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1. Introduction

A conventional short-term reversal strategy as dwnted by Lehmann (1990) and Jegadeesh
(1990), i.e., a strategy that buys (sells) stockk Wow (high) total returns over the past month,
exhibits dynamic exposures to the Fama and Frel@93( factors. As these implicit factor bets
are inversely related to factor return realizatiomsr the formation month, the reversal strategy
is negatively exposed to the short-term momentuiecein factor returns of Moskowitz and
Grinblatt (1999) and Chen and De Bondt (2004). Assallt, the dynamic factor exposures of a
reversal strategy are likely to negatively affets profitability, while, at the same time,
contributing significantly to the risks involved.

We introduce a short-term reversal strategy basesidual stock returns that does not
exhibit such dynamic factor exposures and find ttlas strategy earns returns that are
substantially higher and substantially less vaatihan those of a conventional short-term
reversal strategy. We construct this strategy byirgpstocks on past month returns adjusted for
the stocks’ exposures to the Fama-French factstsnated over a rolling window, and scaled
using residual volatility. We document that theawal strategy earns risk-adjusted returns that
are twice as large as those of a conventional saVestrategy. Our results also show that its
profitability has been relatively stable over time¢luding the more recent decades, and that
profitability remains significant after incorponagj reasonable levels of transaction costs. In
addition, we show that residual stock returns hareelictive power for future returns above and
beyond that of total stock returns.

Several authors have argued that the profits of@ational short-term reversal strategies
largely disappear once trading costs are takenaotount (see, e.g., Ball al., 1995; Conracht

al., 1997; and Avramowet al., 2006). Consistent with this stream of literatwe find that,



indeed, the returns of a conventional reversategjsanet of trading costs are indistinguishable
from zero or even negative. However, when we ingat¢ the impact of trading costs on the
profitability of residual reversal strategies, wedfthat the profits of the strategy exceed any
reasonable level of trading costs by a wide marfguen though reversal strategies generate high
portfolio turnover, we find that residual revers#dategies yield significantly positive returns of
more than 8 percent per annum net of trading costs.

The large residual reversal profits we documentrangarkably robust over time and the
cross-section of stocks. When we consider revensdits over our sample period from January
1929 to December 2008, we find that the residuadnsal strategy outperforms the conventional
reversal strategy during every single decade insamnple. Most notably, the residual reversal
strategy earns large positive returns during the mmost recent decades, following the public
dissemination of the reversal effect, while thevantional reversal strategy earns returns close
to zero over the same period. In fact, over the-p690 period the residual reversal strategy
yields large positive returns after trading costsrewhen we restrict the investment universe to
the 500 or only 100 largest stocks. Moreover, whverevaluate reversal profits within different
industries, we find that the strategy based onduedireturns outperforms the conventional
strategy within each of the ten industries of Fre(&011).

Our results shed new light on several alternati@amations that have been put forward
in the academic literature to rationalize the reakeffect. Our finding that net reversal profits
persist over the most recent decades in our samdpteng which market liquidity dramatically
increased, does not support the explanation tharsals are induced by inventory imbalances
by market makers and that reversal profits arerapemsation for bearing inventory risks (see,

e.g., Jegadeesh and Titman, 1995b). Also, therfinthat reversal profits are observed among



the 500 or even 100 largest stocks is inconsistéht the notion that non-synchronous trading
contributes to reversal profits (see, e.g., Lo BatKinlay, 1990; and Boudoukét al., 1994)
since this explanation implies that reversal psofite concentrated among small-cap stocks. Our
results are not inconsistent, however, with thealbadral explanation that market prices tend to
overreact to information in the short run (see,,elggadeesh and Titman, 1995a). Apart from
contributing to a better understanding of the oisgof the reversal effect, our findings also have
important implications for the practical implemetrdga of reversal strategies, indicating that in
order to generate sufficiently large returns toesotrading costs it is of crucial importance to
control for dynamic factor exposures.

Our work is related to the research of Grundy andrtM (2001), who show that
intermediate-term momentum strategies exhibit dyoafactor exposures, and the work of
Gutierrez and Pirinsky (2007) and Blitet al. (2011), who find that intermediate-term
momentum strategies based on residual insteadtalf gtwck returns yield significantly higher
risk-adjusted returns. Our work is also relateth® strand of literature that re-examines market
anomalies after incorporating trading costs (seg,, ¢esmondet al., 2004; Korajczyk and
Sadka, 2004; Avramost al., 2006; and Chordiat al., 2009) and the contemporaneous work of
Da et al. (2010) and Hameed al. (2010), who show that reversal profits are higiéhin
industries than across industries.

The remainder of this paper is organized as follawsSection 2 we analytically show
that conventional reversal strategies exhibit dyicagxposures to common factors that affect
their risks and profitability and we develop thesideal reversal strategy. In Section 3 we
empirically investigate the impact of these factmposures on the risks and profits of both

reversal strategies. In Section 4 we gauge the assmnsignificance of reversal profits by



evaluating their profitability net of trading cost® Section 5 we examine the comparative
strength of both reversal strategies. Section Byaesa the profitability of both reversal strategies
within industries. A robustness test in Sectionnvestigates the relation between reversal
strategies’ dynamic factor exposures and theiritataifity using a non-parametric approach and

Section 8 examines reversal profits and calendantimeffects. We conclude in Section 9.

2. Analytical analysis

In this section we analytically show that convenéib reversal strategies implicitly exhibit
dynamic exposures to common factors that affedt tieks and profitability. Additionally, we
develop a reversal strategy based on residual s&iakns that does not exhibit these dynamic
factor exposures.

Let us assume that stock returns are describededfptiowingK-factor model:
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unconditionally expected return on factar f* =r* — 4* is the return on factok above its

expectation;e;, is the residual return at tinteand g is the exposure of stodkto factork.
Without loss of generality, we assume tdactors are orthogonal, sE[ft‘ f,’ ]= 0 fori# |
and E[(ftk)z]z o? . In additon, we assume thatCov[f,, f),|]=0 for i=j and
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Because of its analytic tractability, we follow lehnn (1990), Lo and MacKinlay
(1990) and Jegadeesh and Titman (1995a) and conaidgero-investment) conventional

reversal strategy that assigns a portfolio weiglgtocki at timet of
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expected exposure of the reversal strategy tg-thdactor conditional on the return of th¢h

factor at time-1 now equals
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where o7, :Niz(ﬂij —Ej)z. Hence, the right-hand side of Equation (3) shdhat the

conventional reversal strategy's common factor supes consist of a systematic and a dynamic
component. The first component indicates that thenventional reversal strategy is
systematically negatively exposed to factors thateha positive expected return, while the
second component implies that the reversal strategydynamic factor exposures depending on
the demeaned factor returns over the formatiorodefror example, when the market return is
positive over the formation period, high-beta s®typically earn higher average returns than
low-beta stocks, causing the conventional revesgategy to assign a relatively low weight to
high-beta stocks and a high weight to low-betalstods a consequence, the net market beta of
the reversal strategy is negative over the subsggoueestment period.

The expected profitg, of the conventional reversal strategy at timeonditional on the

K factor returns at time1, can now be written as
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Hence, the profits of a conventional reversal stpatcan be decomposed into four different

components. The first componemt?, is the cross-sectional variance of expected stettkns.

This component has a negative impact on reversdit@rwhich results from the conventional
reversal strategy being systematically negativetposed to factors with positive expected
returns. The second componenb,, is the sum of the cross-sectional variances ctofa
exposures times the persistence in factor returhiss component captures that the systematic
exposures towards positive factors are exacerbeet persistence in factor returns is stronger.

