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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.
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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.
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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
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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 4.2, 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; He,

Kelly, and Manela 2017). In the context of cross-sectional asset returns, Cho (2020)

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

and 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,

and Su 2019; Feng, Giglio, and Xiu 2020). This paper extends this notion, showing
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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
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for behavioral reasons, affecting the number of shares available to other investors on the

x-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
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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, Vi,t, which is determined by the

discounted value of all future dividends:

Vi,t = Et [mi,t+1(Vi,t+1 +Di,t+1)] , (1)

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

ratio di =
Di,t+1

Vi,t+1+Di,t+1
is constant over time.

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:

Vi,t+1 +Di,t+1

Vi,t
= 1 + rf,t + βi(rM,t+1 − rf,t) + ϵVi,t+1, (2)

where rf,t is the risk-free rate observed at time t, rM,t+1 is the realized market return at

time t + 1, and ϵVi,t+1 denotes the total unexpected shock to the fair value, comprising

both discount rate news and cash flow news.

The actual price of the asset, Pi,t, however, may deviate from the fair value. The

realized return of the asset is then

ri,t+1 =
Pi,t+1 +Di,t+1

Pi,t
. (3)

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

For asset i at time t, their total position is

J∑
j=1

X
(j)
i,t , (4)

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

X
(j)
i,t+1 = δjX

(j)
i,t + ϵi,j,t+1, (5)

where δj is the decay rate of the corresponding type of behavior, assumed to be exogenous

in the model. εi,j,t 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−aW . Additionally,

she does not want to be exposed to any market risk. For each dollar invested in asset i,

she hedges the market risk with βi dollar in the market portfolio. Denoting her position

in asset i as Xi,t, the problem she solves is

max
Xi,t

EtU

(
Wt(1 + rf,t) +

N∑
i=1

Xi,tr
α
i,t+1

)
, (6)

where

rαi,t+1 = ri,t+1 − rf,t − βi(rM,t+1 − rf,t) (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:
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Xi,t = −
J∑

j=1

X
(j)
i,t . (8)

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

equilibrium.

Proposition 1.

Pi,t = Vi,t(1 +

J∑
j=1

aσ2
i

1− (1− di)δj
X

(j)
i,t ), (9)

where σ2
i is the variance of εi,t+1 = ϵii,t+1+(1−di)

∑J
j=1 ϵi,j,t+1, represents an equilibrium.

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

ri,t+1 = rf,t + βi(rM,t+1 − rf,t) +

J∑
j=1

b
(j)
i X

(j)
i,t + εi,t+1, (10)

where b
(j)
i = −aσ2

i .

Proof: See Appendix A.1.

Equation (9) demonstrates that the level of mispricing is proportional to the position

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 (σ2
i ), more persistent

behavioral trading (δj), and lower dividend payout ratios (di). 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

(10) 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.
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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

weight w
(k)
i,t on asset i at time t,

β
(j,M)
k =

∑N
i=1 wi,tb

(j)
i X

(j)
i,t∑N

i=1 w
M
i,tb

(j)
i X

(j)
i,t

(11)

remains unchanged over time t, where wM i, t is the weight of asset i in the market

portfolio.

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

βM
k =

N∑
i=1

wi,tβi (12)

is also time-invariant.

Second, for each j, a self-funded arbitrage portfolio with weight w
(j)
i,t has zero exposure

to the market factor and all other types of noise j′ ̸= j, namely

N∑
i=1

w
(j)
i,t = 0,

N∑
i=1

w
(j)
i,t βi = 0,

N∑
i=1

w
(j′)
i,t b

(j′)
i X

(j′)
i,t = 0,

N∑
i=1

w
(j)
i,t b

(j)
i X

(j)
i,t > 0, (13)

and I denote its portfolio return as Fj,t at time t.

Proposition 2. With the aforementioned assumptions, the return of an arbitrage port-

folio k constructed from fixed sorting rules can be expressed as

rk,t+1 = rf,t + βM
k (rM,t+1 − rf,t) +

J∑
j=1

β
(j)
k Fj,t + εPk,t+1, (14)

where βk and β
(j)
k s are time-invariant and the noise term εPk,t+1 has no serial correlation

and a mean of zero.

Proof: See Appendix A.2.

