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ABSTRACT

Five arbitrageur factors explain over 80% of the cross-sectional monthly return predictors
found in the literature, outperforming existing factor models. Theoretically, stock price
changes can be predicted by assuming that stocks are influenced by common, predictable
sources of behavioral trading, and that arbitrageurs have a limited capacity for risk-
taking. Empirically, factors are robustly chosen by maximizing the Sharpe ratio of the
tangency portfolio. Beta loadings in this model identify sources of mispricing in asset

pricing anomalies.

*Carroll School of Management, Boston College. zhangeq@bc.edu. I would like to specially thank
Jefferey Pontiff for his guidance as my advisor. I would like to thank Rui Albuquerque, Samuel Hartzmark,
Trevor Haynes, Hojoon Lee, Daniel Smith, David Solomon, Ziqi Yuan, and participants at the Boston
College Finance PhD Seminar and the Third-year Paper Presentation for their helpful comments and
suggestions. ChatGPT helps me improve the clarity and readability of the paper.



1 Introduction

Theoretically, assets in the market are not perfectly priced, because some returns are
necessary as compensation to arbitrageurs for the risks associated with holding arbitrage
positions (Grossman and Stiglitz||1980). Empirically, cross-sectional variation in asset
returns are shown in a number of predictors in the literature. These so-called “anomalies”
— long-short portfolios generating significantly positive returns over time — do not appear
to arise from differences in systematic risk exposures. The fact that anomalies partially
persist after publication challenges both the hypothesis that asset returns are determined
by time-invariant risk compensations and the hypothesis that all anomalies result from
data mining (McLean and Pontiff|2016)).

In this paper, I propose a new framework linking the theory of arbitrageur risk taking
with the empirical results of cross-sectional return predictability. It demonstrates that a
few factors, reflecting arbitrageurs’ required returns, explain nearly all the cross-sectional
prediction power documented in the literature and outperform all existing factor asset
pricing models. By assuming that the trading behaviors of less sophisticated investors
are predictable, returns from trading against these behaviors are also predictable given
arbitrageurs’ risk taking capacity.

In traditional asset pricing models like the APT, the risk-taking capacity of arbitrageurs
is considered unlimited. As soon as prices deviate from assets’ fair value, arbitrageurs
enter the market and drive prices back. Expected return variations are attributed solely
to compensation for different risk sources, captured by a few risk factors. Instead, I
assume that arbitrageurs have limited risk-taking capacity. Consequently, when an asset
deviates from its fair value, it may remain mispriced as the mispricing provides returns
to compensate arbitrageurs.

Additionally, I posit that the reasons for price deviations from fair value are systematic,
stemming from behavioral biases in less sophisticated investors who do not properly
maximize their risk-adjusted returns. Arbitrageurs then require a certain level of return
to hold positions opposite to investors with each type of behavioral bias. Therefore, their
expected returns are explained by a few factors, which I term “arbitrageur factors.” These
factors do not represent generic risk sources for all investors but are specifically relevant

to the marginal investor, the arbitrageur, in this model.



Under the efficient market hypothesis, only new information moves prices. Price
changes result from altered expectations of future cash flows, while the realization of
these cash flows has no impact. However, in the context of limited arbitrage, it is not
just information about behavioral trading volume that affects prices, but the predictable
trading volume itself also influences them (Hartzmark and Solomon|2021). This concept
illustrates the source of cross-sectional predictive power in asset returns. The assumption
that positions influenced by systematical behavioral reasons are predictable leads to the
implication that cross-sectional asset returns are also predictable and can be explained
by a series of factor returns.

Returns from such predictable arbitrage activities should remain relatively constant,
except in turbulent market conditions where significant changes occur. Therefore, I select
these “arbitrageur factors” by maximizing the Sharpe ratio of their tangency portfolios,
ensuring that they offer stable returns with limited correlation. This automated algorithm
helps mitigate concerns of data mining. As long as a few factors exhibit high Sharpe
ratios and are not highly correlated, they are likely effective proxies for arbitrage returns
associated with different types of behavioral biases.

The five factors chosen in my main model represent the following types of behavioral
biases respectively: under-reaction to recent news; trading influenced by attention or
sentiment; mentally disconnect between dividends and capital returns; insufficient re-
sponse to less salient information; and over-optimism in long-term expectations. These
biases are well-documented in literature and account for different sources of predictable
cross-sectional expected returns.

Out of 207 anomalies in monthly stock returns, 69 are significant at the 1% level in
Gibbons, Ross, and Shanken| (1989) (hereafter referred to as GRS) tests with the first
two arbitrageur factors and the market factor, while 31 are significant in the five-factor
model. In contrast, over 100 anomalies are significant in all existing models. Alternative
groups of factors, chosen using the same algorithm, yield lower explanatory power but
still outperform all benchmark models.

The arbitrageur factor model more effectively explains the returns of anomalies after
their publication in academic journals, especially for those highly cited anomalies. As

more arbitrageurs become aware of a pattern, their arbitrage return approaches the



competitive equilibrium with no alphas. Additionally, this model effectively explains
anomalies related to market patterns, valuations, professional forecasts, and financing
activities, yet leaves an unexplained alpha on average for fundamental anomalies. These
anomalies could indicate either unique sources of market inefficiency or systematic risk
exposures other than market risk.

Beta loadings in the arbitrageur factor model offer clear interpretations. Each factor in
the model represents a specific type of investor behavioral bias. Significant exposure to a
factor suggests that the anomaly is from the corresponding trading activity. For example,
positive exposure to the Under-reaction to News factor suggests that the long side of the
portfolio contains assets with recent good news ignored by some investors. The limited
risk-taking capacity of arbitrageurs explains the persistence of its predictive power.

This study is connected to a broad spectrum of literature. It builds upon the literature
of behavioral biases in the stock market, detailed in Section and on prior studies in
asset pricing models, reviewed in Section [6.1

Additionally, the study follows the concept that determine asset prices. Recent theo-
retical and empirical work demonstrates that variations in financial intermediary capital
move asset prices (He and Krishnamurthy|2013; Brunnermeier and Sannikov| 2014}
Kelly, and Manelal 2017). In the context of cross-sectional asset returns,

indicates that correlation in anomaly returns stem from shared exposure to arbitrage
activities.

Furthermore, the study aligns with recent evidence suggesting that systematic risk fac-
tors may not be the main determinants of required returns. Analysis reveals that anomaly

returns are primarily driven by cash flow news instead of discount rate news (Lochstoer

land Tetlock [2020)); long-term discount rates do not seem to contribute sufficiently to

risk compensation (Keloharju, Linnainmaa, and Nyberg|[2021); and surveys, along with

mutual fund flow data, indicate that investors disregard their exposure to systematic

risks in their investment decisions (Choi and Robertson|[2020; |Chinco, Hartzmark, and|

[Sussman![2022; [Ben-David, Li, Rossi, and Song|[2022)).

Recent studies employing statistical methods suggest that the a few factors are sufficient

to encapsulate all information from asset return predictors (see, for example, [Kelly, Pruitt,
land Suf|2019} |Feng, Giglio, and Xiu||2020)). This paper extends this notion, showing




that even simple linear factor models can reach similar conclusions when the appropriate
factors are chosen.

The remaining sections are organized as follows: Section 2 presents the theoretical
framework of return predictability and factors. Section 3 introduces the data sources.
Section 4 demonstrates the selection process for arbitrageur factors and the time series of
factors. Section 5 discusses the empirical results regarding the cross-sectional explanatory
power. Section 6 interprets the sources of mispricing from regression betas, and Section

7 concludes the paper.

2 Theoretical Framework

2.1 Motivation

In a world where all investors are rational and with the same information, they maximize
their risk-adjusted returns and all trade assets only at their fair value. However, in reality,
investors hold assets for various behavioral reasons. There is extensive literature on the
behavioral biases of investors. For example, they may not be fully aware of information
and underreact to news; they make decisions based on their attention or sentiment; they
are more likely to notice salient information; they overestimate the likelihood of long-term
success for growth firms; and some treat dividends as free money.

If the market were fully efficient, despite some investors being influenced by these
biases, the price would still align with the rational level as implied by future cash flow
and risk-adjusted discount rates. Under the assumptions of the Arbitrage Pricing Theory
(APT) (Ross||1976), any deviation from this price would create an opportunity for a
zero-cost, long-short portfolio to yield positive profits. As soon as assets are mispriced,
arbitrageurs trade against these patterns, driving prices back to fair value.

In reality, however, investors’ risk-taking capacity is limited. As|Grossman and Stiglitz
(1980) demonstrates, some positive arbitrage return is necessary to compensate arbi-
trageurs for their risk in arbitrage activities. This paper further shows that, with limited
risk-taking capacity and predictable trading biases, future asset returns are predictable.

Figure [1| illustrates the idea in demand and supply curves following the framework by
Shleifer| (1986)). Behavioral investors are on the supply side. They hold asset positions



for behavioral reasons, affecting the number of shares available to other investors on the
z-axis. Arbitrageurs are on the demand side, holding different positions for different
prices on the y-axis and making profits. The market clearing condition determines the
equilibrium asset price. For simplicity, I assume that the asset supply is fully inelastic, and
without loss of generality, I show the case where the remaining share supply is negative
here.

In a world with no limitations to arbitrage, the demand is fully elastic. Arbitrageurs
can take an infinite amount of securities at the fair value. Consequently, regardless of the
supply level, the equilibrium price is always at the fair value as shown in graph (a).

With limited risk-taking capacity of arbitrageurs, the elasticity of the demand curve
is lower. They are only willing to take a limited number of positions with a certain
rate of return. The farther the price deviates from the fair value, the higher the returns
they earn and the larger the position they take. The downward slope of the demand
curve results from higher rates of return compensating arbitrageurs for their exposure to
idiosyncratic risks when they take larger positions. In the example in graph (b), they take
a short position at equilibrium, and the asset should be overpriced. Future corrections of
mispricing provide positive expected returns for them.

More interestingly, with predictable future behavioral investors’ positions and limited
risk-taking, price changes arise not only from the information about the positions but
also from the trades themselves. This effect is defined as predictable price pressure by
Hartzmark and Solomon| (2021)).

In traditional asset pricing models, all price changes beyond the discount rate are
attributed to new information. The arrival of new information regarding cash flows
and discount rates immediately moves prices, while the realization of cash flow does not
change prices as long as there is no new information. However, under the assumption
that arbitrageurs have limited risk-taking capacity, not only does the information about
future behavioral investors’ positions move prices, but also the realization of changes in
behavioral investors’ positions.

For example, in graph (b), if behavioral investors’ positions are expected to be lower in
a future period, the supply curve is expected to shift right. The level of overpricing would

then be lower, and the return is predicted to be negative when the position changes. This



result holds even if the behavioral investors’ positions are known in advance, contradicting
the common belief that price changes are all driven by new information.

In the remainder of this section, I formally demonstrate in a model that under cer-
tain assumptions, returns are predictable from previously known behavioral investors’

positions and several factors capture the prediction power.

2.2 Model

Assume that there is a fair value for each asset i, V;,, which is determined by the

discounted value of all future dividends:

Vit = Ey My p41 (Vi1 + Divg1)] (1)

where D; ;11 is the dividend payment at time t+1. For simplicity, assume that the payout

Di 111

Vit Dot 1s constant over time.

ratio d; =
I do not explicitly model the discount rates and news of dividends, but simply assume
that the CAPM accounts for the evolution of the fundamental value and that the beta

for each asset is constant:

Vi1 + D1
% = 14rpe 4 Bi(rarasr —Tre) + € 411, (2)
where 7+ is the risk-free rate observed at time ¢, ras +41 is the realized market return at
time t + 1, and eXt 41 denotes the total unexpected shock to the fair value, comprising
both discount rate news and cash flow news.

The actual price of the asset, P;;, however, may deviate from the fair value. The

realized return of the asset is then

Piiv1+ D1

Pr (3)

Tit+1 =

There are three types of agents in the economy: Passive investors, or CAPM investors,
always hold the market portfolio, with their total position being time-varying. They can
be rationalized if I assume that they only observe the fair value of assets, and the market
portfolio is the tangency portfolio as in CAPM. However, for simplicity, I do not explicitly

solve their problem.



Behavioral investors are not rational and their position is unrelated to expected returns.