The third component),_;, captures the short-term dynamics in total reveysafits due to the

strategy's dynamic factor exposures conditionalhenfactor realizations in timel. It is equal
to the dynamic factor exposures component, whidlovis from Equation (3), times the
conditionally expected factor returns in timeSince the factor exposures of a conventional

reversal strategy are inversely related to the peeted factor returns over the past month, this



component can have either a positive or a negatipact on reversal profits, depending on the
extent to which factor returns persist. If facteturns exhibit positive autocorrelation, the impact
of this component on the total reversal profitaegative. The final component, , results from
autocorrelation in the residual stocks returns engositive if residual stock returns exhibit
negative serial correlation.

Our analytical exercise above not only demonsirtitat conventional reversal strategies
exhibit factor exposures that have a negative itpadheir profitability, but can also be used to

show that these exposures affect the variabilithestrategy’s profits:
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Equation (9) implies that if the lagged factor regiare more extreme and factor exposures are
of greater magnitude, the variance in expectedrsalerofits is also higher.
As an alternative to the conventional reversakastyg we develop a reversal strategy that
is based on residual returns instead of total nstuFor tractability we consider a strategy that

assigns a portfolio weight to stoclat timet of
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(10) Vit = _W(gi,t—l —&1)-

t
In the empirical section, we consider an implemiglietarersion of this strategy based on the
same logic. The exposure of this strategy tojitefactor at time equals zero by construction,

since
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The expected profitg, of this strategy at timecan now be written as
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while the variability for the residual reversalag&gy’s profits is given by
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Hence, by construction the residual reversal sisatdoes not have systematic and
dynamic exposures to thé factors. Contrary to the conventional reversatetyy, the residual
reversal strategy’s profits are not reduced by igugystematic negative exposures to factors
with positive expected returns. Moreover, the sfygis profits do not depend on persistence in
factor returns. A final notable difference with tb@nventional reversal strategy is that the profits
of a residual reversal strategy are associatedlaxtbr variability as a result of not having factor
exposures. Based on our analytical exercise, weeaxthat a residual reversal strategy
outperforms a conventional reversal strategy, easlpgcif factor returns persist. In the

subsequent sections we empirically test this comjec

3. Empirical analysis

3.1 Data

Our stock return data are obtained from the mon@RSP Stock database. We select common
U.S. stocks listed on the NYSE, AMEX and Nasdagket@rthat (i) have a stock price above $1

and (ii) have a market capitalization above the E¥Y&edian at the end of the formation month.

We exclude closed-end funds, Real Estate Investihamts (REITS), unit trusts, American



Depository Receipts (ADRs), and foreign stocks froor analysis. Common factor data are
downloaded from French (2011). To be included imn sample at a given point in time we
require a stock to have a complete return histargr dhe preceding 36 months. Our sample

covers the period January 1926 to December 2008.

3.2 Factor exposures of conventional reversal strategies
In our first empirical analysis we investigate thdent to which conventional reversal strategies
based on total stock returns exhibit dynamic expasuo the Fama and French (1993)
(heneceforth, Fama-French) factors. We use the fRaerach factors in our analysis since these
factors are widely recognized factors that expéaiarge portion of the variability in U.S. stock
returns. Reversal portfolios are constructed byirspistocks into decile portfolios at the end of
each month based on their returns during that morite winner portfolio consists of the 10
percent of stocks with the highest returns overpgt month and the loser portfolio consists of
the 10 percent of stocks with the lowest returribpértfolios are equally weighted.

Next, we estimate the winner and loser portfolesgposures to the Fama-French factors
at the end of each month by taking the averagerfastposures of all stocks in the winner and
loser portfolios. Exposures to the Fama-Frenchofacare estimated over the preceding 36

months {-36, t-1] from

(14) 1, =a, + A" RMRF, + BV SMB, + 8™ HML, +¢,,,

wherer;; is the return of stockin montht in excess of the one-month U.S. Treasury bill;rate

RMRF;, SMB; andHML; are the three Fama-French factors representingntr&et factor, the

size factor and the value factor, respectivety; g, A and g™ are parameters to be

estimated; and;; , is the residual return of stockn montht.



In Figure 1 we plot the estimated factor exposwkshe winner and loser portfolios
against the returns of the Fama-French factors ontmt-1. Panel A shows the market betas
against the excess return on the market portfaliand the formation month. The solid line in
the figure represents the linearly fitted relatlmetween the beta of the loser portfolio and the
market return, and the dashed line representsr¢basion for the winner portfolio. Consistent
with the predictions of our analytical model in tpeevious section we observe a negative
relation between the market beta of the loser plotiind lagged market returns, and a positive
relation for the winner portfolio. Hence, a convenal reversal strategy that is long in loser
stocks and short in winner stocks exhibits dynaexigosures to the market factor depending on
the sign and magnitude of the return on the mddator during the formation montkl.

[INSERT FIGURE 1 ABOUT HERE]

Likewise, Panels B and Panel C of Figure 1 plotSki andHML factor exposures of
the winner and the loser portfolios against thentmion period returns on tH8MB and HML
factors, respectively. We clearly observe that ¢haventional reversal strategy also exhibits
dynamic exposures to these two common factors.dnths during which the return on tB&B
factor was positive, the winner portfolio typicalkpnsists of small-capitalization stocks while
the loser portfolio typically consists of large-gapzation stocks. In months during which the
return on theHML factor was positive, the winner portfolio typigaltonsists of value stocks
while the loser portfolio typically consists of gvth stocks. The results of our first empirical
analysis demonstrate that conventional reversaltegfies exhibit dynamic exposures to the

Fama-French factors.
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To illustrate the impact of the dynamic exposucethe Fama-French factors on the risks
and profits of conventional reversal strategies,ewaluate reversal returns using a conditional

factor model in the spirit of Grundy and Martin (A():
(15) 1, = a+pB'RMRF +B°SMB, + #°HML, + B*RMRF _UP, +
B°SMB_UP. + f°HML _UP, +&4,
where RMRF _UP,, SMB_UPR, andHML _UP, are interaction variables that indicate the exces

returns on th&@MRF, SMB andHML factors in month, respectively, if the returns on the factors
are positive in month-1, and zero otherwise. In this setup, finding gigantly negative
coefficients for the interaction variables is cetent with the factor exposures of reversal
strategies being inversely related to the sigrith@factor returns over the past month.

The results of the conditional factor model aniglysr the conventional reversal strategy
are presented in Panel A of Table 1. Consisterft @it expectation, the coefficient estimates for

RMRF, and HML, are significantly positive, while the estimatesr fRMRF _UP, and
HML _UP, are significantly negative. Since we exclude lstowith a market capitalization

below the NYSE median from our analyses, it is satprising to see that the conventional
reversal strategy does not exhibit significant exes to theSVIB factor. The results of this
analysis not only indicate that the dynamics of twmventional reversal strategy's factor
exposures are statistically significant, but alsat these exposures explain a significant portion
of the strategy’s risks. More specifically, the wstpd R-squared of 26 percent for the relatively
simple conditional regression model we estimateicatds that roughly one-fourth of the
variability in the conventional reversal strategy&turns can be attributed to dynamic factor
exposures.

[INSERT TABLE 1 ABOUT HERE]
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Our analytical analysis in the previous sectionvgtob that persistence in factor returns
hurts the profitability of a conventional reverstiategy. At the same time, several authors report
persistence in common factor returns (see, e.gheffi 1966; Moskowitz and Grinblatt, 1999;
and Chen and De Bondt, 2004). Consistent with trstadies we also observe short-term
momentum in common factor returns over our sammaod. More specifically, over the
January 1929 to December 2008 period, the marke¢, and value factors show positive
persistence in 55, 54 and 57 percent of the momésqectively. Hence, we expect that the
dynamic factor exposures of conventional reversi@tegies negatively affect the strategies’
profits. Consistent with this notion, we find thlé alpha of the conventional reversal strategy is
larger than its raw return. The conventional reakessrategy based on total stock returns earns a
return of 97 basis points per month, while thetegg's alpha is 121 basis points per month. The
strategy’s negative exposure to short-term permisten the Fama-French factors therefore
appears to come at the cost of 24 basis pointsnpeth (121 minus 97). In sum, the results of
this empirical analysis clearly show that the conimnal reversal strategy’s dynamic factor

exposures significantly contribute to the strategiysk and negatively affect its profitability.