Equation 14 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 at to at+1, and the persistence of noise j

changes from δj,t to δj,t+1. The arbitrageur does not anticipate these changes and contin-

ues to assume that a and δjs remain fixed. Under these circumstances, the equilibrium

result in Equation (9) still applies:

Pi,t = Vi,t(1 +

J∑
j=1

atσ
2
i

1− (1− di)δj,t
X

(j)
i,t ), (15)

Pi,t+1 = Vi,t(1 +

J∑
j=1

at+1σ
2
i

1− (1− di)δj,t+1
X

(j)
i,t+1), (16)

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

ri,t+1 = rf,t + βi(rM,t+1 − rf,t) +

J∑
j=1

b
(j)
i,t+1X

(j)
i,t + εi,t+1, (17)

where

b
(j)
i,t+1 = −at+1σ

2
i +

at+1σ
2
i

1− (1− di)δj,t+1
− atσ

2
i

1− (1− di)δj,t
. (18)

Proof: See Appendix A.3.

Since the factor return at time j is proportional to b(j) 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
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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

website1. 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 q5 factor model by Hou, Mo, Xue, and Zhang (2021) (q5), available on the

Global q website.

1https://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 Su (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× 1013 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 STReversal

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
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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 1. 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. One 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, Bräuer,

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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(Hou 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-

shaw, 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 2.4, 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 t-tests on the anomaly returns without any model, and the FF3, FF5,

q5, 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 1.

It includes the number of anomalies significant in t-tests on alphas, average standardized

alphas, and average R2 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
√
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 |t| > 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 q5 factors account for more anomalies, while the M4

and DHS models, grounded in behavioral biases and mispricing concepts, exhibit similar

performance to the q 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 R2 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 R2 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 4.1), 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 α = 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 t-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 6.3, 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 q5 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 5 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:

βi,std =

√
12βiF̄i

σ
, (19)

where F̄i is the sample mean of the factor return and σ 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, q5, 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, q5, 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 (q5, M4, and DHS) include factors primarily explained by

Under-reaction to News (NEW). These are profitability in the q5 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 q5 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 q5 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 q5 models, investment and expected growth in the q5 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 6, I present the two most cited anomalies in each group as defined in Section

5.3, excluding those already covered in Table 5. 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 (Gom-

pers, 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 (Lakonishok,

Shleifer, and Vishny 1994) and asset growth (Cooper, Gulen, and Schill 2008)—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 (Amihud 2002) 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 (Basu 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-

ishok 1996) and dispersion (Diether, Malloy, and Scherbina 2002), 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

24



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 6. The columns follow the

same format as those in Table 6.

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.

25



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
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Notes: These graphs intuitively show the equilibrium prices with a positive behavioral investor
position under two different assumptions. The x-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

√
12. Log citation numbers

are on the x-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. t 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+IndRetBig+NetEquityFinance 5.192
(6)RMRF+...+ShortInterest 5.463

Alternative Models
(A1)RMRF+DelFinLiab+DivYieldST+NumEarnIncrease+Frontier+EarningsConsistency 3.558
(A2)RMRF+VolumeTrend+AnalystRevision+BM+ChTax+Mom12m 3.154

Notes: This table shows the factors selected in the models as described in Section 4.1 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

α GRS test
n(|t| > 2) n(|t| > 3) mean(αstd) mean(R2) 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 q5 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 IPCA5 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 84 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 1. Benchmark

models are discussed in Section 3. The sample period is from January 1973 to December 2021 unless otherwise noted in Section 3.

Columns 1-2 show statistics of t 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
√
12, and the annual Sharpe ratio of anomalies in the row of “no model”. Column 4 shows the average R2 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 |αstd|, and the largest R2 are marked in bold.
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Table 3: Explanation power after publication of the anomalies

α GRS test
n(|t| > 2) n(|t| > 3) mean(αstd) mean(R2) 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 q5 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 1. Benchmark

models are discussed in Section 3. The sample period is from January 1973 to December 2021 unless otherwise noted in Section

3. Tests in this table use the sample in or after the year when the anomaly is published. Columns 1-2 show statistics of t 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
√
12, and the annual

Sharpe ratio of anomalies in the row of “no model”. Column 4 shows the average R2 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 |αstd|,

and the largest R2 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 αstd 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 α 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 1. Benchmark models are discussed in Section 3. The sample period is from January 1973 to December 2021

unless otherwise noted in Section 3. 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.