For asset ¢ at time t, their total position is

J .
S x, (4)
j=1

where j represents different types of noise trading, and
The position of behavioral investors on each asset is expected to decay in each period,

following

Xi(ft)ﬂ = 5sz'(,jiE) + €41, (5)

where §; is the decay rate of the corresponding type of behavior, assumed to be exogenous
in the model. ¢;;+ is unexpected shocks on the position, which are assumed to be
independent with mean zero. This setting ensures that behavioral investors’ position
on each asset is with mean zero in the long term, while they are always exposed to some
assets from unexpected shocks.

A representative agent, “the arbitrageur,” actively trades in the market and maximizes
her utility. She has access to all information in the market, including the fair value of all
assets and the positions from all types of noise trading. I assume that she has an expo-
nential utility function (constant absolute risk aversion) u(W) = —e~%". Additionally,
she does not want to be exposed to any market risk. For each dollar invested in asset ¢,
she hedges the market risk with 3; dollar in the market portfolio. Denoting her position

in asset ¢ as X, ;, the problem she solves is

N
E 1 X, .r¢
I%ai( WU (Wt( + )+ ; 17,57“17“_1) , (6)
where
i1 = Tigr1 — T — Bi(ra+1 — rpe) (7)

is the CAPM alpha.
The market clearing condition below ensures that the sum of positions of the arbitrageur

and behavioral investors is a proportion of the market portfolio:



Xig=-> X1 8)

The arbitrageur’s problem, along with the market clearing condition, determines the
equilibrium.

Proposition 1.

J aa2 4)
Py =Vi 1+ ————X7), 9

st 7t( = 1— (1 _ dz)5] i, ) ( )
where 02 is the variance of €; 411 = €§7t+1+(1_di) > }]:1 €,j,t+1, represents an equilibrium.

In this equilibrium, the stock return in period t 4+ 1 s

J
Figs1 = rpe+ Bi(raer —rpe) + Z bEJ)Xi(ft) + €041, (10)
=1

)

Proof: See Appendiz[A7]]

Equation @ demonstrates that the level of mispricing is proportional to the position

= —a0‘.2

where b .

of each type of behavioral investor in the asset. With identical positions across noise
trader types, the corresponding level of mispricing increases with a higher risk tolerance
of arbitrageurs (a), greater total idiosyncratic risks in the asset (¢?), more persistent
behavioral trading (J;), and lower dividend payout ratios (d;). The conclusion here mostly

aligns with [Pontiff] (2006, while I also highlights persistence.

2.3 Factors

Empirically, the position of behavioral investors and its persistence are not observable,
making it challenging to calibrate mispricing levels. In this paper, I do not discuss the
levels of mispricing further but rather focus on the factor structure of returns. Equation
indicates that the return of an asset is a linear combination of the positions of
behavioral investors of each type. This allows me to characterize the expected return
of any single portfolio through linear regressions, provided there are tradable proxies for
those types of behavioral investors’ positions. In the rest of this subsection, I discuss the

underlying assumptions for such empirical studies.



First, arbitrage portfolios constructed from fixed sorting rules maintain constant expo-

sure to each type of noise trading volume. In other words, for any j and portfolio k& with

(k )

weight w;’,” on asset ¢ at time ¢,

Z 1,wl tb(J)X(J)
Z ) wa(J)X(J)
i=

it

M
g = (11)
remains unchanged over time ¢, where w™i t is the weight of asset i in the market
portfolio.

Similarly, such portfolios also exhibit constant exposure to market risk, meaning that

N
V=D wiap (12)
i=1

is also time-invariant.
Second, for each j, a self-funded arbitrage portfolio with weight wfjt) has zero exposure

to the market factor and all other types of noise j' # j, namely

N N
S w) =0, Z 9B =0, Zw(j WX =0, 3wl X9 >0, (13)
=1 =1 =1
and I denote its portfolio return as Fj; at time ¢.
Proposition 2. With the aforementioned assumptions, the return of an arbitrage port-

folio k constructed from fized sorting rules can be expressed as

Phast = e+ B Py — 7pe) +Zﬂ;(€ Gt Ehaits (14)
j=1

where By and 5,(3)5 are time-invariant and the noise term EkP,t+1 has no serial correlation
and a mean of zero.

Proof: See Appendiz[A-3

Equation [T4] explains the expected return of any single portfolio through linear regres-
sions on the market factor and those factors defined. In the empirical section of this

paper, I refer to these factors as ’arbitrageur factors’, as each represents the required
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return of arbitrageurs on a specific type of investor behavior. I demonstrate that they

explain the expected returns of most anomalies documented in the literature.

2.4 Unexpected shocks

In this model, I do not explicitly model changes in the risk appetite of arbitrageurs and
the persistence of behavioral investors’ position, instead assuming them to be constant.
However, in reality, they may change over time. In this section, I study stock returns
with unexpected changes in these parameters.

Suppose the risk appetite a changes from a; to a;11, and the persistence of noise j
changes from §;; to d;,+1. The arbitrageur does not anticipate these changes and contin-
ues to assume that a and J;s remain fixed. Under these circumstances, the equilibrium

result in Equation @ still applies:

J 2
at0; (4)
Py =V (1 : X1, 15
5t ’t( + ; 1_ (1 _ d?,)(s_j,t it ) ( )
J
Pie1=Via(1+ ) LESLANON (16)
i,t+1 — Vit 1 _ (1 — di)&j,t-ﬁ—l i,t+1/

Proposition 3. With the above equilibrium prices, the return of an asset is

J
rier = o+ Biranen = ) + D00 X H e, (17)
j=1
where
() 2 at+10i2 atUz‘Z
biit1 = —a10; + (18)

1—(1—d)djm  1—(1—di)dj;

Proof: See Appendiz[A-3

Since the factor return at time j is proportional to b) by assumption, it is higher
than the static casein one period when the arbitrageur becomes less risk-averse or when
behavioral investors’ position becomes less persistent in that period. Conversely, it is lower
or even negative when the arbitrageur becomes more risk-averse or the noise becomes more
persistent.

This explains why factors experience significant returns in some periods and crashes in

11



others. These fluctuations may be driven by changes in the pattern of behavioral investors
(like during bubble accumulation periods), or by shifts in the risk appetite of arbitrageurs

(like during crises).

3 Data

The cross-sectional return data used in this study is sourced directly from the open-source
cross-sectional asset pricing project conducted by |Chen and Zimmermann| (2022)). This
project offers monthly indicators and returns for 207 anomalies from prior literature on its
Websitdﬂ It closely replicates the data processing steps outlined in the corresponding orig-
inal papers. These return series, derived from long-short arbitrage portfolios, are signed
appropriately to ensure their expected returns are positive. The project demonstrates
successful replication of almost all these anomalies within the sample periods described
in the original studies. In this paper, I test whether these returns are explained over a
sample period from 1973 to 2021, including the maximum available data for each anomaly
within this timeframe.

I also choose factors directly from the same pool of arbitrage return series. This
approach simplifies the selection process and addresses concerns about data mining in
constructing factors. Specifically, for factor selection, I require candidate series to have
non-missing data in at least 90% of the months from January 1973 to December 2021.
This criterion retains 174 out of the 207 series from their dataset. I then calculate their
sample mean returns and the covariance matrix. The market factor in the arbitrageur
factor model, represented by the market excess return, is obtained from Kenneth R.
French’s Data Library.

Furthermore, I evaluate the performance of the arbitrageur factor model by comparing
it with several established asset pricing models, including:

1. The three-factor model by |[Fama and French| (1993)) (FF3), and the five-factor model
of [Fama and French| (2015) (FF5), both available on Kenneth R. French’s Data Library.

2. The ¢° factor model by Hou, Mo, Xue, and Zhang (2021) (¢°), available on the
Global q website.

Thttps://www.openassetpricing.com/
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3. The mispricing factor model by |[Stambaugh and Yuan| (2017) (M4), accessible on
Robert F. Stambaugh’s personal website, until December 2016.

4. The behavioral factor model by |Daniel, Hirshleifer, and Sun| (2020) (DHS), available
on Kent D. Daniel’s personal website, until December 2018.

5. The IPCA factors by |[Kelly, Pruitt, and Sul (2019) (IPCA5), generated using
replication codes from [Seth Pruit’s personal website, available until May 2014. Although
not technically a linear factor model, these factors are included for comparison.

Unless specified differently, these data series span the entire sample period from January
1973 to December 2021.

Lastly, as an additional test, I include 300 bivariate sorted portfolios on size/value,

size/investment, and size/profitability, obtained from Kenneth R. French’s Data Library.

4 The Arbitrageur Factors

4.1 Factor selection

In this section, I show the process of selecting factors. Behavioral investors’ positions
are not directly observable, so it is not possible to directly verify if the selected factors
indeed capture all types of behaviors in the market. Instead, I discuss in the subse-
quent subsection what types of behaviors these selected factors may represent as indirect
verification.

The algorithm is based on the Sharpe ratio of the tangency portfolio of all selected
factors, which includes the market factor inherently present in the model. Firstly, a
high Sharpe ratio suggests that the realized return series contain a greater proportion of
predictable returns relative to unpredictable market information, indicating that they are
likely capturing predictable behaviors as in the model. Secondly, optimizing the tangency
portfolio implicitly require the selected factors to demonstrate low correlation, suggesting
that they likely originate from distinct types of behaviors.

Exploring all possible combinations of factors is not feasible due to computational
constraints (2006 = 6.4 x 103 or 64 trillion). Therefore, I employ a greedy algorithm for
the selection of arbitrageur factors. The market factor is included initially. With a set of

factors already chosen in the model, I examine each anomaly return series as a potential
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additional factor. For each, I calculate the Sharpe ratio of the tangency portfolio, which is
derived from the mean and covariance of returns within the sample period from January
1973 to December 2021. The return series that yields the highest Sharpe ratio upon
incorporation into the model is then selected as the next factor.

Table |1} step-by-step displays the arbitrageur factors selected and the corresponding
Sharpe ratios of the tangency portfolios. In the sample, the market portfolio has a
Sharpe ratio of 0.494. When including the AnnouncementReturn anomaly, the tangency
portfolio yields the highest Sharpe ratio of 2.558 among all potential ones; therefore,
AnnouncementReturn is selected as the first factor. Subsequently, adding the ST Reversal
anomaly to the two already chosen factors results in the highest Sharpe ratio of 4.203
compared to other potential tangency portfolios, leading to the selection of STReversal
as the second factor. This procedure continues until the sixth factor is selected.

As shown in the table, the first two strategies—post-earnings-announcement drift, as
measured by the return around the announcement date (Chan, Jegadeesh, and Lakonishok
1996)), and the one-month short-term reversal (Jegadeesh|1990)—significantly enhance the
Sharpe ratio of the tangency portfolio. The subsequent factors continue to increase this
in-sample Sharpe ratio.

The sixth factor, representing the short interest of a stock, seems more indicative
of limitations to arbitrage rather than investor behavior, which does not align with
the model’s assumptions. Consequently, the model excluding this factor—the 5-factor
model—is adopted as the primary model in this study. Additionally, models with 2, 3, 4,
and 6 factors are also tested for comparative purposes.

As demonstrated in the table, the first two strategies—the post-earnings-announcement
drift, evaluated by the return around the announcement date (Chan, Jegadeesh, and
Lakonishok||1996)), and the one-month short-term reversal (Jegadeesh|1990)—make sub-
stantial contribution to the Sharpe ratio of the tangency portfolio, and the following
factors further increases this in-sample Sharpe ratio. Since the sixth factor selected, the
short interest of a stock, is not likely from investor behaviors but more likely a measure
of limitation to arbitrage, the 5-factor model is deployed as the main model in this paper,
while models with 2, 3, 4, 6 factors are also included for comparision.

To verify the robustness of the factor model and ensure its performance is not due to

14



chance in factor selection, two alternative models are presented. Alternative model 1 is
constructed by repeating the factor selection process to select five factors, excluding the
six factors previously chosen. Alternative model 2 follows a similar process, excluding
all 11 previously chosen factors. The factors and the Sharpe ratios of their respective
tangency portfolios are detailed in the second part of Table Although these models
exhibit lower Sharpe ratios due to the exclusion of the least noisy predictors, Section [5.1

demonstrates that they still outperform existing models in explaining expected returns.