3.3 Factor exposures of reversal strategies based on residual returns

As an alternative to a conventional reversal sgnateased on total stock returns, we propose to
construct reversal portfolios based on residuatksteturns resulting from performing rolling
regressions using the Fama and French (1993) mbtiek specifically, we construct residual
reversal portfolios by sorting stocks into deciltsthe end of each month based on their

estimated residual returns during that month. Behestock and each formation montkL, we

! We measure persistence by the empirical probglifihaving two consecutive factor-return obsemmasi with the
same sign.
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estimate Equation (14) using stock returns overpiteeeding 36 monthg-86, t-1]. Next, the
estimated residual returns are standardized bdidyithem by their standard deviations over the
preceding 36 months. Standardization of the residiarns yields an improved measure of the
extent to which a given firm-specific return shaoskactually news, opposed to noise. This
facilitates a better interpretation of the residaslfirm-specific information (see Gutierrez and
Pirinsky, 2007} The winner (loser) portfolio of the residual resarstrategy consists of the 10
percent of stocks with the highest (lowest) redidetrns.

Both portfolios are designed to be orthogonal ® Fama-French factors. To investigate
the extent to which the factors are actually facteatral, we plot the factor exposures of the
winner and loser portfolios of the residual revesteategy against the factor returns during the
formation month in Figure 2. The residual revestedtegy clearly succeeds in avoiding dynamic
factor exposures. While Figure 1 shows an “X"-slthpation between the factor exposures and
lagged factor returns for the conventional revessiategy’s winner and loser portfolios, such a
relation is not observable for the residual reMessategy’s winner and loser portfolios.

[INSERT FIGURE 2 ABOUT HERE]

Panel B of Table 1 shows the conditional regressesults for the residual reversal
strategy. As expected, the residual reversal gfyatautperforms the conventional reversal
strategy in terms of both raw returns and risk-sidjd returns. The residual reversal strategy on
average earns 134 basis points per month, whi8ff isasis points more than the conventional
reversal strategy. Moreover, the alpha of the cotiweal reversal strategy is 9 basis points per
month lower. The coefficient estimates for the ¢hieteraction variables are all insignificantly
different from zero, indicating that the residualersal strategy exhibits no dynamic factor

exposures. Compared to the conventional revensdegly, the residual reversal strategy’s profits

2 Our conclusions are not materially effected bydtemdardization of the residual returns.
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are also substantially less volatile. As a reststSharpe ratio of 1.28 is more than twice asdarg
as the 0.62 Sharpe ratio of the conventional revetsategy. Finally, the R-squared value of the
conditional regression model in Equation (15) foe tesidual reversal strategy is close to zero.
Hence, we conclude that ranking stocks on theiduvas returns is an effective approach for
neutralizing the dynamic factor exposures that @esent in conventional reversal strategies

based on total returns.

3.4 Robustness over time
Our results in the previous subsection are basetherfull January 1929 to December 2008
period. We now investigate both reversal strategiesits over time and in different subperiods.
Figure 3 displays the cumulative returns for a higptical $1 invested in each of the two
reversal strategies in January 1929. We observetlieagraph corresponding to the residual
reversal strategy (black) is located above the lg@presponding to the conventional reversal
strategy (grey) at each point in time. Moreoverewgas the return on the conventional reversal
strategy appears to flatten off over the most re2@ryears of our sample, the cumulative return
of the residual reversal strategy portfolio conéistio increase during the same period.

[INSERT FIGURE 3 ABOUT HERE]

We further examine the performance of both revesgakegies over time by calculating
average returns and Sharpe ratios for each decadarisample. As reported in Table 2, the
conventional reversal strategy earns significaofifgrin five of the eight decades. Notably, the
strategy is not profitable during the two most récdecades of our sample. This finding is
consistent with results of Stivers and Sun (20149 wlso document that the short-term reversal

effect has substantially weakened over the pos@@9iod, following the publication of several

14



papers which describe the effect. In contrast,résdual reversal strategy earns significantly
positive returns in each of the eight decades msample, including the 1990s and 2000s. The
reversal return over these decades of 1.00 pepegnnonth ttstatistic of 3.55) is also not much
different from the long-run average return of th@tegy. The residual reversal effect therefore
does not seem to have weakened over time.

[INSERT TABLE 2 ABOUT HERE]

We argue that the weakening of the returns of a@ational reversal strategy can largely
be attributed to the impact of the strategy’s dyitafiactor exposures being particularly negative
over the two most recent decades of our samplgatlge the magnitude of this negative impact
we evaluate the performance of a reversal strabeggd on systematic stock returns over our
full sample period and the period January 1990 ¢odinber 2008.For the pre-1990 period we
find a return of -0.17 percent per month (with stdtistic of -0.71), whereas for the period from
1990 onwards we find a return of -0.89 (with aatistic of -1.70). It thus appears that the
negative impact of a conventional reversal stragegynamic factor exposures has increased
more than five-fold over the two most recent desade the residual component of stock returns
still exhibits a large reversal effect over thigipd, we conclude that the weak performance of
conventional reversal strategies over the past teocades is largely attributable to the
detrimental impact of the strategies’ dynamic faebgposures over this particular period.

Table 2 also shows that the residual reversal egfyatnot only outperforms the

conventional reversal strategy during each decadeii sample in terms of raw returns, but also

% More specifically, we construct systematic revepartfolios by sorting stocks into deciles at thied of each
month based on their estimated systematic retwringlthat month. For each stocknd each formation montki,

we estimate Equation (14) using stock returns tvempreceding 36 months36,t-1]. The winner (loser) portfolio
of the systematic reversal strategy consists ofith@ercent of stocks with the highest (lowest}esystic returns,
.., BMRMRF, + AMBSMB, + #™-HML, - The performance of a reversal strategy thatng lim the loser portfolio and

short in the winner portfolio is not presentedabular form for the sake of brevity. The results available upon
request.
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in terms of risk-adjusted returns. To summarize, subperiod results show that the residual
reversal strategy exhibits a strong performancative to the conventional reversal strategy, not

only in the long run, but also during each of tlighedecades in our sample period.

4. Reversal profitsand trading costs
Consistent with most of the literature, we findttreversal strategies yield large positive returns.
The results obtained hitherto, however, ignore ithpact of trading costs, such as bid-ask
spreads, commissions and price impact costs. Antesteand of literature re-examines stock
market anomalies after incorporating trading cobts. example, Lesmondt al. (2004) and
Korajczyk and Sadka (2004) argue that momentumitpraire difficult to capture because
momentum strategies require frequent rebalancingewChordiaet al. (2009) study the
profitability of an investment strategy based oa post-earnings-announcement drift and find
that trading costs of the strategy are likely toldger than the hypothetical profits. Directly
related to our study, several studies find thatrgd portion of the profitability of a conventional
reversal strategy disappears once trading costalkea into account (see, e.g., Balhl., 1995;
Conradet al., 1997; and Avramoet al., 2006). In particular, Avramoet al. (2006) find that
stocks with the smallest capitalization and highiiguidity exhibit the largest reversals. These
stocks are also very expensive to trade, howevier Aaking trading costs into account, the
authors find that a conventional reversal stratdags not yield positive net returns.

