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Scaling up Market Anomalies
Doron Avramov, Si Cheng, Amnon Schreiber,  
and Koby Shemer

Financial economics have identified a 
plethora of firm characteristics that 
predict future stock returns. Such 
predictability is unexplained by 

canonical asset pricing models and thus estab-
lishes anomalous patterns in the cross-section 
of average stock returns. However, due to the 
improvement in market liquidity as well as the 
learning of investors from academic publica-
tions, the profitability of investment strategies 
that employ predictive characteristics often 
attenuates and even disappears over time 
(e.g., Schwert [2003], Chordia, Roll, and 
Subrahmanyam [2011], and McLean and 
Pontiff [2016]). The momentum trading 
strategy of Jegadeesh and Titman [1993] is 
an exception. In particular, Jegadeesh and 
Titman [2001,  2002] and Schwert [2003] 
documented momentum profitability during 
the post-publication period, and Asness, 
Moskowitz, and Pedersen [2013] imple-
mented comprehensive enough analyses to 
show that momentum is a robust anomaly. 

This article proposes an active trading 
strategy that implements momentum among 
15 well-known market anomalies. Given that 
the traditional momentum strategy exploits 
the persistence in stock prices, we essen-
tially examine whether the same persistence 
exists in anomaly payoffs and whether the 
proposed trading strategy outperforms the 
common benchmarks. To pursue this task, 
we consider U.S. common stocks over the 

sample period from 1976 through 2013. 
Following Stambaugh, Yu, and Yuan [2012] 
and Avramov et al. [2013], we consider the 
following anomalies: failure probability, 
O-score, net stock issuance, composite equity 
issuance, total accruals, net operating assets, 
momentum, gross profitability, asset growth, 
return on assets, abnormal capital investment, 
standardized unexpected earnings, analyst 
dispersion, idiosyncratic volatility, and the 
book-to-market ratio. 

Our investment universe consists of 
stocks in the top (best-performing, long-leg) 
and bottom (worst-performing, short-leg) 
anomaly portfolios. To illustrate, the highest 
gross profitability stocks are in the top port-
folio, while the lowest gross prof itability 
stocks are in the bottom portfolio. The same 
idea applies to all the other anomalies. Essen-
tially, there are 15 top and 15 bottom anomaly 
portfolios. The top and bottom portfolios are 
independently sorted into three groups based 
on their lagged one-month (month t - 1) 
returns. The loser (winner) portfolio consists 
of the bottom (top) five anomalies, while the 
other five anomalies are in the median group. 
Our active anomaly-based strategy under-
takes a long position in the long-leg winner 
and a short position in the short-leg loser 
portfolios. We compare the investment out-
come of this active momentum strategy with 
a naive benchmark that equally invests in all 
15 anomalies. In addition, we also consider 
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three and four top and bottom anomaly portfolios, and 
the overall evidence is unchanged.

In the f irst place, our experiments show that, 
consistent with past work, the profitability of indi-
vidual anomalies diminishes over time, and moreover, 
such profitability is highly volatile. However, a naive 
strategy that takes equal positions across all anomalies 
considerably mitigates the downside risk of investing in 
individual anomalies, and it exhibits high profitability 
through the entire sample period. To wit, the Fama–
French three-factor adjusted return (alpha) is 0.813% 
a month in the pre-2000 period and 0.624% in the 
post-2000 period. Indeed, consistent with Stambaugh, 
Yu, and Yuan [2012], there is a rather small correlation 
among anomaly payoffs, which motivates the strategy 
of combining anomalies.

Notably, our proposed momentum strategy con-
siderably outperforms that naive benchmark. We show 
that there is a strong positive autocorrelation of anomaly 
payoffs across different time horizons ranging from one 
month to five years. Consequently, the active strategy 
conditioned on past one-month return yields a monthly 
alpha ranging between 1.273% and 1.471%, indicating 
a signif icant 59% to 84% increase comparing with 
the naive strategy. The proposed momentum trading 
strategy remains profitable during the post-2000 period 
generating a monthly alpha ranging between 0.774% 
and 0.912%.