4.2 Types of behavior biases

In this subsection, I discuss the types of behavior biases that the five factors selected
for the main model represent. These biases are well-documented in behavioral finance
literature, though some have garnered more attention than others.

1. Under-reaction to News (NEW): The first factor selected is constructed from the

market’s return around earnings announcements predicting subsequent returns (Chan,|

\Jegadeesh, and Lakonishok|[1996). This post-earnings-announcement drift has been a

long-standing subject in literature (Ball and Brown|[1968} |Foster, Olsen, and Shevlin|

1984)). The behavioral rationale for under-reaction may be attributed to the disposition

effect, where investors are reluctant to realize their losses (Grinblatt and Han| 2005,
[Frazzini| 2006)), or to limited investor attention to news (DellaVigna and Pollet| 2009]
Hirshleifer, Lim, and Teoh||2009, Ben-Rephael, Da, and Israelsen|[2017)).

2. Attention-Induced Trading (ATT): The second factor identified is the one-month

short-term reversal. Omne possible channel is that less sophisticated traders purchase
stocks that capture their attention, leading to short-term price increases and subsequent
reversals (Da, Engelberg, and Gao|[2011] Barber, Huang, Odean, and Schwarz|[2022)).

3. chasing dividends (DIV): The third factor is derived from the returns of stocks

predicted to issue dividends (Hartzmark and Solomon|[2013)). Investors tend to perceive

dividends as a distinct component of their income (Hartzmark and Solomon|2019, Bréuer,|

Hackethal, and Hanspal 2022), which leads to different behaviors around dividend pay-

ments.
4. Slow Response to Less Salient Information (SAL): The fourth factor is based on the

premise that returns of large firms predict the returns of other firms in the same industry
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2007). This pattern of predictability in the stock market is mirrored in findings

related to economic links (Cohen and Frazzini|2008)), supplier and customer relationships

(Menzly and Ozbas|2010)), and conglomerates (Cohen and Lou| (2012])). These scenarios

involve information indirectly related to the firm, which investors find more challenging to

process. Bordalo, Gennaioli, and Shleifer| (2022)) discuss how salience influences decision

making.

5. Bias in Long-Term Expectations (EXP): The fifth factor, net equity financing (Brad-|

ishaw, Richardson, and Sloan||2006]), represents the prediction power from the difference

between share issuance and share repurchase. Firms time the market, issuing shares
when they detect over-optimism in their prices and repurchase shares otherwise, and such

decisions reveal more accurate information of long-term valuation. Misinterpretation of

conditional probabilities (Bordalo, Gennaioli, Porta, and Shleifer|[2019) and the fading

memory of past events (Nagel and Xu[2022) contribute to biases in long-term expectations.

4.3 Time series

Figure |2| presents the time series of log cumulative returns for the five factors selected
in the main model, along with the tangency portfolio. The Attention-Induced Trading
(ATT) factor exhibits the highest expected return and volatility, contrasting with the
Chasing Dividend (DIV) factor, which shows lower but more consistent returns. This
disparity illustrates that some investor behaviors, like chasing dividends, are relatively
stable over time, whereas behaviors influenced by attention can be highly volatile. In
the theoretical framework discussed in Section this suggests that the DIV factor
represents one type of investor behavior with relatively constant persistence, while the
persistence investor behavior captured by the ATT factor fluctuates more frequently.
Generally, the returns of these factors are stable during normal market conditions but
exhibit significant returns and reversals in times of crisis. This pattern aligns with the
interpretation that investor and arbitrageur behaviors undergo changes during crises.
Notably, the cumulative return line of the tangency portfolio indicates a turning point
around 2003, coinciding with the end of the dot-com bubble crash. The average return of
the portfolio is observed to be lower after this period. Possible explanations for this shift

include increased market efficiency, from reduced behavioral trading volume or heightened
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risk-taking by arbitrageurs. Alternatively, it could be that these factors, derived from
literature, no longer capture the predictive powers in the market as effectively, particularly

in more recent times.

5 Empirical Tests

5.1 207 anomalies

Table [2| exhibits whether various factor models can explain the 207 anomaly return series
shared by |Chen and Zimmermann| (2022). The first part presents the performance of
the arbitrageur factor models with varying numbers of factors, alongside the market
factor. The second part compares these results with benchmark models, including the
performance of -tests on the anomaly returns without any model, and the FF3, FF5,
¢°, M4, DHS, and IPCA models, as discussed in Section [3] The following parts presents
the outcomes for alternative models, excluding each of the factors or excluding all factors
from the main model as described in Section [4.1] and detailed in Table [l

It includes the number of anomalies significant in ¢-tests on alphas, average standardized
alphas, and average R? values, along with the GRS test results. The “standardized alpha”
adjusts the alpha value for volatility, defined as the alpha estimate divided by the sample
standard deviation of the anomaly return series, and then multiplied by v/12. This metric
makes it comparable to annual Sharpe ratios. For the “no model” row, this column
directly represents the annualized Sharpe ratio. The use of standardized alpha, instead
of original alpha estimates, ensures that the mean alpha statistic is not overly influenced
by anomalies with high volatility.

This test primarily focuses the expected returns of portfolios, rather than on the
total variation in returns, to reveal whether the anomalies documented in the literature
offer additional predictive power beyond the selected arbitrageur factors. If most of
the anomalies are found to be statistically insignificant, it would support the argument
that the chosen arbitrageur factors capture the bulk of predictive power inherent in all
documented anomalies, even if some variation in returns is not explained. Both the t-test
on alpha and the GRS test are aligned with this objective.

In the model incorporating only the first two arbitrageur factors—Under-reaction to
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News (NEW) and Attention-Induced Trading (ATT)—the alphas of 98 anomalies are sig-
nificant at |¢t| > 2, and 55 at |¢| > 3. These numbers are notably lower compared to those
obtained using benchmark models. The GRS tests also reflect a similar relationship in the
number of significant anomalies, and the average standardized alpha of the anomalies is
smaller than those yielded by benchmark models. According to the theoretical framework
of this paper, this superior explanatory power indicates that a substantial portion of the
predictive power on asset returns can be attributed to these two major market behaviors
and the limited risk-taking capacity of arbitrageurs in counteracting their price impacts.

The inclusion of three additional factors—Chasing Dividends (DIV), Salience of In-
formation (SAL), and Biased Long-term Expectations (EXP)—leads to more anomalies
being explained. In this case, only 31 anomalies remain significant at the 1% level in
GRS tests, demonstrating the added explanatory power of these extra behavioral trading
sources.

Regarding benchmark models, the limited explanatory capacity of the FF3 model is
expected, as most anomaly studies already include FF3 in their analysis, and anomalies
explained by FF3 are less likely to be reported. The FF5 model shows marginal improve-
ments in explanatory power. The ¢° factors account for more anomalies, while the M4
and DHS models, grounded in behavioral biases and mispricing concepts, exhibit similar
performance to the ¢ factors, as noted by [Hou, Mo, Xue, and Zhang| (2019). Despite
the IPCA factors achieving high R-square values, indicative of a strong ability to explain
variations in asset returns, they fall short in explaining expected portfolio returns in linear
regressions.

The average R? value for the two-factor arbitrageur model stands at 13.56%, substan-
tially lower than that of benchmark models. Even with the five-factor model, the R2
value only matches those of benchmark models. These low R? values suggest potential
presence of various risk sources in realized returns not captured by the arbitrageur factors,
although they may not necessarily offer risk compensation.

Factor models excluding each of the five main factors still demonstrate strong perfor-
mance in explaining the anomalies. Models without either the Under-reaction to News
(NEW) factor or the Attention-Induced Trading (ATT) factor do not match the efficacy

of the complete five-factor model, underscoring the significance of these two behavioral
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aspects. However, they still surpass all existing models documented in the literature in
terms of explanatory power on anomalies. Omitting the Chasing Dividend (DIV) factor
does not significantly impact the model’s explanatory power, as this behavior is distinct
and not commonly associated with many anomalies.

Furthermore, the two alternative factor models, encompassing three or five factors
and excluding all factors from the main model (as discussed in Section , also works
well. While they explain fewer anomalies than the main model, the number of anomalies
explained is still larger than those in all existing factor models in the literature. This
outcome reinforces the robustness of the factor selection process and suggests that the

superior explanatory power of the main model is not merely due to chance.

5.2 After publication

While the majority of anomalies documented in the literature are accounted for by the
five factors, the persistence of 31 anomalies as significant even at the 1% level warrants
further investigation. [McLean and Pontiff| (2016)) suggest that if anomaly returns are due
to mispricing, the influx of arbitrageurs into the market post-publication, capitalizing
on these patterns, should lead to diminished but still positive returns. This partial
attenuation is because arbitrageurs require some level of positive returns to offset their
risks and costs in trading.

I test post-publication returns in the framework of the arbitrageur factor model. If this
model’s factors encompass all sources of arbitrageurs’ required returns and arbitrageurs
are fully cognizant of the anomaly, post-publication alphas should be zero, indicating a
fully competitive arbitrage market. By contrast, pre-publication, some positive returns
might be present due to the lack of universal awareness among arbitrageurs and the
economic rent enjoyed by those capitalizing on their knowledge advantage. This scenario
could explain why some anomalies exhibit significant alphas in the full sample.

Table |3| presents these test results. I rerun all tests from the previous subsection, but
only for samples starting from the year each anomaly was first published in an academic
journal. The findings with the five-factor arbitrageur model suggest that the hypothesis
of a = 0 post-publication is only rejected for a few anomalies. Specifically, only six

anomalies are significant at |t| > 3 in linear regressions, and 12 at the 1% level in GRS
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tests.

In all existing factor models, the number of significant anomalies post-publication is
even higher than the number of significant ones in t¢-tests on anomaly returns without
any asset pricing model. These models partially explain the predictive power before

publication but fail to account for the explanatory power that persists after publication.

5.3 Discussion of remained prediction power

A few anomalies remain significant in the post-publication sample. Additionally, the
average alpha of these anomalies is still positive post-publication. These observations
indicate that the arbitrageur factor model does not entirely capture the cross-sectional
predictive power. In this subsection, I explore two possible reasons for this.

Firstly, some anomalies may not have garnered the attention of all arbitrageurs even
after publication, leading to a deviation from a fully competitive equilibrium. If this
hypothesis is correct, we should generally observe lower alphas for anomalies that have
been more widely cited.

Figure [3|shows the results of a linear regression of post-publication standardized alphas
on the logarithm of citation numbers, sourced from Google Scholar as of April 17th,
2023. A significantly negative correlation is evident. The estimated coefficient implies
that well-known anomalies (with around 10,000 citations, such as size, governance, and
cash flow to price) tend to have an alpha close to zero post-publication, suggesting that
arbitrage activity around these anomalies is highly competitive.

Secondly, it’s plausible that the five factors in the model do not encompass all sources
of predictive power in asset prices. There might be other systematic behavioral biases
or systematic risks beyond market risk that are not accounted for. To investigate this,
I categorize the anomalies into six groups, as shown in Table 4} This table presents the
average standardized alpha values for each group under various models. It also includes
the significance levels of ¢-tests comparing the average standardized alphas in the model
with the average Sharpe ratios of the raw anomaly returns (as listed under “no model”).
Here, one star indicates a significance level of p < 0.05, and two stars signify p < 0.01.”

The assignment to the six groups is based on how the anomalies are derived:

1) Fundamental: solely from state variables that are not related to the market, such as
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accounting data or patent data.

2) Change: from changes in fundamental variables.

3) Market: solely from past market prices, volumes, and shareholders.

4) Valuation: from both fundamental and market variables.

5) Forecast: from outside professionals’ forecasts, such as earnings forecasts, analyst
recommendations, and credit ratings.

6) Financing: from companies’ financing activities, such as dividends, repurchases,
issues, IPOs, takeovers, spinoffs, and exchange switches.

This classification broadly follows the approach used by McLean and Pontiff] (2016)),
with a modification: I further divide their ’Event’ group into three distinct groups—Change,
Forecast, and Financing—each representing different types of events.

As indicated in Table [4] the five-factor model significantly explains part of the alphas
in four out of the six groups post-publication. The average standardized alpha values for
anomalies related to market patterns and forecasts are nearly zero, suggesting that these
groups are largely accounted for by the chosen factors. However, the model shows limited
explanatory power for anomalies related to fundamental changes and those arising from
changes in fundamentals.

