price times CRSP daily shares traded ending one month prior to April 1 of the post-ranking year averaged
over 250 trading days. Volume QI consists of the 25% of the lowest-dollar volume stocks and Volume Q4 consists
of 25% of the highest-dollar volume stocks each year. Portfolios are equally weighted. Market capitalization is in
millions of dollars on December 31 of the ranking year. Panel A presents descriptive statistics for 1-year buy-and-
hold post-ranking period raw returns (April-March), market capitalization and dollar trading volume. Panel B
presents regression results for each portfolio. R, — Ry; is the monthly return on accrual portfolio p in excess of the
Treasury bill rate in month ¢, R,,,, — Ry, is the excess return on the CRSP equally weighted market index, SMB, and
HML, are the returns on the Fama and French (1993) factor-mimicking portfolios for size and book-to-market,
respectively. UMD, is the difference between returns on portfolios of past winners and losers, where winners
(losers) are the top (bottom) quintile of stocks ranked by past return beginning 7 months and ending one month
ago. The model is estimated using monthly returns for the year (April-March) following annual portfolio
formation. The hedge portfolio (ACC Q1-Q5) for the Volume Q1 sort is computed as the difference every month
between returns on stocks in the ACC Q1, Volume Q1 partition and the returns on stocks in the ACC QS5, Volume
QI partition. An analogous procedure is repeated for the hedge portfolios in the Volume Q2-Q4 cuts.

highest at 0.94% per month (#-statistic = 4.65) or 11.28% annualized in the lowest volume
quartile. In contrast, Jensen’s alpha for the hedge strategy in the highest volume portfolio
is 0.33% (¢-statistic = 1.80) or 3.96% annualized. Thus, a combined reading of evidence
presented in Sections 5.1 and 5.2 suggests that the accrual anomaly is disproportionately
found in stocks that suffer from high transaction costs, proxied by low stock prices and
low trading volume.

6. Integrated analyses
6.1. Cross-sectional regression

In this section, we regress buy-and-hold size-adjusted 12-month post-ranking returns for
firms on the accrual decile ranking and the accrual decile ranks interacted with proxies for
idiosyncratic volatility, ARBRISK, and transaction costs proxies, PRICE and VOLUME,
after controlling for other firm-characteristics such as CAPM beta, B/M and earnings-to-price
(E/P) that are known to predict stock returns. We estimate the following regression every year:

SAR ;41 = op + ;] ACCY® 4 0, ACCIx ARBRISK & + 613 ACCI*«PRICES*
+ 24 ACCI«VOLUMEY® 4 45 ACCI4SIZEX® + 06 9 4 017 B /M
+ogB /P + ey, (5)
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where

SAR1; 4+ = size-adjusted returns for firm #, calculated for 12 months starting
April 1 every year (¢+1 is the post ranking year, ¢ is the ranking
year),

ACCYee, = the scaled annual decile rank for ACC assigned for each firm every

year. In particular, we rank the values of ACC for every firm into
deciles for each year r. The ranks are then transformed such that
each observation related to ACC takes the value ranging between
—0.5 and 0.5. This coding scheme has the advantage that the
coefficient on ACCY* can be interpreted as returns to a zero-
investment accruals portfolio. A similar coding scheme is adopted
for all independent variables, denoted by the superscript “dec.”!!
ARBRISK %<, = the scaled annual decile rank for ARBRISK for each firm each year.
As before, ARBRISK is computed as the residual variance from a
standard market model regression of its returns on the returns of
the CRSP equally weighted market index over the 48 months ending

one month prior to April 1 of the post-ranking year ¢+ 1.'?
PRICE®¢, = the scaled annual decile rank related to CRSP closing stock price

one month before April 1 of post ranking year ¢+ 1 for each firm.
VOLUME®*, = the scaled annual decile rank related to CRSP daily closing price

times CRSP daily shares traded, averaged over a year ending one
month prior to April 1 of the post-ranking year ¢+ 1 for each firm.

SIZE%*,, = the scaled annual decile rank related to the market value of equity,
measured as ranking year-end stock price (Compustat item 199)
times the number of shares outstanding at ranking year-end for
each firm (Compustat item 25).

ﬁdec,-, = the scaled annual decile rank related to the CAPM beta measured
using 48 monthly return observations ending one month prior to
April 1 of the post-ranking year.