As a robustness check, we implement our proposed 
strategy when the conditioning variable is the predicted 
future return (as opposed to past one-month return). 
The predicted return is the fitted value emerging from 
time-series predictive regressions of anomaly payoffs 
on lagged values of investor sentiment, market illi-
quidity, and market return. The evidence shows that 
all these marketwide variables are strong predictors of 
anomaly payoffs. Moreover, using predictive regressions 
to estimate future predicted return further improves 
the investment payoff generated by our proposed 
momentum strategy. Interestingly, the investor senti-
ment has uniformly been the best predictor of anomaly 
payoffs since 2000. In particular, a momentum strategy 
that conditions on the estimated expected return based 
on the investor the sentiment predictive variable gener-
ates a monthly alpha that ranges between 1.046% and 
1.243% in the recent decade.

Finally, we examine the momentum in anoma-
lies conditional on high-versus-low investor sentiment, 

as the original momentum trading strategy is shown to 
be profitable only following periods of high investor 
sentiment due to the presence of optimistic investors 
and binding short-sale constraints (Stambaugh, Yu, and 
Yuan [2012]). We find that our proposed momentum 
strategy yields higher risk-adjusted returns following 
a high sentiment period. The monthly risk-adjusted 
return ranges between 1.421% and 1.732% in high sen-
timent periods, compared with 1.094% to 1.182% when 
investor sentiment is low.

This study extends the literature on momentum 
effects in asset prices, and in particular, we investigate 
the persistence in anomaly payoffs. For one thing, if 
the return predictability in market anomalies ref lects 
mispricing, this predictability should decay or disap-
pear as long as sophisticated investors are aware of the 
mispricing opportunity and trade against it (McLean 
and Pontiff [2016]). If some anomalies display more 
continuation than others, however, a trend can be 
identified and exploited during the adjustment period. 
Of course, anomalies can ref lect ongoing behavioral 
biases of f inancial market participants and thus their 
decay can be long lasting. To gauge the economic 
magnitude of the persistence in anomaly payoffs, 
we propose an active trading strategy that buys a subset 
of top anomaly portfolios and sells a subset of bottom 
anomaly portfolios based on past realized or predicted 
future returns. The proposed strategy consistently out-
performs common benchmarks throughout the entire 
sample period as well as during the post-2000 period, 
when many market anomalies are found to be unprof-
itable. Our results suggest that although the individual 
anomaly-based strategy becomes less attractive over 
time, the same set of f irm characteristics underlying 
those anomalies can still be used by asset managers to 
make sound investment decisions. Overall, our experi-
ments are important in understanding the structure 
of anomaly payoffs, their dependence on marketwide 
state variables, as well as the overall practice of asset 
management in further proving investment vehicles.

DATA AND VARIABLE CONSTRUCTION

Our experiments are based on NYSE, AMEX, and 
NASDAQ common stocks with Center for Research 
in Security Prices (CRSP) share codes of 10 or 11. 
The sample spans the January 1976 through December 
2013 period. Daily and monthly common stock data 
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are recorded from the CRSP database, while quarterly 
and annual f inancial statement data are from the 
COMPUSTAT database. Stock returns and accounting 
data are employed to construct a set of 15 market anom-
alies following Stambaugh, Yu, and Yuan [2012] and 
Avramov et al. [2013].