This pattern provides suggestive evidence that there may be other forms of risk com-
pensation not captured by the model, since fundamental anomalies are more likely to
reflect intrinsic risks in firms. However, this conclusion is speculative, and the framework
in this paper does not allow for a definitive test of whether there are unrecognized sources
of risk beyond market risk.

In Section I detail all the anomalies that remain unexplained and explore another
potential explanation: the absence of short selling costs in the model. This omission

might prevent prices from reaching equilibrium within the framework I propose.

6 Interpretation of Anomalies

6.1 Factor models

In this section, I demonstrate how alphas and beta loadings within the arbitrageur factor

model explain cross-sectional return predictors documented in the literature through
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identifying the sources of mispricing these predictors represent. I begin with an analysis
of predictors that have been integrated as factors in established factor models, including
the five-factor model by [Fama and French| (2015) (FF5) augmented with the momentum
factor, the ¢° model by Hou, Mo, Xue, and Zhang| (2021)), the four-factor mispricing
model by [Stambaugh and Yuan| (2017) (M4), and the short- and long-horizon factor
model by Daniel, Hirshleifer, and Sun| (2020]) (DHS). These predictors, chosen as factors,
have garnered significant attention from both researchers and practitioners.

Table [f] presents the alphas and beta loadings for these factors. The first column
displays the annual Sharpe ratios of returns along with the t-values for tests asserting
that the expected returns are non-zero. The second column shows the anomaly alphas,
standardized by dividing by the sample standard deviation and multiplying by /12, as
previously discussed in Section [5.1} Subsequent columns feature the standardized beta
values, representing the portion of returns explained by each corresponding factor. These
beta values are standardized in the same manner as the alphas:
V125, F;

o

Bi,sta = (19)

where Fj is the sample mean of the factor return and o is the sample standard deviation
of the anomaly return.

This method allows for a clear demonstration of how the Sharpe ratio of an anomaly
return is decomposed through standardized alpha and beta values. Essentially, the
Sharpe ratio of the raw anomaly return is equal to the sum of the standardized alpha
and the standardized betas for all factors. The numbers in parentheses represent the
corresponding t-values from the regressions, testing whether the respective alpha and
betas significantly differ from zero.

As indicated in the table, none of the factors within the FF5, ¢°, M4, and DHS models
display alphas with t-values exceeding 3, suggesting that existing factors are substantially
explained by the arbitrageur factor model. Below, I delve into the sources of mispricing
that account for the predictive power inherent in these factors.

Three of the four models (FF5, ¢°, and M4) incorporate a size factor, which, in
the arbitrageur factor model, is explained by Information Salience (SAL) and Chasing

Dividends (DIV). The rationale for SAL is straightforward: information about smaller
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firms is more challenging to analyze and process. DIV’s influence may be attributed to
dividend chasing behavior correlating with other time-invariant investor preferences for
certain stocks. Stocks are more influenced by these behaviors when their total shares
outstanding are fewer and their liquidity is lower.

Additionally, three models (¢°, M4, and DHS) include factors primarily explained by
Under-reaction to News (NEW). These are profitability in the ¢° model, performance in
the M4 model, and PEAD in the DHS model. All these factors capture recent earnings
announcement information and the market’s slow response to it. The profitability factor in
the FF5 model, which uses a different sorting method than the ¢°> model, is not explained
by NEW. Instead, the FF5 model includes an additional momentum factor to account for
the delayed response to recent information. This momentum factor is also partly explained
by Chasing Dividends (DIV), as the pattern of chasing past winners is similarly stable.

Several factors reflect biases in Long-term Expectation (EXP), such as value, profitabil-
ity, and investment in the FF5 model; investment, profitability, and expected growth in
the ¢° model; management and performance in the M4 model; and financing in the DHS
model. These factors generally measure persistent overvaluation of assets. For instance,
stocks with low book-to-market ratios might be overvalued due to overly optimistic growth
expectations, leading to lower subsequent returns. Among these, value and investment in
the FF5 and ¢® models, investment and expected growth in the ¢® model, management
in the M4 model, and financing in the DHS model are also partially attributed to lower
Information Salience (SAL).

Finally, the alternative size and management factors in the M4 model, the value
and investment factors in the FF5 model, and both factors in the DHS model, also
encapsulate some predictive power stemming from short-term misvaluation driven by

Attention-Induced Trading (ATT).

6.2 Most cited anomalies

In Table [0 I present the two most cited anomalies in each group as defined in Section
excluding those already covered in Table Alongside alphas and betas, I also
include their post-publication Sharpe ratios and the standardized post-publication alpha,

calculated from the sample starting from the year each anomaly was published. The beta
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loadings help to identify which type of investor behavior is associated with each anomaly.

Fundamental anomalies, book leverage (Fama and French|[1992)) and governance

jpers, Ishii, and Metrick|2003)), do not show significant positive correlation with any factors

and are negatively correlated with the Expectation factor (EXP). This is because they are
considered high-quality firms, where investors may have overly optimistic expectations.
Unexplained alphas may indicate other sources of mispricing or risk..

Two anomalies related to changes in fundamentals—past revenue growth
[Shleifer, and Vishny|[1994)) and asset growth (Cooper, Gulen, and Schill2008)—highlight

that firms with higher past revenue growth have higher expected returns, while those
with higher past year asset growth have lower subsequent returns. Their loadings on
the Attention-Induced Trading factor (ATT) suggest that firms with the highest asset
growth and lowest revenue growth attract excessive attention, leading to overvaluation
and subsequent correction. The Salience factor (SAL) loading indicates that firms with
significant asset changes are difficult to analyze.

The anomaly that illiquid stocks yield higher returns is mainly at-
tributed to Attention-Induced Trading (ATT) and Chasing Dividend (DIV) factors, as

less liquid stocks are more impacted by these types of trading volumes. Long-run reversal

(De Bondt and Thaler|[1985)) stems from misvaluation in both Attention-Induced Trading

(ATT) and under-study of less salient information (SAL).

For firm valuation measures, cash flow to price (Lakonishok, Shleifer, and Vishny|1994)

and earnings to price 1977) primarily capture mispricing from biases in Long-

term Expectation (EXP). The earnings to price ratio is also positively correlated with

the reversal of Attention-Induced Trading (ATT) as unsophisticated investors tend to

overreact to accruals.

Anomalies related to analysts’ forecasts, such as revision (Chan, Jegadeesh, and Lakon-|

1996) and dispersion (Diether, Malloy, and Scherbinal2002)), capture both Under-

reaction to News (NEW) and biases in Long-term Expectation (EXP). They are negatively
correlated with the Information Salience factor (SAL), as analysts disseminate recent
information, thereby increasing its salience.

Finally, two anomalies from financing activities—lower expected returns for firms 6-36

months post-IPO (Ritter|[1991) and higher expected returns for firms with more share
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repurchases (Ikenberry, Lakonishok, and Vermaelen||1995)—both stem from biases in
Long-term Expectation (EXP). This indicates a tendency for firms to opt for equity

financing when they believe their valuation is inflated.

6.3 Unexplained anomalies

In Table[7] I showcase the 11 anomalies that remain unexplained in the post-publication
sample, aside from book leverage which is included in Table [§] The columns follow the
same format as those in Table [6l

Three of these anomalies are linked to limits of arbitrage beyond idiosyncratic risks.
Two of them relate to short selling fees, while the third indirectly measures the cost of
short selling through option prices. Since the asymmetric cost between longing and short
selling is not included in the model, anomalies capturing it should not be explained.

The majority of the remaining unexplained anomalies are fundamentally oriented. They
encompass tangibility, leverage, debt issuance, accruals, dividend yield, the concept of the
efficient frontier, and the impact of switching exchanges. These anomalies could stem from
unique behavioral biases, systematic risks other than market risk, or a lack of sufficient
competition among arbitrageurs. Many of these anomalies are tied to intrinsic properties
of firms, indicating potential sources of systematic risks, albeit different from the risk
factors traditionally documented in the literature. However, this paper does not aim to

delve deeper into these aspects.

7 Conclusion

In this study, I introduce an alternative theoretical framework for factor asset pricing mod-
els that diverges from the traditional “no arbitrage” assumption. Instead, I acknowledge
the existence of arbitrage returns, demonstrating that they are subject to an equilibrium
condition. In this model, arbitrageurs are willing to hold only a limited number of shares
based on their expected returns. Consequently, returns must be higher when arbitrageurs
counterbalance a larger volume of trades stemming from behavioral biases. This leads to
the hypothesis that systematic and predictable positions of behavioral investors result in

predictable returns, which can be encapsulated by a few factors.
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Empirically, I use a robust factor selection process based on the Sharpe ratios of the
tangency portfolio. From this process emerges a five-factor model, comprising Under-
reaction to News, Attention-induced Trading, Chasing Dividends, Information Salience,
and Long-term Expectation. This model successfully explains the majority of anomalies
identified in the literature. Additionally, the beta loadings within this model provide a
clear and intuitive explanation of the sources of mispricing for each anomaly.

This framework effectively explains stock return predictability and aligns closely with
empirical findings. It does not insist that common investors consider risk factors in
their investment decisions, and it accommodates the existence of asset mispricing. A few
factors are able to explain almost all the predictability because of correlation in sources
of mispricing.

While this paper concentrates on asset returns and does not explore the underlying
determinants of mispricing, such as the persistence of behavioral trading and the risk
tolerance of arbitrageurs, it establishes a foundation for future research. Future studies
could build upon this framework to estimate the level of mispricing and explore its
implications, particularly in the context of costly equity finance and its impact on firm

decision-making.
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Figures and Tables

Figure 1: Demand and Supply Curves under Different Assumptions

(a) Traditional asset pricing (b) With limited arbitrageur risk-taking
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Notes: These graphs intuitively show the equilibrium prices with a positive behavioral investor
position under two different assumptions. The z-axis is the shares available to arbitrageurs,
opposite with the shares that behavioral investors hold. The y-axis is the price. The supply curve
is assumed to be inelastic. The price is at the fair price if the demand curve of arbitrageurs is fully
elastic. The price is higher than the fair price if the demand curve is not, when the risk-taking
capacity of arbitrageurs is limited.
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Figure 2: Time Series of Arbitrageur Factors
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Notes: This figure shows the time series of log cumulative returns of the five arbitrageur factors
in the main model: Under-reaction to news (NEW), Attention-induced trading (ATT), Chasing
Dividend (DIV), Information Salience (SAL), and Long-term Expectation (EXP). They are from
data shared by [Chen and Zimmermann| (2022)).
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Figure 3: Correlation between numbers of citation and standardized alpha values of
anomalies
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Notes: This figure shows linear regressions of the 207 anomalies. Standardized 5-arbitrageur-
factor alphas are on the y-axis, defined as alphas in the arbitrageur factor model divided by
standard deviation of the corresponding anomaly return multiplied by v/12. Log citation numbers
are on the z-axis. Citation numbers are from Google Scholar on April 17th, 2023. Regressions
are in the post-publication sample starting from the year when the corresponding anomaly was
published. ¢ values are reported in parentheses. * p < 0.05, ** p < 0.01.
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Table 1: Factor Selection

Factor Model Sharpe
(0)RMRF 0.494
Main Models

(1) RMRF+ AnnouncementReturn 2.558
(2) RMRF+AnnouncementReturn+STReversal 4.203
(3)RMRF+ AnnouncementReturn+STReversal+ DivSeason 4.579
(4)RMRF+ AnnouncementReturn+STReversal+ DivSeason+IndRetBig 4.821
(5)RMRF+ AnnouncementReturn+STReversal+ DivSeason+ IndRet Big+ Net Equity Finance 5.192
(6)RMRF+...+ShortInterest 5.463

Alternative Models
(A1)RMRF+ DelFinLiab+ DivYieldST+ NumEarnIncrease+ Frontier+ FEarningsConsistency ~ 3.558
(A2)RMRF+ Volume Trend+ AnalystRevision+BM+ Ch Tax+Mom12m 3.154