B/M%¢, = the scaled annual decile rank related to book-to-market (BM) which
is the ratio of the year-end book value of equity (Compustat item 60)
to the year-end market value of equity for each firm.

E/Picc = is the scaled annual decile rank of operating income after
depreciation (Compustat 178) scaled by the year-end market value
of equity for each firm every year.

""'The ranking process is executed as follows. Every year, we assign a decile-based rank to each variable from
one to ten. Following Bernard and Thomas (1990), we transform this rank by subtracting one and dividing by
nine. Finally, we subtract 0.5 from each of these transformed ranks such that the decile ranks range from —0.5 to
0.5.

2Note the role of coding the extreme deciles as —0.5 and 0.5 instead of using the standard 0 to 1 coding scheme.
If we had coded low (high) ARBRISK deciles as 0(1) and ACC 1 (ACC 10) deciles as 0(1), the presence of zero in
the extreme deciles would render the regression results un-interpretable. This is because the 0/1 coding cannot
distinguish between the following three scenarios: (i) low ARBRISK, ACCI1 (0%0 = 0); (ii) high ARBRISK,
ACCI1 (1#%0 = 0); and (iii) low ARBRISK, ACCI10 (0*1 = 0). Inability of the 0/1 coding scheme to distinguish
between high and low ARBRISK leads to loss of statistical power to test the hypothesis that accruals mispricing is
pronounced among high ARBRISK firms.
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Eq. (5) is estimated annually over the post-ranking sample period 1976-2001 on the base
sample of 32,299 firm-year observations discussed in Section 2.2. Firm-year observations
with missing values for any of the variables in Eq. (6) are eliminated to construct the base
sample. The coefficients, reported in Table 7, are averaged over the 26 years and the
reported z-statistics are computed from the average and standard deviation of these 26
coefficients to address cross-correlation concerns (Fama and MacBeth, 1973; Bernard,
1987). Details specifying the motivation behind inclusion of the independent variables are
discussed next.

6.2. More on the specification

Several aspects of the regression deserve comment. The specification in (5) exploits
cross-sectional variation in all firm observations instead of focusing on specific groups of
firms sorted on some firm characteristic. As mentioned before, the coefficient on ACCY
represents the size-adjusted returns to a zero-investment strategy in accruals. We expect the
coefficient on ACC™* to be negative because firms with larger (smaller) accruals have
larger (smaller) decile ranks and earn negative (positive) subsequent abnormal returns.
Further, the coefficient on ACCY*%*ARBRISK"® represents the additional spread in
returns, between low accrual and high accrual stocks, for observations in the highest versus
the lowest decile of ARBRISK. If ARBRISK contributes to the accrual anomaly, we
would expect a negative coefficient on the ACC** ARBRISK** term.

Transaction costs are expected to be lower for firms with greater VOLUME and PRICE.
Given that the abnormal returns to high (low) accruals is negative (positive) and we expect
such abnormal returns to be higher for stocks with higher transaction costs, we expect
positive coefficients on the interaction of ACC% with PRICE®* and VOLUME®*. We
introduce the interaction of size and accruals (ACCY“%SIZE%‘) as an alternate
transaction cost proxy. If transaction costs vary inversely with size, we expect a positive
coefficient on the interaction of size and accruals. We also include three firm
characteristics, CAPM f, B/M and E/P, as independent variables that that are known
to be associated with future returns (Lakonishok et al., 1994; Fama and French, 1992,
1995, 1996)."?

6.3. Empirical analyses

Descriptive statistics for each variable in the regression are reported in panel A of
Table 1 where the means of each variable for each accrual decile are reported. Recall the
regression uses decile ranks whereas Table 1 reports results using the underlying data. The
two extreme accrual deciles exhibit the highest ARBRISK, and lowest PRICE, VOLUME,
and SIZE consistent with arbitrage risk and transactions costs inhibiting arbitrage activity
in the accrual strategy. Correlations are reported in panel B of Table 1. While most of the
correlations are significant (indicated by boldtype), many are below 0.10 in value. The

3We also considered dividend yield as another barrier to arbitrage. Pontiff (1996) argues that securities that
pay large dividends will be subject to less mispricing because the holding costs incurred by arbitragers are smaller.
In untabulated analyses, we interact DIV where dividend yield is total dividends available to common
shareholders (Compustat item #21) divided by beginning of the year market capitalization, with ACC but find
that the coefficient on that interaction term is not statistically significant.
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highest correlations are reported among the proxies for arbitrage risk and transaction costs
(PRICE, VOLUME and SIZE). To assess the effects of multi-collinearity we report
regression results separately for these variables below.