The 15 anomalies consist of failure probability 
(e.g., Campbell, Hilscher, and Szilagyi [2008], Chen, 
Novy-Marx, and Zhang [2011]); O-score (Ohlson 
[1980]); net stock issuance (Ritter [1991], Loughran 
and Ritter [1995]); composite equity issuance (Daniel 
and Titman [2006]), total accruals (Sloan [1996]), net 
operating assets (Hirshleifer et al. [2004]); momentum 
( Jegadeesh and Titman [1993]); gross prof itability 
(Novy-Marx [2013]); asset growth (Cooper, Gulen, 
and Schill [2008]); return on assets (Fama and French 
[2006]); abnormal capital investment (Titman, Wei, and 
Xie [2004]); standardized unexpected earnings (Chan, 
Jegadeesh, and Lakonishok [1996]); analyst dispersion 
(Diether, Malloy, and Scherbina [2002]); idiosyncratic 
volatility (Campbell et al. [2001]); and book-to-market 
ratio (Fama and French [1992, 1993]).

The details on the construction of all 15 f irm-
specif ic variables underlying all these anomalies are 
provided in the Appendix. Most anomalies are con-
structed on an annual basis; while the failure prob-
ability, O-score, return on assets, standardized 
unexpected earnings, and book-to-market ratio are 
computed quarterly, momentum, analyst dispersion, and 
idiosyncratic volatility are formed monthly. For anoma-
lies based on information from financial statements, we 
use the fiscal year-end but consider the accounting vari-
ables observable only in June of the next calendar year. 
We thus avoid any potential look-ahead bias, under-
taking a real-time perspective.

Our investment universe is based on 30 portfo-
lios establishing the top (best-performing) and bottom 
(worst-performing) deciles of each of the 15 anomalies. 
To construct top and bottom portfolios, all common 
stocks are sorted into deciles according to the lagged 
one-month (month t - 1) firm-specific variable under-
lying the anomaly. The top 15 portfolios consist of 10% 
of the stocks with the lowest failure probability, lowest 
O-score, lowest net stock issuance, lowest composite 
equity issuance, lowest total accruals, lowest net oper-
ating assets, highest past six-month returns, highest 
gross profitability, lowest asset growth, highest return 
on assets, lowest abnormal capital investment, highest 

standardized unexpected earnings, lowest analyst dis-
persion, lowest idiosyncratic volatility, or highest book-
to-market ratio. The bottom 15 portfolios consist of 
stocks in the opposite extreme deciles. Our proposed 
trading strategy takes a long position in a subgroup of 
the best-performing top portfolios along with short 
position in a subgroup of the worst-performing bottom 
portfolios. Performance is based on the past one-month 
return. If indeed anomaly payoffs are persistent, such a 
momentum trading strategy implemented among anom-
alies will outperform a more naive strategy that equally 
weights all anomalies.

Exhibit 1 displays summary statistics on the 15 
anomaly portfolios (in the order described previously) 
as well as an equal-weighted (or naive) combination. 
Panel A of Exhibit 1 shows payoffs to long–short posi-
tions, while Panel B (C) considers exclusively long 
(short) trading strategies. For each of the 15 anom-
alies, the month t portfolio holding period return is 
the value-weighted average of stocks in each decile. 
We obtain the returns to anomaly-based trading 
strategy by taking a long position in the top (best-
performing) decile and a short position in the bottom 
(worst-performing) decile. Anomaly returns are further 
adjusted by the Fama–French three common factors—
market (excess return on the value-weighted CRSP 
market index over the one-month T-bill rate, MKT), 
size (small minus big return premium, SMB), and value 
(high book-to-market minus low book-to-market 
return premium, HML).1

Observe from Panel A of Exhibit 1 that of the 
15 long–short strategies, 13 strategies produce signifi-
cantly positive Fama–French three-factor risk-adjusted 
return over the entire sample period. The average Fama–
French three-factor adjusted return for the combined 
strategy is 0.8% a month. Panel A also presents other 
characteristics of the portfolios. In particular, the Sharpe 
ratio is computed as the average excess monthly port-
folio return divided by its standard deviation over the 
entire sample period, the shortfall probability is defined 
as the probability of a negative return, and the value 
at risk is the maximal potential loss in the value of the 
portfolio over one month with a 5% probability. The 
evidence shows a strong cross-sectional variation in 
the value at risk ranging from 3.7 to 13, suggesting that 
betting on a single anomaly-based trading strategy could 
result in significant loss with non-trivial probability. 
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However, the combined strategy considerably mitigates 
the value at risk to only 2.83.