Notes: This table shows the factors selected in the models as described in Section @ and annual Sharpe ratios of
tangency portfolios for each group of factors. Sharpe ratios of tangency portfolios are calculated through estimated
expected returns and covariance matrix of anomalies in the sample. The sample period is from January 1973 to December
2021. “Main Models” shows factors selected one by one through the greedy algorithm by maximizing the Sharpe ratio in
each step, from the first one to the twelfth. “Alternative Models” show other groups of five factors that exclude previously

selected factors. Full anomaly names and citation are in the appendix.
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Table 2: Explanation power of factor models on 207 anomalies

e GRS test

n(t[ >2) n(t>3) mean(asq) mean(R?) n(p < 0.05) n(p < 0.01)
Arbitraguer Factors (2) 98 55 0.414 0.1356 98 69
Arbitraguer Factors (3) 89 44 0.352 0.1433 93 62
Arbitraguer Factors (4) 100 60 0.291 0.1744 101 76
Arbitrageur Factors (5) 50 22 0.201 0.2704 55 31
Arbitraguer Factors (6) 62 25 0.128 0.2898 68 37
Benchmark models
No model 163 105 0.551
Fama-French 3 169 136 0.574 0.2221 170 148
Fama-French 5 156 123 0.513 0.2953 157 135
Hou-Mo-Xue-Zhang ¢° 130 80 0.411 0.2622 131 108
Stambaugh-Yuan M4 129 88 0.440 0.2551 129 101
Daniel-Hirshleifer-Sun 142 105 0.474 0.1966 144 116
Kelly-Pruit-Su IPCAb 171 154 0.719 0.3787 172 160
Excluding one factor
(5) -AnnouncementReturn (NEW) 101 64 0.311 0.2570 105 78
(5) -STReversal (ATT) 115 79 0.350 0.2530 116 95
(5) -DivSeason (DIV) 65 26 0.256 0.2650 67 35
(5) -IndRetBig (SAL) 89 37 0.312 0.2557 91 55
Alternative Factor Models (see Table 1| for specific factor names)
(A1) 3 Factors 43 0.334 0.1580 89 62
(A1) 5 Factors 86 51 0.255 0.2556 89 63
(A2) 3 Factors 120 70 0.377 0.2180 121 86
(A2) 5 Factors 95 54 0.291 0.2960 95 66

Notes: This table shows the time-series regression results and GRS test results of 207 anomaly returns from |Chen and Zimmermann|

(2022) using various asset pricing models. Arbitrageur factor models and alternative factor choices are shown in Table Benchmark

models are discussed in Section @ The sample period is from January 1973 to December 2021 unless otherwise noted in Section @

Columns 1-2 show statistics of ¢ values of alphas in 207 time-series regressions.

Column 3 shows the average standardized alphas in

those regressions, defined as alphas in the arbitrageur factor model divided by standard deviation of the corresponding anomaly return

multiplied by v/12, and the annual Sharpe ratio of anomalies in the row of “no model”. Column 4 shows the average R? values of those

regressions. Columns 5-6 show the number of significant GRS tests on each of the 207 anomalies. The smallest count numbers in each

column, the smallest |astq|, and the largest R? are marked in bold.
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Table 3: Explanation power after publication of the anomalies

o GRS test
n([t] >2) n(t] >3) mean(agy) mean(R?) n(p <0.05) n(p<0.01)

Arbitraguer Factors (2) 44 11 0.272 0.1626 44 21
Arbitrageur Factors (5) 29 6 0.223 0.3119 32 12
Benchmark models

No model 57 19 0.316

Fama-French 3 93 48 0.382 0.2550 94 70
Fama-French 5 69 30 0.339 0.3291 71 49
Hou-Mo-Xue-Zhang ¢° 68 22 0.303 0.2997 69 34
Stambaugh-Yuan M4 73 25 0.323 0.3237 71 35
Daniel-Hirshleifer-Sun 62 26 0.302 0.2449 62 42
Kelly-Pruit-Su IPCA5 108 60 0.441 0.4661 108 78

Notes: This table shows the time-series regression results and GRS test results of 207 anomaly returns from |[Chen and Zimmermann
(2022) using various asset pricing models. Arbitrageur factor models and alternative factor choices are shown in Table Benchmark
models are discussed in Section @ The sample period is from January 1973 to December 2021 unless otherwise noted in Section
Tests in this table use the sample in or after the year when the anomaly is published. Columns 1-2 show statistics of ¢ values
of alphas in 207 time-series regressions. Column 3 shows the average standardized alphas in those regressions, defined as alphas in
the arbitrageur factor model divided by standard deviation of the corresponding anomaly return multiplied by v/12, and the annual
Sharpe ratio of anomalies in the row of “no model”. Column 4 shows the average R? values of those regressions. Columns 5-6 show
the number of significant GRS tests on each of the 207 anomalies. The smallest count numbers in each column, the smallest |asiql,

and the largest R? are marked in bold.
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Table 4: Post-publication explanation power on six groups of anomalies

Fundamental Change Market Valuation Forecast Financing

Average post-publication a:q in different models

Arbitraguer Factors (2) 0.209 0.298  0.098** 0.373 -0.013** 0.420
Arbitraguer Factors (5) 0.203 0.226  0.020** 0.220%  0.057** 0.259%*
Other models

No model 0.190 0.264 0.349 0.383 0.307 0.482
Fama-French 3 0.165 0.324 0.438 0.411 0.462 0.609
Fama-French 5 0.177 0.290 0.405 0.366 0.363 0.466
Hou-Mo-Xue-Zhang q5 0.126 0.258 0.411 0.375 0.265 0.411
Stambaugh-Yuan M4 0.149 0.303 0.368 0.468 0.289 0.448
Daniel-Hirshleifer-Sun 0.182 0.276 0.364 0.346 0.251 0.381*
Kelly-Pruit-Su IPCA5 0.100* 0.432 0.429 0.517 0.592 0.782
Average full-sample Sharpe 0.701 0.547 0.694 0.385 0.546 0.500
n(Anomalies) 43 36 69 18 20 21

Notes: This table shows the average post-publication standardized « values in each group using various asset pricing
models, and the annual Sharpe ratio of anomalies in the row of “no model”. Arbitrageur factor models are shown in
Table Benchmark models are discussed in Section The sample period is from January 1973 to December 2021
unless otherwise noted in Section Standardized alphas are defined as alphas in the arbitrageur factor model divided
by standard deviation of the corresponding anomaly return multiplied by +/12. Tests in this table use the sample in
or after the year when the anomaly is published. “Fundamental” includes anomalies resulting from fundamental states,
“Change” includes anomalies resulting from changes in fundamentals, “Market” includes anomalies resulting from only
market data, “Valuation” includes anomalies resulting from both fundamental and market data, “Forecast” includes
anomalies resulting from analysts and credit ratings, and “Financing” includes anomalies resulting from firm financing
activities. Stars indicate the significance level of t tests where the null hypothesis is the average standardized alpha value

in the model is equal to the average Sharpe ratio of anomalies. *p < 0.05, **p < 0.01.
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Table 5: Alphas and beta loadings of factors in existing models

Sharpe a BNEW BarT Bprv BsAL Bexp
|Fama and French| 42015[) 5 factors and the momentum factor
SMB 0.221 -0.206 0.059 0.112 0.264*%*  0.150%  -0.224**
(Size) (1.550)  (-0.909) (0.527) (1.703) (3.066)  (2.338)  (-6.405)
HML 0.317* 0.077 -0.397**%  0.213** -0.054 0.152* 0.387**
(Value) (2.216) (0.350) (-3.631) (3.341)  (-0.651)  (2.442) (11.410)
RMW 0.440%* -0.071 -0.103 0.080 0.071 -0.056 0.523%*
(Profitability) (3.079)  (-0.367)  (-1.083) (1.427) (0.970)  (-1.041) (17.664)
CMA 0.529** 0.060 -0.068 0.179* -0.044  0.310%%  0.240**
(Investment) (3.702)  (0.272)  (-0.622)  (2.805) (-0.532)  (4.969) (7.074)
Mom 0.483** -0.387 0.935%*  -0.216%*  0.306**  -0.068 -0.053
(Momentum) (3.379)  (-1.802) (8.776) (-3.465)  (3.760) (-1.118)  (-1.605)
|H0u, Mo, Xue, and Zhangl QQOQID q° factors
I/A 0.606** 0.002 -0.083 0.186* 0.037 0.294%*%  (0.292**
(Investment) (4.245) (0.010) (-0.758) (2.917) (0.442) (4.728) (8.604)
Roe 0.692** -0.181 0.575%* -0.045 0.124 -0.085 0.313**
(Profitability) (4.841)  (-0.871) (5.584) (-0.748)  (1.573) (-1.444)  (9.804)
Eg 1.345%*  0.538* 0.312%* 0.117 0.036 0.184%*%  (0.292**
(Expected Growth)  (9.414) (2.622) (3.060) (1.974) (0.468)  (3.180) (9.242)
|Stambaugh and Yuanl 42017[) M4 factors
SMB 0.521** -0.083 0.041 0.176* 0.291* 0.171*  -0.132**
(Size) (3.453)  (-0.307) (0.306) (2.249) (2.767) (2.284)  (-3.095)
MGMT 0.794%* 0.150 -0.106 0.193%* -0.029  0.249*%*  (0.483**
(Management) (5.264) (0.742) (-1.056) (3.290)  (-0.366)  (4.440)  (15.029)
PERF 0.568*%*  -0.558*  0.877** -0.120 0.288%** 0.007 0.128%*
(Performance) (3.770)  (-2.314)  (7.333)  (-1.718)  (3.057)  (0.104)  (3.348)
Daniel, Hirshleifer, and Sun| (2020) 3 factors
PEAD 1.108**  -0.605**  1.679**  0.184** -0.082 0.113*  -0.137**
(Announcement) (7.754)  (-3.173) (17.721)  (3.319) (-1.132) (2.092) (-4.670)
FIN 0.618%* 0.165 -0.231*%  0.182%* -0.070  0.135%F  (0.567**
(Financing) (4.325) (1.061) (-2.982) (4.030)  (-1.178)  (3.063)  (23.577)

Notes: This table shows results of regressing factors in other factor models in literature on the five arbitrageur
factors. The five factor selected for the arbitrageur factor model are discussed in Section NEW factor is

under-reaction to news measured by post-earnings-announcement drift. ATT factor is attention-induced trading

measured by one-month return reversal. DIV factor is from dividend seasonality. SAL factor is information salience

measured by lag of return for small firms. EXP factor is biases in long term expectation measured by net equity

finance. The sample period is from January 1973 to December 2021 unless otherwise noted in Section The first

column shows Sharpe ratio of factors returns in the full sample. Following columns show standardized alphas and

betas. asiq = V12a/0, and By sta = V12B;F; /o, where o is the standard deviation of the corresponding anomaly

return, and F; is the sample mean of the corresponding factor return. ¢ values for alphas and betas are reported in

parentheses. * [t| > 2, ** |¢| > 3.
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Table 6: Alphas and beta loadings of some most cited anomalies

o BNEW BarT Bprv BsaL BEXP PP Sharpe PP «

Fundamental

BookLeverage 0.848** 0.105 -0.074 -0.087 0.019 -0.642%* 0.130 0.648**
(5.255)  (1.315)  (-1.583) (-1.430)  (0.411)  (-25.826) (0.913) (3.067)

Governance 0.041 0.016 -0.194 0.116 -0.087 -0.175%* -0.144 -1.336
(0.089)  (0.063)  (-1.688)  (0.594)  (-0.640)  (-3.788) (-0.582)  (-1.938)

Change

RevGrowth -0.058 0.018 0.223%* 0.057 0.130 0.079%* 0.367* 0.361
(-0.235) (0.146) (3.132) (0.610) (1.879) (2.082) (2.572) (1.392)

AssetGrowth 0.124 0.147 0.351%* 0.203* 0.503** -0.238%* 0.984** 0.743*
(0.579) (1.382) (5.637) (2.495) (8.303) (-7.183) (6.885) (2.646)

Market

Illiquidity -0.566* 0.317* 0.239%*%  0.358%* 0.169* 0.002 0.306* 0.194
(-2.605) (2.939) (3.785) (4.348) (2.751) (0.048) (2.144) (1.168)

LRReversal -0.252 -0.160 0.428%* 0.117 0.517** -0.221%* 0.381* -0.135
(-1.210)  (-1.545) (7.089) (1.484) (8.793) (-6.878) (2.669) (-0.617)

Valuation

CashFlow 0.519* -0.273* -0.124%* -0.096 -0.217%* 0.435** 0.273 -0.108
(2.534) (-2.682)  (-2.084) (-1.238) (-3.758) (13.769) (1.909) (-0.414)

Earnings ToPrice 0.358 -0.613%*  0.204* 0.099 0.100 0.196** 0.317* 0.234
(1.518) (-5.235) (2.989) (1.107) (1.502) (5.402) (2.219) (1.010)

Forecast

Revision -0.170 0.705** -0.047 0.028 -0.226** 0.139** 0.431* -0.411
(-0.728) (5.887) (-0.751) (0.289) (-3.360) (3.877) (2.904) (-1.268)

Dispersion -0.051 0.350** -0.083 -0.023 -0.150%* 0.425** 0.342%* 0.023
(-0.324) (4.361) (-1.978)  (-0.356)  (-3.315) (17.753) (2.316) (0.109)

Financing

IPO 0.367 -0.259* 0.016 -0.146 0.111 0.451** 0.464** 0.320
(1.832) (-2.511) (0.286) (-1.770) (1.917) (14.698) (3.173) (1.455)

ShareRepurchase -0.046 0.076 -0.059 -0.178%* -0.089* 0.662** 0.394* -0.282
(-0.383)  (1.264)  (-1.692) (-3.881) (-2.619)  (35.574) (2.760) (-1.852)

Notes: This table shows results of regressing two of the most cited anomaly return series in each group in literature on the

five arbitrageur factors. Groups of anomalies are discussed in Section@ The five factor selected for the arbitrageur factor

model are discussed in Section NEW factor is under-reaction to news measured by post-earnings-announcement drift.