Consistent with Avramowt al. (2006) and most of the related literature, weneste
trading costs using the model of Keim and Madhaii®97) and investigate if reversal profits
remain significant once trading costs are takew iatcount. Keim and Madhavan provide

estimates of trading costs for 21 institutions fra891 to 1993. These trading cost estimates
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include commissions paid as well as an estimatthefprice impact (including the impact of
crossing the bid-ask spread) of the trades. Siackng costs are likely to be substantially larger
before this period and because we have no reledtienates before the 1990s we perform this
part of our analysis over the period of JanuaryOl@9December 2008. Based on the Keim and
Madhavan (1997) estimates, we model trading casth that the costs of buy-initiated orders
and sell-initiated orders are equal to

(16) CB¥ = 0.767+ 0.336D" _ 0,084In(size, )+ To00'

it
and

(17) G = 0505+ 00580, —0,059In(size;, )+ O>°",

it

respectively, Whert!SJiEj“y (Cff”) is the trading cost at tinten case orderis a buy-initiated (sell-
initiated) order; D"*™ is a dummy variable that takes the value one tocks traded on the
Nasdag markets and is zero otherwiseg , is the market capitalization in montlof the stock
traded; andP, is the price per share of the stock traded at tink&irthermore, we impose that

the trading costs of a single order are nonnegative

The profits of both reversal strategies over thient period are shown in Table 3, Panel
A. As discussed in the previous section, the awegss returns of both reversal strategies are
lower over this period compared to those over thik 929-2008 sample period. In fact, the
return on the conventional reversal strategy iy A basis points per month and statistically
indistinguishable from zero over the post-1990qmbrNot surprisingly therefore, the net returns
of the conventional reversal strategy even becoegative after estimated trading costs are

taken into account. These findings are consistatit the results reported by Avramat al.
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(2006). The residual reversal strategy, howevensean average gross return of 100 basis points
per month over the same period. Even after tradwgjs are taken into account, the strategy
remains highly profitable, with a net return of @8sis points per month. We estimate that the
break-even level is reached for trading costs ob&&is points for a round-trip transaction. With
such a high break-even level, it seems very unjieht trading cost prevent profitable execution
of a residual reversal strategy. Examining therithgtion of trading cost for the cross-section of
stocks over time, we find that the ®8@ercentile corresponds to roughly 60 basis porets
roundtrip transaction. In other words, trading sostould only subsume the profits of the
residual reversal strategy if the strategy wouktemyatically trade in the 20 percent most illiquid
stocks in our sample.

[INSERT TABLE 3 ABOUT HERE]

We further evaluate the profitability of reversalategies by excluding small cap stocks
from our sample. Panels B and C of Table 3 showehalts for the largest 500 and 100 stocks
in our sample, respectivefyFor both subsamples the net profits of the coriorat reversal
strategy are not significantly larger than zerocémtrast, with net returns of 67 and 83 basis
points per month, the residual reversal strategperges statistically and economically
significant profits for both subsamples. The estedabreak-even levels of trading costs are 48
and 50 basis points per round-trip transaction.

Besides taking into account trading costs, we &lsot to incorporate the effect of a
potential implementation lag that might occur watlheal-time application of a reversal strategy.

To this end we additionally compute stock returamg return data from the daily CRSP Stock

*In order to have a sufficient large number of ksoin the portfolios, we sort stocks into quintilastead of deciles
when we evaluate the profitability of reversal sgies for the largest 500 and 100 stocks in omnpsa
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database and skip the first trading day of eachthibiihe returns over the reversal strategies
with a one-day skip are presented in the third molwf Table 3. Even after taking trading costs
as well as an implementation lag into account wénaluating reversal profits, we find that the
residual reversal strategies for the 500 and 1@0§e$ stocks in our sample generate large net
profits of 47 and 62 basis points per month, respelg. We can therefore safely conclude that it
is very unlikely that real-life frictions such asding costs and implementation lags prevent the
profitable execution of residual reversal strategie

An important note we would like to make is that approach to examine the economic
significance of reversal profits is likely to benservative. First, as Keim and Madhavan (1997)
show in their study, trading style may have a digamnt impact on trading costs. For example,
technical traders that follow momentum-like stragsgand have a great demand for immediacy
typically experience large bid-ask costs, sincenttagket demand for the stocks they aim to buy
is substantially larger than the supply, and vieesa for sell transactions. In their study, Keim
and Madhavan (1997) also find that technical tradgmerally experience higher trading costs
than traders following strategies that demand lessediacy, such as value traders or index
managers, and adjust trading cost estimates faetbgyles. The Keim and Madhavan (1997)
model, however, does not make an adjustment fandity-providing trading styles, such as
reversal strategies. Because reversal strategmadpr liquidity, trading costs are likely to be
somewhat lower than the estimates we use in tlag/sis. Second, in this study we investigate
naive top-minus-bottom decile reversal stratedias are rebalanced at a monthly frequency. In
a recent study, De Groatt al. (2012) show that applying a more sophisticatedtfqioy

construction algorithm can help to significantlgluee the turnover of reversal strategies without

® By skipping the first day after portfolio formaticthe results should also be less affected by fiatesid-ask
bounce effects.
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lowering their expected returns. In their applioati the authors find that more sophisticated
buy/sell rules can approximately halve the negaitiveact of trading costs on reversal profits.
By not taking into account the liquidity-providimgture of reversal trading, and by ignoring the
potential efficiency gains that may be obtainedhwitore sophisticated portfolio construction
rules, our results are likely to underestimate thk profit potential of residual reversal
investment strategies.

A final observation is that the higher net retafrihe residual reversal strategy compared
to the conventional reversal strategy not only corfnem its higher gross expected return, but
also from incurring lower trading costs. For exaepthile the gross return difference between
the conventional and residual reversal strategedibasis points per month (= 100 - 18 basis
points; see Table 3), the difference in net retusn86 basis points per month (= 70 + 26 basis
points). The reason for the lower trading costthefresidual reversal strategy is that, unlike the
conventional reversal strategy, it does not tradeessively in volatile, small stocks. When
stocks are ranked on raw past returns, stocks thiehhighest volatility have the greatest
probability to end up in the extreme quantiles. Séhstocks are typically the stocks with the
smallest market capitalizations. Therefore a podfiat is long-short in the extreme quantiles is
typically concentrated in the smallest stocks. Hesvethese stocks are also the most expensive
to trade, so this feature of the conventional realestrategy may be harmful to its after-cost
profitability. Because the residual reversal stygtes constructed in such a way that it is neutral
to the SMB factor, we expect this effect to be less pronodrfoe the residual reversal strategy.
To investigate whether this conjecture is true wastder the decile portfolios’ characteristics
for both reversal strategies in Table 4.

[INSERT TABLE 4 ABOUT HERE]
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Consistent with the intuition that stocks with thaghest volatility have the greatest
probability to end up in the extreme quantiles wiktstks are ranked on raw past returns, we
observe that the top and bottom deciles for a coiweal reversal strategy exhibit a
substantially higher volatility than the mid-rankgubrtfolios. Furthermore, the portfolios’
exposures to th8VIB factor are substantially larger and their ranksyarket capitalization are
lower. When we consider the characteristics of tthe and bottom decile portfolios for the
residual reversal strategy, we do not observe tatextreme deciles contain more volatile,
small-cap stocks. As a consequence, the trading ooslved with the residual reversal strategy
are significantly lower than the costs associatetth whe conventional reversal strategy. For
example, the single-trip buy trading costs for tosecks based on the conventional reversal
strategy are 35 basis points, versus 22 basistntthe residual reversal strategy. Similarly,
the single-trip sell costs for loser stocks basedhe conventional reversal strategy are 8 basis

points, compared to only 4 basis points for thé&lresd reversal strategy.

5. Double-sorted rank portfolios and cross-sectional Fama-M acBeth regressions

In our next analysis we construct double-sortedk rpartfolios and perform cross-sectional
Fama-MacBeth (1973) regressions to investigate wbdton of the predictive power of stocks’
total returns can be attributed to the residual pament of the return. We start by sorting stocks
into quintile portfolios based on their total retarand then subdivide each total-return quintile
into quintiles based on the stocks’ residual retuin this way, we end up with a total of 25
portfolios that all contain an equal number of Esod=or each of these portfolios, we show the
portfolios’ average returns over the investment than Panel A of Table 5. Within each total

return quintile, the returns are monotonically @asing over the residual return quintiles. The
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residual return loser quintile outperforms the daal return winner quintile by at least 62 basis
points per month. Controlling for total returns,ethoser-minus-winner spread is highly
significant at 78 basis points per month. Theseltgsndicate that residual stock returns have
predictive power for future stock returns above bagond that of total stock returns.