In addition, Panels B and C of Exhibit 1 sepa-
rately present similar statistics in the long leg and short 
leg of the anomalies. Among the 15 anomaly-based 
trading strategies, 10 (12) strategies produce significant 

risk-adjusted return in the long leg (short leg). The results 
indicate that the short leg of the combined strategy yields 
a significant risk-adjusted return of −0.496% a month, 
with the long position also generating a signif icant 
monthly risk-adjusted return of 0.304%. Our f ind-
ings are in line with those of Stambaugh, Yu, and Yuan 

E x h i b i t   1
Descriptive Statistics for Anomaly Portfolios

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses (Newey and West [1987]).
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[2012], and Avramov et al. [2013], who showed that the 
short positions are substantially more profitable than the 
long positions, possibly due to short-sale constraints.

In the past decade, the U.S. equity market under-
went substantial changes, including the introduction of 
decimalization and increases in active participation of 
informed institutional investors as well as high-frequency 
traders. These technological and structural changes have 
improved the marketwide liquidity and minimized the 
constraints to arbitrage, and more importantly, attenu-
ated the profitability of anomaly-based trading strate-
gies (e.g., Chordia, Roll, and Subrahmanyam [2011] and 
Chordia, Subrahmanyam, and Tong [2014]). In addi-
tion, McLean and Pontiff [2016] found that the returns 
to anomaly-based trading strategies decreased substan-
tially after they were reported in the academic literature. 
To examine the impact of these changes in our sample, 
we investigate separately the two subperiods: 1976–1999 

and 2000–2013. Exhibit 2 reports the results for both 
subperiods. 

Indeed, observe from Panels A and B of Exhibit 2 
that only 9 out of 15 anomalies produce significantly pos-
itive Fama–French three-factor adjusted returns in the 
post-2000 period, compared with 13 profitable anomalies 
prior to 2000. However, the combined strategy remains 
highly profitable, generating a significant monthly alpha 
of 0.813% in the pre-2000 period and 0.624% in the post-
2000 period. Because the profitability of each individual 
anomaly is difficult to predict, and moreover, it is time 
varying, a naively combined strategy that takes equal 
positions across the 15 anomalies appears to be attrac-
tive for practical purposes. Indeed, it is quite remarkable 
that the combined strategy displays significantly positive 
risk-adjusted return also in the post-2000 period even 
when almost half of the individual anomaly payoffs are 
insignificant. Moreover, it is evident that the combined 

E x h i b i t   2
Descriptive Statistics for Anomaly Portfolios (1976–1999 and 2000–2013)

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.
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strategy mitigates the noise and risk in the individual 
strategies and considerably limits the downside risk mea-
sured by value at risk in both subperiods.

MOMENTUM IN ANOMALIES

We have shown that a naive trading strategy, which 
equally weights all anomalies, yields stable and superior 
risk-adjusted returns even during the recent decade 
when individual anomaly payoffs tend to diminish. 
In what follows, we propose the implementation of an 
active momentum strategy among the various anomalies. 
Starting from Jegadeesh and Titman [1993], the momentum 
strategy of buying past winner stocks and selling past 
loser stocks is considered to be one of the most robust 
anomalies across countries, industries, and asset classes 
(Rouwenhorst [1998, 1999], Moskowitz and Grinblatt 

[1999], Chui, Titman, and Wei [2010], and Asness, Mos-
kowitz, and Pedersen [2013]). Here, we examine whether 
the performance of top (best-performing) and bottom 
(worst-performing) anomaly portfolios tends to persist 
in an economically meaningful way. 