ATT factor is attention-induced trading measured by one-month return reversal. DIV factor is from dividend seasonality.

SAL factor is information salience measured by lag of return for small firms. EXP factor is biases in long term expectation
measured by net equity finance. The sample period is from January 1973 to December 2021. The first six columns show
standardized alphas and betas. astq = \/ﬁa/a, and B; sta = \/ﬁBiF}/o’, where o is the standard deviation of the
corresponding anomaly return, and F; is the sample mean of the corresponding factor return. The last two columns show

the Sharpe ratio of the anomaly return and standadized regression alphas in the sampkle from the year when the anomaly

was published. t values are reported in parentheses. * [t| > 2, ** |t| > 3.
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Table 7: Unexplained anomalies

a BNEW BaTT Bprv BsAL BExP PP Sharpe PP a
Limit to arbitrage
IOShortInterest  1.330*%*  -0.351% -0.182%* -0.113 -0.039 -0.067 0.573** 1.759%*
(5.123)  (-2.609) (-2.811) (-1.101) (-0.514)  (-1.744) (3.707) (3.788)
ShortInterest 0.922%* 0.268* 0.033 0.047 -0.090 -0.036 0.879** 1.241%*
(4.450)  (2.597)  (0.557)  (0.595)  (-1.531)  (-1.122) (6.149) (4.026)
SmileSlope 1.138** 0.128 0.364** 0.197* 0.133 0.081* 2.014%* 1.204**
(4.224) (0.977) (7.273) (2.220) (1.970) (2.780) (10.069) (4.151)
Insufficient notice, other behavioral biases, or other risk compensation
Tangibility 0.914%* 0.114 -0.140%* 0.060 0.130* -0.606** 0.398* 0.351
(5.260) (1.316) (-2.778)  (0.913) (2.646)  (-22.616) (2.785) (1.337)
NetDebtPrice 0.841%* 0.259* -0.072 -0.036 0.049 -0.419%** 0.519%* 0.939*
(3.834) (2.375) (-1.135)  (-0.436)  (0.794)  (-12.372) (3.635) (2.657)
DebtIssuance 0.793%* 0.218%* -0.028 0.254** 0.125% -0.456** 0.733%* 0.809%*
(3.955) (2.192) (-0.475)  (3.340) (2.213)  (-14.765) (5.134) (2.859)
Accruals 0.969** 0.050 -0.107 0.052 -0.042 -0.191%* 0.699** 0.178
(3.951) (0.413) (-1.501)  (0.558)  (-0.599) (-5.051) (4.896) (0.670)
PctAcc 0.795**  -0.243* -0.110 -0.052 0.035 0.217** 0.611** -0.082
(3.345)  (-2.060) (-1.598) (-0.572)  (0.522)  (5.926) (4.279)  (-0.250)
DivYieldST 0.996**  -0.369**  0.190**  0.528%* 0.076 0.044 1.280%* 0.881**
(4.565) (-3.406) (3.000) (6.379) (1.234) (1.300) (8.962) (3.729)
Frontier 1.015**  -0.334* 0.333** -0.048 0.343** -0.097* 1.053%* 0.978*
(4.495) (-2.981) (5.086)  (-0.564)  (5.378) (-2.793) (7.374) (2.856)
EzchSwitch 0.959** -0.156 0.075 -0.137 0.209%*  -0.154** 0.642%* 0.922*
(4.090)  (-1.341)  (1.100)  (-1.537) (3.161)  (-4.254) (4.492) (2.783)

Notes: This table shows results of regressing all unexplained anomalies (p < 0.01 in GRS tests in the post-publication

sample) in literature on the five arbitrageur factors.

The five factor selected for the arbitrageur factor model are

discussed in Section @ NEW factor is under-reaction to news measured by post-earnings-announcement drift. ATT

factor is attention-induced trading measured by one-month return reversal. DIV factor is from dividend seasonality. SAL

factor is information salience measured by lag of return for small firms. EXP factor is biases in long term expectation

measured by net equity finance. The sample period is from January 1973 to December 2021. The first six columns
show standardized alphas and betas. agiq = \/ﬁa/a, and B; std = V128, F; /o, where o is the standard deviation of
the corresponding anomaly return, and Fj is the sample mean of the corresponding factor return. The last two columns
show the Sharpe ratio of the anomaly return and standadized regression alphas in the sampkle from the year when the
anomaly was published. ¢ values are reported in parentheses. * |t| > 2, ** |t| > 3.
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A Model Solution

A.1 Proof of Proposition 1
Proof. Guess that

Py =Viy( 1+Zk(J)X(J) (20)
Then
P; + D;
1471 = i el (21)
Pt
Vi1 (1 + Z k(])Xz(Jt)ﬂ) + Dit41 (22)
Vie(1 "‘ZJ 1k )Xz(,t))
(4) (g
_ V;J,t+1 + Di,t+1 ) ( 7j=1 k7. X’L t+1) (23)
Vviﬂg 1+ Z] . zJ)X(j)
( , =) (S b0 X + i) o
- 1 + Ri,t + €i,t+1 24
1 + ZJ N kz(])X(J)
J . .
=14 Rig + el + 3 (1= d)d; = DR XS + (1= di)esgunn|  (25)
j=1
J . .
=1+rpe+ Bi(rmsr —rye) + Z bE“Xfft’ + €441, (26)
j=1
where
Eit+1 = 61 t+1 + 1 - Z €i,5,t+1 (27)
is the total idiosyncratic risk with variance ¢, and
b7 = (1 - di)s; — 1)k (28)

is the loading of expected return on a certain noise trading level.

Note that Equation is a linear approximation, which holds when the expected
returns are close to zero.

The total CAPM alpha that the arbitrageur optimizes vazl Xio(r ) is

N
ZZbEJ)X j)Xi,t + Z€i,t+1Xi,t- (29)
i=1

1=15=1

Her first-order condition on X;; is
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8(— lOg —EtU(Wt+1)) o a(aEWtH — %GQVGT(WtJrl))

= 30
0Xit 0Xi+ (30)
J . .
=a) VXY a0l X =0 (31)
j=1
and the solution is
b )
Xz,t = Z alaz Xi,t : (32)
j=11
Comparing it with the market clear condition in Equation gives
b/ = —ao?, (33)
2
k(]) ao; . (34)
1—(1—4d;)d,

This shows that the guess in Equation is one possible equilibrium. In this equilib-
rium,

J 2
ag; (4)
—_—t X 35
T2 T s, K ) (35)
Jj=1
and
Titg1 = e+ Bi(rasr — 7pe) "‘Zb(J)X J)_,_EM+1 (36)
j=1

O

A.2 Proof of proposition 2

Proof. The return of factor j is

N
Fii = Zwltrft +sztﬂz TMt+1 — T#z¢ +Z Z wf]t)bfj X,»(’jt) +Zw£ft)€i,t+1
i=1

=1 j'=1
(37)

N
_ Z wz(,]t)b(])X(]) + Z wl / 62 41 (38)

From the assumption in Equation let the portfolio £ to be factor j, we have that

N
B(j,M) _ die 1wl(jt)b§])X(]) (39
J TN M (J) )
Zz lwztbz

is also time-invariant. Define
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(JM) Zle( )b(J)X( )

() _ i= it Vi
- . 40)
k M N (
ﬂ;] ) Zz L wz(]t) bg]) X( )

Under this notation,

Tkit+1 = Zw” Tft +szt ﬁl TM,t+1 —’I“ft +Z Zwlt bEJ)X(J) +Zw” Eit+1

i=1j'=1
(41)

N
=T+ Be(raesr —rpe) + Zﬂ(]) wa?b?’x(” )+ ngi)€i7t+1 (42)

]1 =1

=7s1+ Be(rareer — Te) +Zﬁk gt—zw”&tﬂ +Zw”51t+1 (43)

j=1
J .
=7+ Be(rmes1 — ) + Z ﬁ,(cj)Fj’t + Eit+1. (44)
j=1
where E£t+1 = va 1( Bk Ejt))gi)t+1 is not autocorrelated and has mean zero.
]
A.3 Proof of proposition 3
Proof. Denote
O @o @) G0l (45)
L= (1 =di)de T 1 = (1= di) e

Then
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i,t41 7. (46)
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and ;
5i,t+1 = GXtJrl + (]. — dl) Z 6i,j,t+1~ (54)
j=1
O

B Anomalies

This section displays all 207 anomalies from the open-source asset pricing website by |Chen
and Zimmermann)| (2022)), which were used as both the pool of candidate factors and the
test sample in this study. Anomalies are categorized into groups as defined in Section
Acronyms, which are used in Table[I] are included for easy reference, along with the
names of the authors and the publication years. Brief descriptions provided by |Chen and
Zimmermann, (2022) are also given. Additionally, the table provides the citation counts
for each anomaly, as sourced from Google Scholar on April 17th, 2023.

44



GGY reyides [euoryeziuesi() €102 noejoxrueded pue Jp[RIsIy den3iQ
09¢ Soyorq 1OPIN €007 ureeypRjeULA ‘UlAoyg ‘Tedodley SoypegIopi
ras% a8eI0A9] Surjeiod() 0102 XIRI\-AAON 28RIDATJO
G6€ porsnlpe qzpy Lpiqergord unerndQ 910¢ e 19 [1ed agjoidedo
1281 Aymbe sooq / sygord Suryerado 9007, oudl] puR vWR JjorqIed(
786 s1essy SunerndQ 19N ¥00¢ T8 10 JIeJo[ysiiy VON
LL¥ 9I00S-X) WIRIURTOJN G00% WRIURTON SIN
6007 SNUIAI 0} JUSUI}SOAU] 7002 9TY pu® oA\ ‘UBWIILT, JUOUI)SOAT]
eIl (Aymbe) uorjeIjULdU0D A1)SNPUT 9002 uosuIqoy pue noy AgIPH
11T (s1088%) UOTPRIPUDOUO0D ATISNPUT 9002 uosuIqoy pue noy 19SSV IO
111 (soTes) uoIRIIUSOUOD AI1ISNPUT 900% uosuIqoy pue noy -
ST syosse [e)0) / sygord sso1d €10% XIRIN-AAON Ero)
7SR0T XOPU] 90URILIOAOY) €002 MOLIPOTN pPuR HYys] ‘sioduior) QOURILIOAOY)
98¢ snjejq SuIpun UOISUSJ 9002 ULIR]\| PUR [UOZURL] A
0¢g dSYD uo poseq o8e W] 7861 umolg pue Airegq a8y uIr,g
929 sosuodx7y] PopNOXH €002 URWI[OG pUe wWoypunr ‘o[fo(] dxroxy
LV ADUQ)SISUOD STUTUIRH 6002 ueuIRY)RM[ Y Aduo)sISUO)sFuILIRH]