[INSERT TABLE 5 ABOUT HERE]

Next, we perform a similar double-sorting proceduret now first sorting stocks into
quintiles based on their residual returns and sekdividing the stocks into quintiles based on
their total returns. The resulting portfolio retsrare shown in Panel B of Table 5. Interestingly,
we do not observe any return pattern at all actiessportfolios sorted on total stock returns.
Hence, after controlling for residual returns, to&urns do not appear to have predictive power
for future stock returns. This finding is in linatiwthe results of Jegadeesh and Titman (1995a),
who report that over- or underreaction to firm-sfednformation always contributes to the
profitability of reversal strategies, while overr onderreaction to the systematic factors can
either reduce or increase these profits.

Finally, we perform cross-sectional regressiongespirit of Fama and MacBeth (1973)
to investigate what portion of the predictive powétotal stock returns can be attributed to the
residual component of the return. These regresaomperformed at the individual stock level,
allowing us to control for size and value effed#ore specifically, we estimate the following
equation every month:

(18) iy = &+ bl,t gt bz,téi 1t b3,t In(s z€ ,t—l) + b4,t btmi 1t
b5,tTRLi -1 + b6,tTRVVi,tfl + b?,t RI?Ll -1 + b8,t RI?VVI -1 + ui,t 4
where ¢, , is the residual return of stockn montht-1 estimated using Equation (14jze .1 is

the market capitalization of stockn montht-1; btm ., denotes the book-to-market ratio of stock
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I in montht-1; andTRL; .1, TRW 1, RRL; .1 andRRW ., are dummy variables that take the value
of one if stock belongs to the total-return loser decile, totalsetwinner decile, residual-return
loser decile and residual-return winner decilepeesively, in montht-1 and zero otherwise.
Data on firms’ book values are obtained from thenostat database. Since Compustat data are
only available as from 1963, this analysis is penied over the January 1963 to December 2008
period.
[INSERT TABLE 6 ABOUT HERE]

The time-series averages of the monthly coefficestimates are presented in Table 6.
For the regression specifications that exclude kstotagged residual returns (or dummy
variables indicating if a stock belongs to the topbottom decile of stocks ranked on lagged
residual returns) we observe statistically sigaificloadings on the lagged total return variables,
indicating that past month stock returns have pted power for future stock returns. However,
once lagged residual stock returns are includethenregression specifications practically all
predictive power disappears. Only foRW .; we still observe a significant coefficient estimat
These results corroborate our previous finding thast of the predictive power of total stock

returns can be attributed to the residual compooktite return.

6. Within-industry reversal profits

In this section we explore the profitability of hateversal strategies within different industries.
Our motivation to investigate this issue stems fribi® contemporaneous findings of Baal.
(2010) and Hameeat al. (2010), who report higher returns for within-inthysreversal
strategies. To investigate if the residualizatidnstock returns relative to the Fama-French

factors goes above and beyond correcting for imgueftects we rank stocks on their total and
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residual returns over the past month within eachhef ten industries of French (2011). The
results for both reversal strategies are shownahld 7, which reports the average monthly
returns for both reversal strategies within eaclugtry.

[INSERT TABLE 7 ABOUT HERE]

The full-sample results in Panel A of Table 7 stbet residualization not only improves
the performance of a conventional reversal stratégy also the performance of a within-
industry reversal strategy. The average returreases from 1.37 to 1.63 percent per month and
the Sharpe ratio almost doubles, from 1.11 to 1®9act, we observe that the residualization
approach improves the Sharpe ratio within eachheften different industries. In Panel B of
Table 7 we examine the results over the post-139g Comparing these results to those in
Table 2 we observe that applying a conventionaénsal strategy within industries does little to
improve its weak performance over this period, vaitlerage returns increasing only marginally
from 0.18 to 0.26 percent per month. The residexrsal strategy, on the other hand, continues
to perform strongly over the same period, regasdlE@swhether the strategy is applied within
industries or not. For the within-industry applicatraw returns are slightly lower (0.87 percent
per month versus 1.00 percent per month), butadjksted returns are slightly higher (Sharpe
ratio of 1.03 versus 0.81).

These results imply that residualization offerstidid benefits that cannot be simply
captured by neutralizing industry exposures and, ttether than being substitutes, the two
approaches are complimentary to each other. Toitpdifferently, a reversal strategy is in
general most effective when both dynamic expostodate Fama-French factors and dynamic

exposures to industries are neutralized. This msistent with the finding of several authors that
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the Fama and French factors do not suffice to desc¢he returns on industry portfolios (see,

e.g., Fama and French, 1997).

7. Non-parametric approach to measuring factor exposures
Most of our evidence reported so far on the impafctdynamic factor exposures on the
profitability of reversal strategies relies on thtcomes of the conditional factor regressions in
the spirit of Grundy and Martin (2001) we performadhe previous section. In this section we
re-investigate the relation between reversal sir@as¢ dynamic factor exposures and their
profitability using a non-parametric approach thedlike the factor regressions, does not rely on
a linear factor structure. More specifically, withur non-parametric approach we regress the
returns of the reversal strategies on dummy vasbhat indicate the number of Fama-French
factors that revert (i.e., for which the sign oftheturn during the formation period and
investment period are different). If reversal sigies exhibit dynamic factor exposures that are
inversely related to the signs of the factor regutaring the formation period, reversal profits are
negatively affected by persistence in common faotturns and returns are lower when fewer
factors revert.

[INSERT TABLE 8 ABOUT HERE]

The results of the analysis presented in Tablee@rly indicate that a conventional
reversal strategy exhibits dynamic factor expostines affect its profitability: reversal profits
appear to increase monotonically with the numbefarha-French factors that revert. When all
Fama-French factors persist the strategy earngatiue return of -44 basis point per month. In
contrast, when all Fama-French factors revert theventional reversal strategy earns a highly

positive return of 4.58 percent per month. Intenggy, the residual reversal strategy does not
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seem to exhibit such dynamic factor exposures estitategy earns positive returns irrespective
of the number of factors that revert, ranging betwéd.12 and 2.13 percent per month. In all
cases the residual reversal profits are highlyigagmt. These results are consistent with our
previous finding that a residual reversal strategyess sensitive to the returns of common
factors over the investment period than a convaaticeversal strategy, resulting in less volatile

returns.

8. Calendar month effects
In a final analysis, we investigate the performanoé the conventional and residual reversal
strategies per calendar month. Several authorsndewustrong seasonal patterns in reversal
returns (see, e.g., Grinblatt and Moskowitz, 2004)particular, average reversal returns in
January are found to be highly positive. The citedson is the tax-loss selling effect: fund
managers tend to sell small-cap loser stocks byydwe-end, resulting in downward price
pressure in that month, which is followed by an apvprice pressure in January. Because a
reversal strategy is long in small-cap loser stptiks effect causes a large positive return fer th
strategy in January. We refer to Roll (1983), @h# and White (1993), and Feresal. (2001)
for a detailed discussion of this effect.

Because a residual reversal strategy is less ctrateth in small-cap stocks compared to
a conventional reversal strategy, we expect thealgneffect to have a smaller impact on the
performance of a residual reversal strategy. Teshgate this issue in more detail, we examine
the average monthly returns during each calendatmior the conventional reversal versus the
residual reversal strategy. The results of thidysisare presented in Table 9.