As a f irst pass to examine the persistence in 
anomaly payoff, we run Fama–MacBeth regressions of 
anomaly return on its lagged values. Exhibit 3 reports 
the results for various specif ications (see Fama and 
MacBeth [1973]). Panel A focuses on the Fama–French 
three-factor adjusted returns, while Panel B employs raw 
returns. Indeed, there is a strong positive autocorrelation 
of anomaly payoff across different time horizons ranging 
from one month to f ive years. Notice that the one-
month autocorrelation coefficient is statistically signifi-
cant among all specifications examined, and therefore 
our main strategy for trading anomalies, as outlined in 

E x h i b i t   3
Momentum in Anomalies
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the following, focuses on one-month formation and 
one-month holding periods.

As the profitability of the anomaly-based trading 
strategies appears to be persistent over time, professional 
asset managers can actively select a subset of anoma-
lies, in both the long and the short legs of the trade, 
to further enhance performance. In particular, consider 
the investment universe consisting of stocks comprising 
the 15 top (best-performing) and 15 bottom (worst-
performing) anomaly portfolios. All the other stocks can 
be disregarded for the strategy implementation. Based 
on this universe of individual stocks, we form 6 (2 × 3) 
portfolios, including long-leg Winner (WL), long-leg 
Median (ML), long-leg Loser (LL), short-leg Winner 
(WS), short-leg Median (MS), and short-leg Loser (LS). 
To wit, the WL (LS) portfolio consists of stocks in the 
top (bottom) N anomaly portfolios recording the highest 
(lowest) past monthly return; LL (WS) portfolio corre-
sponds to investing in N top (bottom) anomaly portfo-
lios recording the lowest (highest) past monthly return; 
while the ML (MS) portfolio invests in the remaining 
15 - 2N top (bottom) portfolios. In our experiments, 
we consider the number of extreme portfolios (N ) to 
be 3, 4, and 5.

The payoff characteristics of the 2 × 3 portfolios, 
i.e.,  long-leg Winner (WL), long-leg Median (ML), 
long-leg Loser (LL), short-leg Winner (WS), short-leg 
Median (MS), and short-leg Loser (LS), are described in 
Exhibit 4. Also displayed are the payoff characteristics of 
the “WL−LS” portfolio amounting to take long position 
in the long-leg winner and short position in the short-
leg loser portfolios. There are three panels in Exhibit 4 
corresponding to N = 5 (Panel A), N = 4 (Panel B), and 
N = 3 (Panel C). 

Observe form Panel A (B and C) of Exhibit 4 
that during the entire sample period, the long posi-
tions of past outperforming anomalies (WL) continue 
to outperform in the following month, generating a 
significant risk-adjusted return of 0.470% (0.489% and 
0.513%) per month, while the short positions of past 
underperforming anomalies (LS) continue to underper-
form with a significant risk-adjusted return of −0.803% 
(−0.893% and −0.958%) per month. The active strategy 
conditioned on past anomaly returns (WL−LS) yields a 
monthly risk-adjusted return ranging between 1.273% 
and 1.471%. The investment payoffs indicate a signifi-
cant 59% to 84% increase compared with the previ-
ously described naive strategy, which generates 0.799% 

per month (Exhibit 1, Panel A). Similarly, the portfolio 
payoff based on raw returns provides consistent evidence 
supporting the economically meaningful persistence in 
anomaly payoffs. In addition, the Sharpe ratio ranges 
between 0.179 and 0.194 in our proposed momentum 
strategy, ref lecting a tremendous 77% to 92% increase 
from the naive strategy with a Sharpe ratio of 0.101 
(Exhibit 1, Panel A). Finally, our strategy appears to 
have similar shortfall probability but higher value at risk 
compared with the naive benchmark. 