0L OUUOARY PALIdJO(] ¢10g BUUIS pue ysexeld oddrda
0041 digsIoumo jo yjpearg ¢00¢ U)g pue SUOH ‘uay) ppesided
768 sosuadxo (TY 0% suorelr) €10¢ ] pue NsH ‘I9JIO[PSITH qYgsuoneis
§6€ Aiqejgord Suryerodo paseq-yse)) 910¢ ™ Ird joigwedogD
3% A1AT90NPOIJ YSB)) 6002 oRY pue IeyoyseIpury) poiJuse))
oce sjosse 09 [se)) 2102 ozzeeJ ysen
20¢C yuouyseaul Tejided pueiqg 7102 OULIO}JIA pU® Ul ‘Ofog 1seAUTpURIg
1165 (renuure) a8eIoAs] joog 7661 YouaI] pue eure; a8eI1aAaT0Og
1082 asuadxy] SUISI}IOAPY 1007 StuUeISNOg pue Joysiuoye] ‘ury)) dxspy
2969 S[BILIDOY 9661 uRO[G S[BILIDOY
Y6LT S[RNLIDOY [RULIOUQY 100¢ 215'¢ S[RILIDO Y [RULIOU(
IDIUDUWDDUTT

uoryeI) uor)drIose(  uoryedqnJ sI0INY WAUOIDY

45



6L
V86
9661
9661
9661
9661
9661
9661
€41
8TL
8TL
9.6
67.
8L
8TL
1641

9661
0GL
18T

¥14¢

444\
€9¢
602

(4Y)
€¢8
Lcv
GLT
GLT
768

0TVt

yeox)s ostrdins sgururesy

sjosse Surjetodo 10U Ul dFURYD

$19SS® [RIDURUY 30U UT 93UuRy))
TUOUI)SOAUT ULIS)-FUO[ UL dFURY)
SOIYI[IqRI] [RDURUY Ul 93UeY )

sjosse 03 Aymbe ur s3uey))

senIIqer] urerado JueLINd Ul aSuey))
sjesse Surjerado juarImnd ur sFuey))
SoXeJ, Ul a8uey))

[eyide) SUINIOAN 10N UI oURY)
s10ssy d() JULLINOUON 20N Ul 95uey))
(fpe pur) aurt rejdes ur a3uer))
IMOIE) AIOJUSAU]

A9mbs Yoo Ul [IMOIL)

IOAOWINT, 19SSy UL o3Uey))

IMOIB 19SSy

S[eTLIDOR )0,
QUIOOUI 07 SUWIOOUI d[(RXR],
Aqrduey,

(RLIDJLID UOI09[0S) ¥004G UIS
Aymba y00q / euroour jou
(A119D) syesse U0 wINAY
SBUIP[OY 93©)S9 [BY

snjdins A31p eoy
sjesse-ol-rejiden (Y
e @y

S[BILIDOY [BI0], JUIDIO]
srenInoy surjeied() JuedIsJ
sosuadxo (TY 02 sjuejed

9100G (O

¢10¢
¥00¢
G00¢
S00¢
G00¢
G00¢
G00¢
G00¢
1102
8002
800¢
8661
¢00¢
010¢
800¢
800¢

G00¢
7002
600¢
600¢
9661
0T0C
0102
110C
1T0C
€10C
110C
1102
€10¢
8661

B{UORIBA\ PUR [OT
sueyy ‘qoa], ‘NOY ‘ISJUSIIH
‘T@ 10 UOSPIRTDIY

‘T@ 19 UOSpIRTDIY

‘T@ 10 UOSpIRTPDIY

‘T@ 10 UOSpIRTDIY

‘T@ 10 UOSPIRTPDIY

‘T@ 10 UOSPIRTDIY

Sueyy pur SeWOJ,

URWI[O]

URWI[Og

ooUsng pur [[PUBRGIRQY
Sueyy pue sewoyJ,
INQqUIOIJ PuR POOMID0T]
URWI[O]

Iyog pue wdmx) ‘10doo))

‘[® 19 UOSpIRYDIY
WISSIN PU® A9

99 pue UyRH

NAzorodoey[ pue SUOH

Ioeq pue usSney

[oIne] pue Aoyreq ‘URUYSLINR[R(]
ozng,

‘IR 19 uRwWSpuUR]

!

AO[[RIN pPUR IR ‘UDYO))
OP[UIA e\ ‘woypuny ‘erezjeyq
OP[UIA UBA ‘WI{OYpUNT ‘Bl[eZjeH
1] pu® NSH “IJ[PSIH

A9TpId

YeoI)gssurLIRG]

LONP
ULIRNEPA
LLTRA
INIAPA
nubyPq
TODPRA
VODPrRd
XRLUD
DMNUD
VODNNUID
VIAUIUD
AU

OIUD
J9AOWINT 9SS YD)
[IMOIX)198S Y
abuny))

S[BNLIDOY®I0],
Xef,

Suey
og[yurs
HoY

beox
aye)saeal
Say
deoqy
Aqvay
20V101,39d
20V
qysiyuereq
910050

46



€LET
1808
96T1¢
GEL
1699
€07¢
SGOV8T
196¢
1681
¥481

Gar1T
00¥
L€9T
91
6L
¢90.
6.1
8LG
96€T
96€T
96€T
96€T
€cy
9.6
9.6
1¢0T
514"
§cs
vov
8GTT

SWINJOI Arep SUISN SSOUMONSO))
peaads yse-prg

AY[1IRIOA D1)RUIDISAG

©10q HSU IR,

®19q Aypmbil ySnequrelg-iojseJ
RO USSIOPOJ-TUIZZRI

©IG INAVO

WINJGSI JUSLOUNOUUR STUTTLIR
SIOP[OYIRYS SAIOY
ATIqRIOUMA IOAOSNR],

aseaIdul (J293 pojoadxoun
astiding enuoAsy]

91005- ISOI0TJ

Soorq IOPIO UI dFURY))

18U YrOIIS STUTULIRG]

uey YIMOIX) SNUDAY]

IMOIE) ATOJUSAU]

syosse /aut pue odd ur o8uerd
dgores Juisn wInjor o[qIdue)uy

JH Sursn wnjor o[qrue)uy

J03.4) Suisn wInjer s[qrsuriuy

JAE Sulsn wInjel o[qrdueiuf

3m018 juotuAorduusy

}1MOI3 PRIYIOAO IOAO [[IMOIZ So[eg
IMO0I3 AIOJUOAUT IOAO [}MOIS SO[RG
sjesse Surjerodo wLIe) SUO[ UL [IMOIX)
(s1ead ea11y)) xodeo ur o3uer]))
(s1ead omy) xodeo ur aSuel)
sostuadxe SUISILIOAPR Ul [JMOIX)
osurdang s3ururey

900¢
9861
900¢
¥10¢
€00¢
v10¢
€L61
9661
S00¢
S00¢

¥00T
900¢
000¢
200¢
¢l10¢
7661
¢10¢
800¢
900¢
900¢
900¢
900¢
¥10¢
8661
8661
€00¢
900¢
900¢
¥10¢
7861

sury pue uey)) ‘suy
UOS[ePUS\ PUR POy

‘Te 10 Suy

Suel pue A3

ysnequelg pue I0jsed

U9SIOpPod PUR IUIZZRI]

[JogoOR]\ PUR RUIR]

Joystuoye| pue yseapesa ‘ury))
IR\ PUR SIOWAI))

IIRN PUR SIOWAI))

ODIPPIS pue [[PAXEIN ‘TR
JRUAIT pUR [[Seopesor
ISOI10T

uqy pue yreq

BY{ORIBA\ PU®R O]

AuysTA ‘190U Yoystuoye]
ury pue opg

Sueyy pue ung ‘seIpurAr
URWIL], PUR [oIUR(]

URWIL], pu® [oruR([

URWIL], pue [oruR(]

URWIL], puR [oruR(]

Ul pue ofpg ‘yoseipzeg
90U PUR [[oUR]ICqY
90U PUR [[PUR]IR]Y

UYOX PUR JUBUISIYA\ ‘PlOUIIe]
oo[19,]-eToIer) pue UOSIOPUY
oo[19,]-eToIer) pUR UOSIOPUY
nor|

UI[AQYS PUR USS[() ‘10980

XD VA4Ys0D)
peoIdgysypiel
XTA®IRq
sTyIrRIeIeg
SdAypmbreiegq
ddaerd

ejog
winjoyjyusweounouuy
CUSIATIOY

[WSIAIOY

13440

qyesuding
astrdaIngenusasy]

Sd

SYHIopPegIOPI)
9SBAIOUTUIR W N
YIMOID) ADYNURUBIIN
YIMOIDAUT
AUTH J J9seAU]
dSuejur

Jueyuy

ddpue

INguejug

oITY

PROYISOA()ID)OT PRSI
AUTID)OT,O[RSIN)
VONIT™

Agxdeoid

xdeo13

dxpvIo
osrdangssururer]

47



16¢¢
€9€
€9€
€9¢
€9¢
€9¢
a1
€9€
€9¢
€9¢
€9¢
V14
0L67T
€9¢
0L67T
00ST
1¢0cT
049
044
160T
196G
879
GGee
€ALTT
€02
9619
9614
GL6
€1¢¢
€80¢
69€T
11¢¢

S)[0098 OWN[OA YSIY UT WNJTSWOTN
IeoA jse] A}[RUOSRIS UINIY

0Z 01 9T SIeok A)I[euOSRaS WINOY
GT 03 TT SIeoA A}[RUOSROS WINOY
0T 03 9 sIeoA A)I[RUOSLIS WINJY
G 0] g SIeaA AJI[euosess WInjoy
[es1oAdy I/ PU® WNIUSTWOTN

07 03 9T SIeoA [BSIOADI UOSEds JO)
GT 03 TT SIeoA [BSIOADI UOSEds JO)
0T 03 9 SIBOA [BSIOADI UOSROS J()
[BSIOADI ULIDY-3UO] UOSedS O
WNJTOWON ¥O01§ Yunf

(qyuow 9) WNJUSUION

11ed [RUOSEOS 91} INOYIM WNIUSWOTN
(Yyuour g1) WNJUSTOIN

YIUOUW IOAO WINIDI WNUIXETA
[eSIoASI UNI-3UOT]

wnjuewow siorddng

WNJTOWOW SIOWOISN)

1S9I99UT I0YS YSIY SUuoure Umo Jsuf
WNJUSWOTA 9)RTPOULIONU]

SULI S1q JO WINJOI AI)Snpuf
WNJUSWOTN AI3Snpuy

Ayrpmbrpr s, pnyrury

(ILHV) YsuI o13e10u4s01p]

(10300} €) YSLI O1PRIOUASOIP]

JSHI OT}RIOUASOIP]

USIy foom gg

WNJUSWOJA - 98y ULIL]

owmnjoA Surpeiy jsed

WNJUSWOW I9UWO0)ISN))
SSOUMOYSO))

000¢
800¢
800¢
800¢
800¢
800¢
900¢
800¢
800¢
800¢
800¢
200¢
€661
800¢
€661
0102
G861
010T
0T0C
S00¢
¢10¢
L00¢
6661
¢00¢
€00¢
900¢
900¢
¥00¢
¥00¢C
8661
800¢
000¢

URJRUIIIRMG PUR 001
»prS pueR U0ISOH

»pRS pueR U0ISOH

»[peG pue U0ISOH

e{pPRS puR UOISOH

e{pRS puR UOISOH

03] pue uey))

»[peS pueR U0ISOH

»peS pue U0ISOH

»peS pue U0ISOf

e{pRS puR UOISOH

R 10 AOWRIAY

uewlL], pue ysoopesor
»peS puer U0ISOH

URWI)L], PUR [[S99pPRII[
MR[IYA PUR ‘DIYR) ‘Teq
Io[RYT, pue jpuoyg o(J
seqz() pue A[ZusIy

seqz() pue AJZusy

TN pue Yeyied qimbsy
XIRIA-AAON

noy

Z)TMONSO PUR })R[qULIY)
pnyruay

As[quioa], pue ‘Suemy My
‘Te 10 Suy

‘Te 10 3uy

SueMH puR 95100x)

sueyy

rIqNG ‘RIPIOY)) ‘UrRUULIL
urzzeg] pur uayo))
onbippig pue Aoarey

[OAWOIN
110 SUOSROGUIOTA

SN[ JIX 9T UOSRIGUIOTA]
SN[JIX | TUOSRIGUIOA]
SN[ JIX 9QUOSROSUIOTA
UOSROGUIOTA

AYWON

SN[JIA 9T USROS WO
SN[JIA [ TUOSBIS WO
SN[ JIX 9OUOSRISIO)WOIN
UoSBISHOWOTN

Fun LugQuioy

WQUIOTAl

UosROGOWIE [WOIN

wg TWOIN

1OYXRIA

[esIoAdIY ]

ddns wowor
Isno-womort
1S9I09U1I0YS O]
WOTAU]