We present the results of estimating Eq. (6) in Table 7. Note that the coefficient on
ACCY* is —0.085 (¢-statistic = —4.17) in column (1) suggesting that the accrual anomaly is
profitable, on average, and the hedge strategy of establishing long (short) positions in
income-decreasing (income-increasing) accrual firms yields an annual size-adjusted buy-
and-hold return of 8.5%.'* Column (2) shows that the interaction of ACCY* and
ARBRISK is negative and significant (coefficient = —0.074, z-statistic = —4.02) but the
coefficient on ACCY® remains negative and significant (coefficient = —0.113, ¢-
statistic = —2.05). Note that the main effect on ACCY® may be interpreted as the
difference in abnormal returns to the accruals strategy between two hypothetical
observations, both with median levels of ARBRISK, one in the highest and the other in
the lowest ACC decile. The coefficient on the interaction term ACCY*%* ARBRISK may be
interpreted as the additional spread in abnormal returns, between the high and low accrual
stocks, for observations in the highest versus lowest ARBRISK deciles.

The regression coefficients from column (2) can be used to compute the spread in accrual
hedge strategy returns for high and low ARBRISK stocks. For example, for stocks in the
lowest accrual portfolio (ACC 1 and hence a decile rank of —0.5) and highest ARBRISK
portfolio (hence a decile rank of +0.5), the size-adjusted future annual returns are 7.5%
[0.113%—0.5—-0.074%(—0.5%0.5)]. In contrast, the abnormal returns for the lowest
accrual portfolio (ACC 1) and lowest ARBRISK portfolio (hence a decile rank of —0.5) is
only 3.8% [—0.113%—0.5—0.074%(—0.5%—0.5)]. If the reader is willing to assume that
ARBRISK has a symmetric effect on both the long and short side of the accrual strategy,
abnormal returns for stocks in ACC 10 and highest ARBRISK portfolio are —7.5% while
stocks in ACC 10 that are in the lowest ARBRISK decile earn only —3.8%.'° These results
are consistent with our hypothesis that abnormal returns to the accrual trading strategy are
increasing in the inability of arbitrageurs to find close substitutes for mispriced stocks.

When proxies for transaction costs are added separately in columns (3) and (4), we find
that the interaction of PRICE and accruals is positive but not significant (z-statistic = 0.67)
while the interaction of VOLUME and accruals is positive and marginally significant
(z-statistic = 1.31, p-value = 0.10, one-tailed). The positive signs on the interaction terms
suggest that the negative returns to the accrual strategy diminish with higher stock prices
and higher trading volume. However, the statistical significance of the interaction terms is

It is often stated that coding the accrual deciles (or other information signals) from 0 to 1 results in estimating
the returns to a hedge portfolio long in decile 1 and short in decile 0. However, this is incorrect. While coding the
deciles to between 0 to 1 results in a zero investment portfolio, the regression weights sum to zero across all
observations. Thus, the hedge portfolio returns are based on short and long positions across all 10 deciles and not
merely on the two extreme deciles. To see this, note that the hedge portfolio size-adjusted buy-and-hold returns in
Table 7 using the decile coding 0 to 1 (or —0.5 to +0.5) results in a return of —0.085, or 8.5% (the average of the 26
annual regression coefficients) compared to 12.7% in Table 1 in which only the two extreme deciles are included.
Untabulated sensitivity analyses reveal that results documented in Table 7 are robust when returns based only on
the two extreme accrual deciles are considered.

SEvidence in Section 3.3 suggests that ARBRISK may not have a symmetric effect on returns to the long and
the short position of the accruals strategy. However, allowing the effect of ARBRISK on ACC to vary with the
sign of the trading strategy would involve a more complicated three-way interaction term of ACC and ARBRISK
with the sign of the trading position.
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low, perhaps because, as shown in Section 5, negative returns to the short position are not
necessarily concentrated in the lowest PRICE and VOLUME stocks.