Exhibit 5 splits our sample into the two subperiods: 
1976–1999 and 2000–2013. As expected, our strategy 
conditioned on past anomaly returns is less profitable in 
the recent decade. Still, it remains both statistically and 
economically significant even during this subperiod. For 
instance, the monthly risk-adjusted return to the strategy 
based on 5 (4 and 3) extreme anomalies is 1.447% (1.560% 
and 1.693%) before 2000, while it remains highly signif-
icant at 0.774% (0.899% and 0.912%) in the post-2000 
period, as presented in Panel A (B and C). Moreover, 
this active strategy outperforms the naive combined 
strategy in both subperiods. Recall, for the combined 
strategy, the Fama–French three-factor adjusted return 
is 0.813% (Exhibit 2, Panel A) and 0.624% (Exhibit 2, 
Panel B) in the pre- and post-2000 periods, respectively. 
Similarly, our strategy provides higher Sharpe ratios in 
both subperiods. In sum, by identifying the winner and 
loser anomaly portfolios, our novel trading strategy out-
performs a passive unconditional benchmark and gen-
erates significant returns on a risk-adjusted basis. Our 
results are robust to the number of extreme anomalies 
used to construct the long–short portfolio as well as to 
different sample periods.

To further establish the robustness of our f ind-
ings, we consider a wide range of alternative sorting 
variables estimated from time-series predictive regres-
sions. Specifically, at the end of each month t - 1, the 
predicted anomaly return is computed as the sum of 
the regression constant and the slope coefficients multi-
plied by the values of the predictors realized in the same 
month. The regression coefficients of each anomaly are 
estimated using a five-year estimation period (month 
t - 61 to t - 2). The predictors include the geometric 
average of anomaly returns in the last f ive years 
(Model 1), lagged anomaly return (Model 2), lagged 
market illiquidity (Model 3), lagged investor sentiment 
(Model 4), lagged anomaly return and lagged market 
illiquidity (Model 5), lagged anomaly return and lagged 
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E x h i b i t   4
Momentum in Anomalies

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.
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E x h i b i t   5
Momentum in Anomalies (1976–1999 and 2000–2013)

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.
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investor sentiment (Model 6), lagged anomaly return, 
lagged market illiquidity, and lagged investor sentiment 
(Model 7), cumulative market return in the last two 
years (Model 8), lagged anomaly return and cumulative 
market return in the last two years (Model 9), lagged 
investor sentiment and cumulative market return in the 
last two years (Model 10), lagged anomaly return, lagged 
market illiquidity, lagged investor sentiment, and cumu-
lative market return in the last two years (Model 11). 
The market illiquidity is defined as the value-weighted 
average of each stock’s monthly Amihud [2002] illi-
quidity (see the Appendix for detailed def inition), 
and investor sentiment is the level of sentiment index 
obtained from Baker and Wurgler [2006, 2007].2 The 
lagged anomaly return, market illiquidity, and investor 
sentiment are based on past one-month data.

Momentum across anomalies is based on the pre-
dicted returns. In particular, the predicted returns of 
the long-leg and short-leg of the 15 anomalies are inde-
pendently sorted into three groups, and the average 
monthly value-weighted holding period (month t) 
returns for the anomaly-based momentum strategy 
(WL−LS) are reported in Exhibit 6, with Panels A, B, 
and C using 5, 4, and 3 extreme anomalies in portfolio 
construction, respectively. 

Several findings are worth noting. First, the Fama–
French three-factor adjusted return is impressively sig-
nificant along all model specifications. For instance, it 
ranges from 1.257% to 1.523% a month in Panel C of 
Exhibit 6. Second, market state variables, such as investor 
sentiment, market illiquidity, and market return, fur-
ther improve the predictability of anomaly payoff. Some 
combinations of these variables together with lagged 
anomaly return generate the highest risk-adjusted 
return in the long–short strategy across all three panels. 
Third, sorting on predicted anomaly return using lagged 
anomaly return and market states (1.336% in Panel A, 
Model 11, Exhibit 6) further outperforms the strategy of 
sorting on lagged one-month anomaly return (1.273% 
in Exhibit 4, Panel A) on a risk-adjusted basis.