[INSERT TABLE 9 ABOUT HERE]
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Consistent with the prior literature we observe théarge portion of the reversal profits
are concentrated in January months. For exampéet-ghatistics of the conventional reversal
strategy’s returns exceed plus two in only four otittwelve months. By contrast, residual
reversal returns havestatistics larger than plus two in ten out of tweemonths. Interestingly,
when we consider the results of the same analgsithé post-1990 period, it even appears to be
the case that the conventional reversal stratetyyearns positive returns in January months; the
return during non-January months is -0.05 percéné residual reversal strategy, on the other
hand, not only earns positive returns in Januargth®) but also shows large positive returns of
0.84 percent on average in non-January months. Mde tonclude that residual reversal

strategies are also more robust than conventievarsal strategies during the calendar year.

9. Summary and concluding comments
Conventional short-term reversal strategies exhdpitamic exposures to the Fama and French
(1993) factors. These factor exposures are invwersddted to factor returns over the formation
month, causing the reversal strategy to be nedgptesgosed to the short-term momentum effect
in factor returns. As a result, dynamic factor esqges not only increase the risk of a reversal
strategy, but also negatively affect its profitapil

We show that a short-term reversal strategy basedesidual stock returns does not
exhibit these dynamic factor exposures and eamusnethat are substantially larger than those
of a conventional short-term reversal strategy. ioldally, the residual reversal strategy has a
significantly lower volatility. The lower volatilt together with the higher returns cause the
residual reversal strategy to earn risk-adjusteédrme that are twice as large as those of a

conventional reversal strategy. In fact, the psodit the residual reversal strategy are statisyical
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and economically significant after trading costee Targe residual reversal profits we document
are remarkably robust over time and the cross@edt stocks.

Our results have important implications for differeexplanations that have been put
forward in the academic literature for understagdime reversal anomaly. Our finding that net
reversal profits persist over the most recent des&d our sample, during which market liquidity
dramatically increased, is not supportive of theplamation that reversals are induced by
inventory imbalances by market makers and thatrsavg@rofits are a compensation for bearing
inventory risks. Moreover, our finding that revérgeofits are observed among the 500 and even
100 largest stocks is inconsistent with the notioat non-synchronous trading contributes to
reversal profits. An explanation that has been fomvard in the literature which is not
inconsistent with our findings is the behaviorajanent that market prices tend to overreact to
information in the short run (see, e.g., Jegademsth Titman, 1995a). We acknowledge,
however, that our study only provides indirect evide in support of this behavioral hypothesis,
by arguing against the competing explanationshbaé been put forward in the literature.

Apart from contributing to a better understandifighe origins of the reversal effect, our
findings also have important implications for thragiical implementation of reversal strategies,
indicating that in order to generate returns sigfidy large enough to cover trading costs it is of

crucial importance to control factor exposures.
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Table 1:Reversal returnsand dynamic factor exposures

This table presents average monthly reversal giyateturns, standard deviations and annualizedpghar
ratios as well as coefficient estimates belongothe conditional factor model explained in Equat{t5)

of the paper. In Panel A, the results are repdidedhe conventional reversal strategy and Pane@®rts

the results for the residual reversal strategy. Sdmaple period is from January 1929 to Decembe8 200l

the sample includes all common U.S. stocks listethe NYSE, AMEX and Nasdaq markets that have, at
the end of the formation month, a market capitélizaabove the NYSE median, a price above $1 and

return data for all preceding 36 months. Newey-V¢estected-statistics are reported in parentheses.

Panel A: Conventional reversal strategy
Return  Stdev  Sharpe

097 543 0.62
(5.69)

Alpha RMRF SMB HML RMRF UP SMB UP HML _UP Adj. R?

121 045 0.03 0.55 -0.58 -0.03 -1.06  0.26
(7.72) (5.71) (0.11) (4.65)  (-3.38) (-0.10)  (-7.46)

Panel B: Residual reversal strategy
Return  Stdev Sharpe

1.34 3.63 1.28

(11.21)

Alpha RMRF SMB HML RMRF UP SMB UP HML UP Adj. R?
1.30 0.14  -0.02  0.03 -0.03 0.04 -0.09 0.03
(11.50) (2.21) (-0.17) (0.27)  (-0.35) (0.23) (-0.63
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Table 2:Reversal returns per decade

This table presents average monthly returns andaized Sharpe ratios per decade, the pre-1990geri
and the post-1990 period for the conventional realestrategy and the residual reversal stratege. Th
sample includes all common U.S. stocks listed eaNWSE, AMEX and Nasdaq markets that have, at the
end of the formation month, a market capitalizatitnove the NYSE median, a price above $1 and return

data for all preceding 36 months. Newey-West coectisstatistics are reported in parentheses.

Conventional reversal strategy Residual reversal strategy
Time period Return t-Stat  Sharpe Return t-Stat Sharpe
1929-1939 1.41 (1.81) 0.50 1.50 (3.02) 0.92
1940-1949 1.42 (4.43) 1.38 1.59 (7.34) 2.26
1950-1959 0.89 (4.37) 1.30 1.09 (6.20) 1.72
1960-1969 0.98 (4.10) 1.29 1.30 (6.80) 2.16
1970-1979 1.35 (4.33) 1.32 1.61 (7.11) 2.12
1980-1989 1.17 (3.19) 0.96 1.55 (5.12) 1.50
1990-1999 -0.08 (-0.22) -0.07 0.90 (3.85) 1.13
2000-2008 0.49 (0.73) 0.21 1.15 (2.19) 0.71
1929-1990 1.21 (6.40) 0.82 1.44 (11.53)1.48
1990-2008 0.18 (0.42) 0.10 1.00 (3.55) 0.81
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Table 3:Reversal returnsand trading costs

This table presents average gross and net morghlyns for the conventional reversal strategy dned t

residual reversal strategy. Furthermore, the tptdsents average round-trip trading costs that dvbale

resulted in break-even strategy returns as wealasverage monthly strategies’ turnover. Panetports

the results for our universe of stocks that haveaaket capitalization that is above the NYSE median

Panel B and C report the results for the large8t&td 100 stocks in our sample, respectively. Bieirns

are calculated by subtracting the estimated tradogys that are based on the Keim and Madhavarv{199

model and are explained in detail in Equations @) (17) of the paper. We also report the nermestof

the reversal strategies using a skip day appraaabhich the returns of the first trading day of thew

month are not taken into account. The sample pdasddom January 1990 to December 2008 and the

sample includes all common U.S. stocks listed enNWSE, AMEX and Nasdaq markets that have, at the

end of the formation month, a price above $1 atdrmedata for all preceding 36 months. Newey-West

corrected-statistics are reported in parentheses.

Panel A: Above NYSE median

Gross return  Net return Net return Break-even  Turnover
skip day
Conventional reversal 0.18 -0.26 -0.48 10 174%
(0.42) (-0.62) (-1.13)
Residual reversal 1.00 0.70 0.36 56 181%
(3.55) (2.42) (1.24)
Panel B: 500 Large caps
Gross return  Net return Net return Break-even  Turnover
skip day
Conventional reversal 0.30 0.15 0.04 18 160%
(0.89) (0.45) (0.13)
Residual reversal 0.79 0.67 0.47 48 165%
(3.29) (2.77) (1.94)
Panel C: 100 Large caps
Gross return  Net return Net return Break-even  Turnover
skip day
Conventional reversal 0.31 0.29 0.22 19 161%
(0.88) (0.81) (0.62)
Residual reversal 0.83 0.81 0.62 50 165%
(3.11) (3.03) (2.32)
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Table 4:Portfolio characteristics

This table presents characteristics of the dealtfgios sorted on previous month total returnan@ A)

and previous month residual returns (Panel B). oaithly return volatility and the Fama and French
(1993) three-factor betas from Equation (14) aectime-series averages of tmedians in a portfolio and

are estimated using the 36 months prior to formatiate. Size denotes the time-series average of the
median size decile, using NYSE, breakpoints in a portfali the end of the formation period; price denotes
the time-series average of tmeedian stock price at the end of the formation period. TK&m &
Madhavan (1997) transaction costs of ‘buy’ andl*satluced orders are the time-series averagedef t
average costs in a portfolio. The sample period is fromuly 1990 to December 2008 and the sample
includes all common U.S. stocks listed on the NYBRIEX and Nasdaq markets that have, at the end of

the formation month, a price above $1 and retuta fta all preceding 36 months.