Column (5) takes the perspective that SIZE is an uber-proxy for transaction costs. In
column (5), we find that the interaction of accruals and SIZE is positive but marginally
significant (z-statistic = 1.39, p-value = 0.08, one-tailed) suggesting that the accrual
strategy is less likely to be successful for large firms. When the interactions of ACC with
PRICE, VOLUME and SIZE are simultancously introduced into the regression model in
column (6), none of the three terms assumes significance suggesting multi-collinearity
among the various proxies for transaction costs. This conjecture is borne out by the
observation in panel B of Table 1 that the Spearman correlation between SIZE and PRICE
is 0.722 and between SIZE and VOLUME is 0.886.

A combined model in column (7) includes the CAPM g, E/P and B/M. The coefficients
on CAPM p and B/M do not attain statistical significance while the coefficient on E/P is
positive, as expected, but weakly significant (z-statistic = 1.31).'® The interaction of ACC
and ARBRISK is negative and significant (¢-statistic = —2.31), as before. However, the
PRICE interaction with ACC flips signs to become negative although still insignificant at
conventional levels (in a two-tailed test) while the statistical significance of the VOLUME
interaction increases (z-statistic = 1.98). In sum, the message from the cross-sectional
regressions is the same as before: barriers to arbitrage stemming from absence of close
substitutes (idiosyncratic risk) and transaction costs (in particular, low trading volume)
prevent arbitrageurs from driving away accrual-related mispricing.

6.4. Sensitivity tests

The reported inferences are robust to two sensitivity tests detailed below.

6.4.1. Main effects for barriers to arbitrage

In Table 7, we estimate regressions that rely on interactions between accruals and
proxies for barriers to arbitrage such as ARBRISK, VOLUME, PRICE and SIZE.
However, these barriers to arbitrage may proxy for abnormal returns and hence it may be
important to include main effects, besides the interaction effects, in the regression Eq. (6).
In untabulated analyses, we introduce ARBRISK 9, VOLUME®*, PRICE®* and SIZE%*
as independent variables while retaining the interaction terms in equation (6). We find that
the resultant inferences are similar to those reported in the text.

6.4.2. SFAS 95 based definition of accruals

Hribar and Collins (2004) argue that deriving accruals from changes in current assets
and liabilities using the balance sheet method adopted in the tests thus far introduces
measurement error in the accruals measure. Instead, they recommend using cash flow from
operations as determined under SFAS 95 to compute accruals. In untabulated regressions,
we replicate our regression results from post-ranking years 1988-2000 using the accruals
measure based on SFAS 95 cash flow disclosures. Because SFAS 95 cash flow disclosures
are generally not available before 1988, we have only 13 years of time-series data available

1The insignificant coefficients on S8, E/P and B/M initially might surprise. When we regress SAR1 only on these
three variables (excluding accruals and the interaction terms) none are significant. However, when we use raw
returns rather than size-adjusted returns, B/M and SIZE are significant as expected.
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for Fama—Macbeth z-statistics. Despite this, untabulated results confirm that accruals
mispricing associated with SFAS 95 based accruals variable continues to be more
pronounced for firms with high ARBRISK and low-VOLUME firms.

7. Conclusions

Sloan (1996) documents robust future abnormal stock returns to positions based on last
year’s accounting accruals. Although it is well known that accruals reverse more quickly
than cash flows, a significant body of research has consistently found that several
information intermediaries such as stock analysts, short-sellers and even auditors do not
act in a manner consistent with an appreciation for the implications of current period
accruals for future earnings. This leads to an obvious question: What stops arbitrageurs
from driving away accrual-related mispricing?

We suggest that two sources of barriers to arbitrage—lack of close substitutes and
transaction costs—prevent arbitrageurs from eliminating accrual mispricing. In particular,
future abnormal returns stemming from accrual-based trading positions are higher in
stocks that lack close substitutes proxied by stocks with higher idiosyncratic volatility.
Further, the accruals-based trading strategy is more profitable in stocks with higher
transaction costs, in particular firms with lower stock prices and lower dollar trading
volume.

Some researchers have interpreted findings in Sloan (1996) and Xie (2001) as evidence
that the stock market does not see through managers’ attempts to manipulate reported
earnings. Our findings suggest that even if smart arbitrageurs see through the implications
of accruals for future earnings, they would find eliminating such mispricing difficult.
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