Exhibit 7 further investigates the subsample results 
of Exhibit 6, that is, for the periods 1976–1999 and 
2000–2013. Our previous f indings remain robust in 
both subperiods, and in particular, investor sentiment 
(Model 4) has uniformly been the best predictor in the 
recent decade, generating a considerable risk-adjusted 
return of between 1.046% and 1.243% a month.

It is well documented that the momentum payoff 
is time varying. In particular, the momentum-trading 
strategy is unprof itable following periods of low 
investor sentiment (Stambaugh, Yu, and Yuan [2012]). 
In response to such time variation, we examine the 
momentum in anomalies conditional on investor senti-
ment. The results are reported in Exhibit 8. The high 
(low) investor sentiment is recorded when the investor 
sentiment is above (below) median over the last 
two years. 

The empirical evidence suggests that the cross-
sectional return anomalies are more profitable when 
investor sentiment is high, ref lecting binding short-
sale constraints following episodes of high sentiment 
(Stambaugh, Yu, and Yuan [2012] and Antoniou, 
Doukas, and Subrahmanyam [2013]). More impor-
tantly, our strategy, which conditions on past anomaly 
returns, yields higher risk-adjusted returns following 
high-sentiment periods and at the same time still pro-
duces abnormal performance following low-sentiment 
periods. For instance, when selecting three extreme 
anomalies, the monthly Fama–French three-factor 
adjusted return is 1.732% in high-sentiment periods, 
compared with 1.182% when investor sentiment is low.

CONCLUSION

This article employs a set of 15 well-documented 
market anomalies and investigates the persistence in 
anomaly payoff. We find a strong positive autocorrela-
tion in anomaly payoff across different time horizons. We 
then propose an active anomaly-based trading strategy 
that considers the stocks comprising the top (best-
performing, long-leg) and bottom (worst-performing, 
short-leg) anomaly portfolios. Among the 15 top and 
15 bottom portfolios, they are independently sorted into 
loser and winner groups according to the lagged one-
month returns. Our strategy takes a long position in 
the long-leg winner and a short position in the short-
leg loser portfolios and yields a signif icantly positive 
monthly risk-adjusted return ranging between 1.273% 
and 1.471%, indicating a 59% to 84% increase, compared 
with a passive, naive benchmark that equally invests in 
all 15 anomalies. This active strategy also remains prof-
itable with monthly risk-adjusted return ranging from 
0.774% to 0.912% in the post-2000 period, despite the 
poor performance in individual anomalies. 
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E x h i b i t   6
Predicted Momentum in Anomalies

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.
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E x h i b i t   7
Predicted Momentum in Anomalies (subperiods)

(continued)
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E x h i b i t   7 (continued)
Predicted Momentum in Anomalies (subperiods)

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.

E x h i b i t   8
Momentum in Anomalies and Investor Sentiment

Note: The Appendix provides the detailed definition of each variable, and Newey–West adjusted t-statistics are reported in parentheses.

Furthermore, our findings are robust to alterna-
tive sorting variables estimated from time series pre-
dictive regressions conditional on market states and 
appear to be stronger following periods of high investor 
sentiment. Overall, this study extends the literature 

on price momentum by implementing momentum 
to a broad set of market anomalies, and our findings 
have important implications for the practice of asset 
management.
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A p p e n d i x

VARIABLE DEFINITIONS

(continued)
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ENDNOTES

1We thank Kenneth French for making the common 
factor returns available at hi website: http://mba.tuck.dart-
mouth.edu/pages/faculty/ken.french/data_library.html. 

2We thank Jeffrey Wurgler for making their index of 
investor sentiment publicly available. The models requiring 
investor sentiment end in 2010 due to data availability.
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