Panel A: Conventional reversal
Losers 2 3 4 5 6 7 8 9 Winners

Volatility (%) 7.37 5.63 4.77 458 419 420 4.14 .19 445 6.16
RV 117 104 097 095 095 094 096 0.99 1.05 1.19

RSMB 0.30 0.8 0.13 0.12 012 0.13 0.13 0.17 025 0.44
RHML 0.10 021 025 0.26 028 027 026 025 020 0.05
Size 452 522 534 542 546 554 546 546 527.424
Price ($) 28.89 33.5735.41 36.71 37.01 37.85 38.36 38.30 38.14 36.40
Buy (%) 035 021 0.17 0.15 0.5 0.14 014 0.15 70.1 0.25
Sell (%) 0.08 0.03 003 0.02 0.02 0.02 0.02 0.02020. 0.05

Panel B: Residual reversal
Losers 2 3 4 5 6 7 8 9 Winners

Volatility (%) 5.69 5.34 505 483 484 456 439 .3% 437 464
RV 1.02  1.02 1.02 102 102 101 101 101 1.00 0.99

RSMB 0.17 018 0.19 019 021 019 020 0.19 019 0.20
RHML 021 020 021 022 024 023 024 023 026 0.28
Size 527 517 517 506 5.16 514 516 526 525.275
Price ($) 33.59 34.7535.32 35.39 35.72 35.98 36.08 36.42 36.98 37.51
Buy (%) 022 020 020 020 019 019 018 0.18 70.1 0.17
Sell (%) 0.04 0.03 0.03 0.03 0.03 0.03 0.03 0.03030. 0.03
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Table 5:Double-sorted reversal returns

This table presents average monthly returns on ldeadoted rank portfolios based on total returnd an
residual returns. In Panel A, stocks are firstesbiinto quintile portfolios based on their totaiuras and
then each total-return quintile is subdivided iquaintiles based on the stocks’ residual returnsieP8
reports the results using a similar double-sorfingcedure, but now stocks are first sorted intotijeis
based on their residual returns, and next we sidelihe stocks into quintiles based on their todalrns.
The sample period is from January 1929 to Decer2BéB and the sample includes all common U.S.
stocks listed on the NYSE, AMEX and Nasdaq markk#t have, at the end of the formation month, a
market capitalization above the NYSE median, aepabove $1 and return data for all preceding 36

months. Newey-West correctegdtatistics are reported in parentheses.

Panel A: Controlling for total returns
Residual return

Losers 2 3 4 Winners L-W t-Stat

Losers 1.63 1.36 1.33 1.20 0.97 0.66 (4.86)

= E 2 1.45 1.24 1.09 1.04 0.83 0.62 (4.36)
E % 3 1.31 1.12 1.00 1.02 0.66 0.66 (4.55)
= 4 1.29 1.06 0.91 0.79 0.41 0.87 (5.98)
Winners 1.03 0.82 064 0.34 -0.06 1.10 (7.28)
Average 1.34 1.12 0.99 0.88 0.56 0.78 (7.23)

Panel B: Controlling for residual returns
Total return

Losers 2 3 4 Winners L-W  t-Stat

_ Losers 1.41 143 137 1.52 1.38 0.03 (0.17)
S c 2 1.14 1.07 114 1.25 1.34 -0.20 (-1.03)
% 2 3 0.95 0.89 1.06 1.12 1.15 -0.20 (-1.12)
x - 4 0.78 0.89 0.83 0.96 0.93 -0.14 (-0.72)
Winners 0.44 0.51 043 0.28 0.22 0.23 (1.33)
Average 0.95 0.96 0.97 1.02 1.00 -0.06(-0.38)
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Table 6:Cross-sectional Fama-MacBeth (1973) regressions

This table presents time-series averages of momidfficient estimates (multiplied by 100) thatldov
from cross-sectional Fama and MacBeth (1973) tfgegressions. The dependent variable is the mgnthl
excess stock return. Independent variables ar@rmbemonth lagged stock return, the one-month lagged
residual stock return (estimated using Equationof4the paper), the one-month lagged log market
capitalization of the stock, the one-month laggedksto-market ratio and four dummy variables tleédet
the value of one if the stock belongs to the tottlwn loser decile, total-return winner decilesideial-
return loser decile and/or residual-return winneciké in the previous month and zero otherwise. The
sample period is from January 1963 to December 20@Bthe sample includes all common U.S. stocks
listed on the NYSE, AMEX and Nasdaq markets thatehat the end of the formation month, a positive
book-to-market ratio, a market capitalization abthe NYSE median, a price above $1 and return fdata

all preceding 36 months. Newey-West corredtsthtistics are reported in parentheses.

Excluding previous month Including previous month
(residual) return (residual) return

Total Residual Both Total Residual Both
Intercept 0.48 0.45 0.46 0.52 0.43 0.42
(1.83) (1.60) (1.76) (2.02) (1.56) (1.80)
it-1 -3.87 1.11
(-7.83) (0.74)
€it1 -3.90 -541
(-8.89) (-3.89)
In(Size) -0.06 -0.06 -0.07 -0.06 -0.06 -0.05
(-1.67) (-1.59) (-1.77) (-1.55) (-1.51) (-1.50)
Book-to-Market 0.31 0.34 0.33 0.31 0.35 0.34
______________________________________________ (275)  (282) (298) (2.82) (2.97) (3.42)
Total Return Loser Dummy 0.53 0.15 -0.12 -0.15
(4.10) (2.03) (-1.37) (-1.51)
Total Return Winner Dummy -0.72 -0.32 0.00 0.07
(-5.28) (-2.14) (-0.04) (0.59)
Residual Return Loser Dummy 0.78 0.70 0.24 0.27
(10.21) (9.11) (3.66) (3.50)
Residual Return Winner Dummy -0.88 -0.67 -0.30 -0.28
(-10.09) (-8.74) (-5.16) (-4.21)
Adjusted R 0.03 0.03 0.04 0.04 0.03 0.05
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Table 7:Reversal returns per industry

This table presents average monthly returns andiadized Sharpe ratios for the conventional reversal

strategy and the residual reversal strategy forlfhandustries as classified by French (2011) feo t

sample periods. The bottom rows of the panels teheraverage monthly returns and annualized Sharpe

ratios for the conventional reversal and resideakrsal strategies within the industries. In Pakethe
sample period is from January 1929 to December 20@8Panel B presents results for the sample period
starting from January 1990 to December 2008. Thepkaincludes all common U.S. stocks listed on the

NYSE, AMEX and Nasdaq markets that have, at theddrttie formation month, a market capitalization

above the NYSE median, a price above $1 and redata for all preceding 36 months. Newey-West

corrected-statistics are reported in parentheses.