Sgwypul

WO\ PU]

Ayrpmbry

LHVICAOPT

AEIOAOIPT

S[SPgOIpT

CSUSTH

WOTAOS Y ULIL

[OAIOQ

WNJUIWOTA T9UWOISTL)
SSOUMOYSO))

48



1T6S¢
Gl

EIET
ETET
€Iel
9ev1
I8TT
9¢rT
8ET
065€
I8TT
429
881
69101
087ET
9681
9.¢1
9.¢1
6.0
6.¢
67
97¢
99¢¢
1¢1T
1¢1T
0cIT
691
99¢
¥9€
1¢0cT

JOYIBUWI O} SJOSSE [B10],
S[eNIo0e PUR J9YILW-0)-0Og]

SopeI} 0I0Z TIIM SAR(]

SopeI} OI0Z M SAR(T

SoprI} OI0Z M SAR(]

PUSLT, OWN[OA

Q0OURLIBA OWIN[OA

Aymbo jos{Iet 0 SWIN[OA

10308 pUOL],

[BSIOADI ULIDY} }I0YS

A)TIYR[OA IDAOTLINY SIRYS
AIIYRTOA [[BD SNUIIT AYIIR[OA M
Aouowr oY) IeoU ITWS A[IIR[OA
971§

1S9199U] 1I0YS

QWIN[OA 9IeYS

[OA OIP] pu® um(Q 3Isuy

IOAOWINT, PUB UM() ISUJ

([opowr Jg) Ssoumoys O1RIDUASOIP]
SSOUMOYS LINIY

WINJOI 9)RISWO[IUO))

S[enpisal ¢ U0 paseq WNIUSWON
Surpeli], powtioju] Jo ANIqeqord
poisnlpe qg Aeop oo1rg

[o0o Aefop o011 ]

orenbs 1 Aefop ool g

LI J

98rIoAe 01 awnjoa uolyd(

owmjoA y003s 03 uondQ

[BSIDADI UNI-WNIPIJA

G661
¥00¢

900¢
900¢
900¢
9661
1002
9661
910¢
6861
1002
1102
0102
1861
100¢
8661
G00¢
S00¢
G10C
G10C
¢10¢
1T0C
¢00¢
S00¢
G00¢
G00¢
¢L61
¢10¢
¢10¢
G861

YOoUdIL] pue 'uIe
wIy] pue soyreq

nry

nry

nry

Ioxeq pue uasSnel]
UBWINYSUY ‘BRIQNG ‘“@IPIOY))
Ioxeq pue uaSnel

nyyz, ‘noyy, ‘uey

ysoopesa

URWNYSUY ‘“eIqNG “RIPIOY))
uex

oeyy pue gueyy ‘Sury
zued

Té 10 MOoydd(]

SpIPpeY pue freN ‘Iere(
[o8eN

[o8eN

Aermyy pue o[3uy ‘e
Aermyy pue o[8uy ‘ireq
NnoT pue Uayo))

suaIRIA pue [M] ‘zg
RIRH,) pue IoR[YPIAY ‘Ao[seyq
ZJTMOYSO PU®R NOY
Z)TMOYSOTN| PuR NOH
Z)IMOYSO Pu® MO

OISN[] pue swn[g

0g pue uosuyor

0g pue uosuyor

IRy, pue jpuog 9]

NV

INSIS[eNnIo0y
uoONYA

¢TI VopRI0IoZ
T YopeI1joloz
opeIj0IoZ
PUSITAWN[OA
asIieA

PINTCA

1030 PUSL],
[eSIOADILS

WIny~p3s

odogeriug

TM0X[S

9ZIS

1S9I9UTIIOYG
[OADIRYS
AmeoA~OTYd
IosownI - OIY
AemayguIngoy
MOYQUINGOY
9)RISWO[SUO))IT
WNJTOWOA[RNPISOY
SUIpRI],POULIOJUTOI]
189S [ AR[o([o0LI]
odo[GQAR[d(TOOLI]
bsyAepootig
LI ]

goumop uondo
TowmnjoA uoryd
[eSIOADIYIN

49



80€T
1T
879
g8
0cy
198
0cv
00T
¢9¢
18¢T
€84T
€841
80T

14yt
LE€
8L¢CT
0€4¢
87
¢lee
9¢T
88€
€8y
9LT
87
8CL
€89
¢90.
87
116%¢
G8¢E

1580010 S UWLIO}-3UOT
areys Iod s3urures )sApeuy
suLty S1q jo astrdins sgururesy
51580910 §JH HOYS-SA-3U0]
SdH 25e09I0] UMO(]
aprISUMO(T Suryey JIpaI))
UOI}EPUSWIWIOIIY] SNSUISUO))
98RISA0)) SATRUY UL SUIDS(]
[ENIDOY pUR }SBIQIO UI 93uey))
UOIJRPUOWIUIOINI Ul 9FURY))
wstd() sAreuyy

oN[RA ISATRUY

UOISIADI 1S€I910] S

ooueLIeA 90LId 03 MOP-Use))
oo11d-09-so[Rg

yoog 09 JoxIRN puR Um() ISUT

ded joxreuwr I0A0 (294

ao11d 01 1P 19N

o8rIoAd] JON IR

XOPUI JSIJUOI] JUSIOLYH

uoryen(] Aymbrg

O1)®Y] 90LIJ-0)-SSUTILIR]

ordiymy ostrdiojury

NG jo jusuoduwod ostidiojuny

IUOW JXoU P[OIA AIP PoIdIPaI]
sotrd 09 smop yse)) Surjeisd()
1oxIeW 0} MO [[Se))

NG Jo yusuodurod 93RIoAdT

HIN ToqUIEOS(] SUISn JoxIRUI 0) YOO
N JU9091 3SOW SUISN JoyIeU 0} YOO

9661
900¢
200¢
1102
¢00¢
100¢
¢00¢
800¢
7002
7002
8661
8661
7861

9661
9661
G00¢
100¢
200¢
8861
600¢
¥00¢
LL61
1102
200¢
661
¥00¢
7661
200¢
G661
G861

R1IOJ BT
Sueyy pur ‘IoA\ ‘Ud))

noyg

»YDRIBA\ PUR R(]

‘TR 90 IaqIeg

[3[SOI)0LJ PuR AQUDI(]

TR 90 Iaqreg

RUIGISYDS

UO)INH pue yrreqg

‘Te 10 ysoopedor

90 pue [oyuURI]

90 puR [oYUuRI

[PruR(] ‘Ul[IequIRY)) ‘SUIMRH

Ioeq pue uaSney

sourey pue HIoynyy ‘voqreqg
[o8eN

SIUURISNOG pu® JOUsIuoye ‘Uey)
RUNT, PUR UOSPIRYDITY ‘URTUDJ
Lrepueyy

uosueMG puR UoANSN

URWI[OG PUR URO[S ‘MOTIS(]
nseq

UBUI[[OAN PUR URIYSNOT

RUNT, PUR UOSPIRYDTY ‘URTUDJ
Auremsewrey] pur IoSIoqUoz)I
wepeyoryeuop ‘Tedos(ey ‘reso(
Auystp ‘I0JIO[qS Yoystuoye]
BUNT, PUR UOSPIRYITY ‘URTUDJ
UoUoL] pue eureq

U)SUe pue ‘proy ‘Sroquosoy

Se1£GI3y

Sddd

sigdngurery
Ayrredsi(iseoa1o{s3urures]
WO UMO(
DAYRUPII)

WO SUO))

184Uy NUD
[BTLIDO Y 1SBIDIO )
UOIJRPUSIOI Y UTOSURT)
dOV

aN[RA JSATeuy
UOISIADY)SATeUy

1502240

CIORL/N

ds

dIN OIYd

ayg
QOLIJ 19O (11N
o8eIoA]
I9THUOL]
uoryeIn(JAMby
dH

HON I
JARSICH
LSPRIAAIT
dyp

CIO)

Wdddd
9PN

Wd

50



G69
89¢
€08¢
96€T
6¢.
254
189
189
469
469
1,09
¥9€
0cT
6€9T
6€91
8¢S
€8
8LG
96€T
1209

0cy
¢9¢
9.¢1
196¢
€1¢e
€8GT
0€7¢

SunURUY [BUISIXS 19N
sgourdg

sosepandor areyg
(1ea£ g) @ourensst aIeYY
(Tead 1) eouENSST AIRYG

surpuads (129 ou pue OJl
PIIA 1moAR

PPIX moked 1N
Suroueuy Aymbo joN
sumueuy 14sp 1N
SSULPQ 2NN el
UO)IMG 9SURTOXF
A)1[etosess puapIAI(]
UOISSTW () puopial(
UOTRTIUT PUspIAl(]
oouenssy 199(J

I0JRDTPUI }GOP S[qIIIOATO))
ooureNSSI 1qop o31sodwo))
oouensst Aymbe o3rsoduro))

ade pue Odl

1seoaroq dn

oo11d 0} }5®20I0] SSUTUIRH

uoISIodSI(] 1582910, put UM() ISUJ

SUOISIADI }S8I910] SSUIUIRG]

1S9I9UT-}I0Y§ PUR SUOI}RPUSTUIOIY ISA[RUY
IOIIO 1SBDDIO0J ISATRUY PoIdIPaI]

uors1odsi(] 9sed010] SJH

900¢
€661
G661
900¢
800¢
900¢
200¢
200¢
900¢
900¢
1661
G661
€10¢
G661
G661
6661
910¢
8002
900¢
1661

¢00¢
1002
G00¢
9661
1102
8661
¢00¢

URO[S ‘UOSPIRYDIY ‘MeYSPRIG
OSPLI[OOAA PUR SO[I]N ‘STyRST)
UQ[ORULIOA ‘YOUSTUONRT ‘ALIOQUON]
URWI)L], PUR [TUR(]

91R3pPOOA\ PUR JLIUOJ

S pue A9 ‘noH

‘Te 90 yynopnog

‘Te 90 yynopnog

URO[G ‘UOSPIRYDITY ‘Mmeysprig
uRO[S ‘UOSPIRYDITY ‘Mmeysprig
PNY

ALoquay] pue uRIRY(]
UOwo[eS pue YIRWZIIe[]
JORWOA\ pU® IoTey ], ‘ATORUDI[N
YORUWOA\ PUR IS[RYT, ‘A[ORUDIIA
SOARIN)-YOR[Y pue ssordg
RI[RA

duryy pue ung ‘seIpueir|
URWIL], pue [oruR([

TONTY

‘' 10 IaqIeqg
IOPI]J pue O ‘SIOF[H

[P8eN

Joystuoyer] pue yseapeda ‘ury))
uosueMm§ pue seay ‘eer(]

997] pue [oyueIl]

RUIQIOYDG puer AO[[RIA] ‘Io191(]

NIAX

pourdg
oseyoindoyoreyq
AGSS[oIRYQ
ATISs[oIeyq
0dldy
PRIAIMOAR]
PIOIX MO 10N
oourur JAnbloN
OURULIG9(ION
OdIPYl
UOHASTIXH
UOSBIGAI(]
HuoAa

HurAlg
9oueNSS[1qo(]

1R (JAU0))
oourenss[qa(resoduion)
ssynbyduron)

OdIe8V
burouvuyy

wwodaydn

oJs

dsiq oy

9AHY
1S9I99UTHIOY G TUIOIIY

HAPoIpald
uoIsI19dSI(1589010,]

51



	Introduction
	Theoretical Framework
	Motivation
	Model
	Factors
	Unexpected shocks

	Data
	The Arbitrageur Factors
	Factor selection
	Types of behavior biases
	Time series

	Empirical Tests
	207 anomalies
	After publication
	Discussion of remained prediction power

	Interpretation of Anomalies
	Factor models
	Most cited anomalies
	Unexplained anomalies

	Conclusion
	Model Solution
	Proof of Proposition 1
	Proof of proposition 2
	Proof of proposition 3

	Anomalies