Panel A: January 1929 to December 2008
Conventional reversal

Residual reversal
Return t-Stat  Sharpe

Industries Return t-Stat  Sharpe
Consumer non durables 1.27 (6.69) 0.75
Consumer durables 0.85 (2.88) 0.32
Manufacturing 1.71 (9.75) 1.09
Energy 1.71 (6.93) 0.77
HiTec 034 (1.21) 0.14
Telecom 0.97 (2.03) 0.30
Shops 1.60 (7.10) 0.79
Health 1.42 (4.59) 0.58
Utilities 2.04 (7.04) 0.79
Other 1.18 (5.79) 0.65
Within industries 1.37 (9.90) 1.11

1.67  ()0.001.12

133  (5.25) 90.5
1.88  (13.07) 1.46
150  (7.01)  0.78
093  (3.91) 0.44
112  (255)  0.39
206 (10.59) 1.18
2.13  (7.69)  0.99
1.94  (9.04)  1.01
1.29  (7.43)  0.83

1.63  (17.76) 94l

Panel B: January 1990 to December 2008
Conventional reversal

Residual reversal

Industries Return t-Stat  Sharpe Return t-Stat  Sharpe
Consumer non durables  0.96 (2.46) 0.56 1.52 (4.45)1.02
Consumer durables 0.92 (1.49) 0.34 0.86 (2.61) 70.3
Manufacturing 0.65 (1.48) 0.34 1.20 (3.76) 0.86
Energy -0.54  (-1.10) -0.25 -0.49  (-1.10) -0.25
HiTec -0.89 (-1.54) -0.35 0.23 (0.50) 0.11
Telecom 0.73 (0.88) 0.20 1.28 (1.73) 0.40
Shops 0.40 (0.96) 0.22 1.18 (3.52) 0.80
Health 0.40 (0.62) 0.14 1.04 (2.03) 0.46
Utilities 0.12 (0.25) 0.06 0.28 (0.83) 0.19
Other 0.87 (2.54) 0.58 1.21 (5.56) 1.28
Within industries 0.26 (0.96) 0.22 0.87 (4.48) 3.0
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Table 8:Reversal returns conditional on factor returns

This table presents average monthly returns foctheventional reversal strategy and the residuadrsal
strategy conditional on the number of common factbat persist and revert. A factor persists (tsyef
the sign of the factor return in moritis similar (opposite) to the sign of the factaiura in montht-1. The
final column of the table reports the empiricallpabilities of the four different states. The sanmgdeiod is
from January 1929 to December 2008 and the samgliadies all common U.S. stocks listed on the NYSE,
AMEX and Nasdaq markets that have, at the endeofdhmation month, a market capitalization abowe th
NYSE median, a price above $1 and return data lfggraceding 36 monthg-Statistics are reported in
parentheses.

Conventional reversal Residual reversal
Return t-Stat Return t-Stat Probability
All 3 factors persist -0.44 (-1.18) 1.54 (5.49) 0.20
1 factor reverts -0.06 (-0.19) 1.12 (6.40) 0.37
2 factors revert 1.62 (6.27) 1.16  (5.83) 0.30
All 3 factors revert 4.58 (8.20) 213 (5.14) 0.12
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Table 9:Reversal returns per calendar month

This table presents average returns for the comraitreversal strategy and the residual revetsalegyy

per calendar month for the sample period Janua®® 18 December 2008 in Panel A. Panel B presents
average January returns and non-January returnghdosample period starting from January 1990 to
December 2008. The sample includes all common &t&@ks listed on the NYSE, AMEX and Nasdaq
markets that have, at the end of the formation moatmarket capitalization above the NYSE median, a
price above $1 and return data for all preceding®6thst-Statistics are reported in parentheses.

Panel A: January 1929 to December 2008
Conventional reversal

Residual reversal

Month Return t-Stat Return t-Stat
January 3.35 (5.56) 2.75 (6.62)
February 0.79 (1.42) 141 (3.55)
March 1.49 (2.20) 1.86 (3.35)
April 0.21 (0.44) 0.49 a.77)
May 0.43 (1.05) 1.13 (3.98)
June 1.61 (2.36) 1.33 (3.27)
July 1.84 (3.47) 1.87 (3.56)
August 0.25 (0.28) 1.16 (3.62)
September 0.59 (2.13) 0.88 (2.29)
October 0.84 (1.37) 1.32 (2.77)
November -0.43 (-0.77) 0.58 (2.75)
December 0.60 (2.07) 1.32 (3.70)

Panel B: January 1990 to December 2008
Conventional reversal

Residual reversal

Month Return t-Stat Return t-Stat
January 2.82 (1.92) 2.95 (3.55)
Non-Januaries -0.05 (-0.12) 0.84 (2.80)
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Figure 1:Formation period loadings of the conventional reversal strategy

This figure plots the estimated factor exposure®t return winner portfolios and loser portfaiagainst
the returns of the Fama and French (1993) factormadntht-1. Panel A shows the market betas of the
winner and loser portfolios against the excessrmetun the market portfolio during the formation rtton
and Panel B and C show tBWB factor exposures antdML factor exposures against the formation period
returns on th&VIB andHML factors, respectively. The solid line in the figuepresents the linearly fitted
relation between the factor exposure of the losentfgio and the factor return and the dashed line
represents this relation for the winner portfolithe sample period is from January 1929 to Decer?0@8
and the sample includes all common U.S. stockedistn the NYSE, AMEX and Nasdaq markets that
have, at the end of the formation month, a mar&pttalization above the NYSE median, a price alskive

and return data for all preceding 36 months.

Panel A: Market Factor

Market Beta

0.6

RMRFy.1

Panel B: SMB Factor

+

SMB Beta

0.3 0.4 0.5

SMB:1
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Figure 1 (continued)-ormation period loadings of the conventional reversal strategy
This figure plots the estimated factor exposure®t return winner portfolios and loser portfaiagainst
the returns of the Fama and French (1993) factormadntht-1. Panel A shows the market betas of the
winner and loser portfolios against the excessrmetun the market portfolio during the formation rtton
and Panel B and C show tBWB factor exposures antdML factor exposures against the formation period
returns on th&VIB andHML factors, respectively. The solid line in the figuepresents the linearly fitted
relation between the factor exposure of the losetfgio and the factor return and the dashed line
represents this relation for the winner portfolithe sample period is from January 1929 to Decer?0@8
and the sample includes all common U.S. stockedistn the NYSE, AMEX and Nasdaq markets that
have, at the end of the formation month, a mar&pttalization above the NYSE median, a price alskive

and return data for all preceding 36 months.

Panel C: HML Factor

HML Beta

0.4

HML:-1

= Llosers +  Winners Losers Winners
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Figure 2:Formation period loadings of the residual reversal strategy

This figure plots the estimated factor exposuresesfdual return winner portfolios and loser pditfe
against the returns of the Fama and French (12&3)rs in month-1. Panel A shows the market betas of
the winner and loser portfolios against the excetgn on the market portfolio during the formatioonth
and Panel B and C show tBW®B factor exposures antdML factor exposures against the formation period
returns on th&VIB andHML factors, respectively. The solid line in the figuepresents the linearly fitted
relation between the factor exposure of the losetfgio and the factor return and the dashed line
represents this relation for the winner portfolithe sample period is from January 1929 to Decer?0@8
and the sample includes all common U.S. stockedistn the NYSE, AMEX and Nasdaq markets that
have, at the end of the formation month, a mar&pttalization above the NYSE median, a price alskive

and return data for all preceding 36 months.

Panel A: Market Factor
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Figure 2 (continued)rormation period loadings of the residual reversal strategy

This figure plots the estimated factor exposuresesfdual return winner portfolios and loser pditfe
against the returns of the Fama and French (12&3)rs in month-1. Panel A shows the market betas of
the winner and loser portfolios against the excesgn on the market portfolio during the formatioonth
and Panel B and C show tBW®B factor exposures antdML factor exposures against the formation period
returns on th&VIB andHML factors, respectively. The solid line in the figuepresents the linearly fitted
relation between the factor exposure of the losetfgio and the factor return and the dashed line
represents this relation for the winner portfolithe sample period is from January 1929 to Decer?0@8
and the sample includes all common U.S. stockedistn the NYSE, AMEX and Nasdaq markets that
have, at the end of the formation month, a mar&pttalization above the NYSE median, a price alskive

and return data for all preceding 36 months.

Panel C: HML Factor

HML Beta

HML:-1

= Llosers +  Winners Losers Winners
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Figure 3:Cumulativereversal returns
This figure plots the cumulative returns from Jague929 to December 2008 for a hypothetical $1 stee in the conventional reversal strategy (grey) the
residual reversal strategy (black). The sampleughes all common U.S. stocks listed on the NYSE, Mvdhd Nasdaq markets that have, at the end of the

formation month, a market capitalization aboveNPSE median, a price above $1 and return datalf@receding 36 months.
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