33



Table 5: Alphas and beta loadings of factors in existing models

Sharpe α βNEW βATT βDIV βSAL βEXP

Fama and French (2015) 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)

Hou, Mo, Xue, and Zhang (2021) q5 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 Yuan (2017) 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** 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 4.2. 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 3. The first

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

betas. αstd =
√
12α/σ, and βi,std =

√
12βiF̄i/σ, where σ is the standard deviation of the corresponding anomaly

return, and F̄i is the sample mean of the corresponding factor return. t values for alphas and betas are reported in

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

α βNEW βATT βDIV βSAL βEXP PP Sharpe PP α

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)
EarningsToPrice 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 5.3. The five factor selected for the arbitrageur factor

model are discussed in Section 4.2. 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. αstd =
√
12α/σ, and βi,std =

√
12βiF̄i/σ, where σ is the standard deviation of the

corresponding anomaly return, and F̄i 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

α βNEW βATT βDIV βSAL βEXP PP Sharpe PP α

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)
ExchSwitch 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 4.2. 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. αstd =
√
12α/σ, and βi,std =

√
12βiF̄i/σ, where σ is the standard deviation of

the corresponding anomaly return, and F̄i 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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A Model Solution

A.1 Proof of Proposition 1

Proof. Guess that

Pi,t = Vi,t(1 +

J∑
j=1

k
(j)
i X

(j)
i,t ). (20)

Then

1 + ri,t+1 =
Pi,t+1 +Di,t+1

Pi,t
(21)

=
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i X
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= (1 +Ri,t + ϵVi,t+1)
1 + (1− di)

(∑J
j=1 k

(j)
i (δjX

(j)
i,t + ϵi,j,t+1)

)
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i X
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(24)

= 1 +Ri,t + ϵVi,t+1 +

J∑
j=1

[
((1− di)δj − 1)k

(j)
i X

(j)
i,t + (1− di)ϵi,j,t+1

]
(25)

= 1 + rf,t + βi(rM,t+1 − rf,t) +

J∑
j=1

b
(j)
i X

(j)
i,t + εi,t+1, (26)

where

εi,t+1 = ϵVi,t+1 + (1− di)

J∑
j=1

ϵi,j,t+1 (27)

is the total idiosyncratic risk with variance σ2
i , and

b
(j)
i = ((1− di)δj − 1)k

(j)
i (28)

is the loading of expected return on a certain noise trading level.
Note that Equation (25) is a linear approximation, which holds when the expected

returns are close to zero.
The total CAPM alpha that the arbitrageur optimizes

∑N
i=1 Xi,t(r

α
i,t+1) is

N∑
i=1

J∑
j=1

b
(j)
i X

(j)
i,t Xi,t +

N∑
i=1

εi,t+1Xi,t. (29)

Her first-order condition on Xi,t is
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∂(− log−EtU(Wt+1))

∂Xi,t
=

∂(aEWt+1 − 1
2a

2V ar(Wt+1))

∂Xi,t
(30)

= a

J∑
j=1

b
(j)
i X

(j)
i,t − a2σ2

iXi,t = 0, (31)

and the solution is

Xi,t =

J∑
j=1

b
(j)
i

aσ2
i

X
(j)
i,t . (32)

Comparing it with the market clear condition in Equation (8) gives

b
(j)
i = −aσ2

i , (33)

k
(j)
i =

aσ2
i

1− (1− di)δj
. (34)

This shows that the guess in Equation (20) is one possible equilibrium. In this equilib-
rium,

Pi,t = Vi,t(1 +

J∑
j=1

aσ2
i

1− (1− di)δj
X

(j)
i,t ), (35)

and

ri,t+1 = rf,t + βi(rM,t+1 − rf,t) +

J∑
j=1

b
(j)
i X

(j)
i,t + εi,t+1. (36)

A.2 Proof of proposition 2

Proof. The return of factor j is

Fj,t =

N∑
i=1

w
(j)
i,t rf,t +

N∑
i=1

w
(j)
i,t βi(rM,t+1 − rf,t) +

N∑
i=1

J∑
j′=1

w
(j)
i,t b

(j′)
i X

(j′)
i,t +

N∑
i=1

w
(j)
i,t εi,t+1

(37)

=

N∑
i=1

w
(j)
i,t b

(j)
i X

(j)
i,t +

N∑
i=1

w
(j)
i,t εi,t+1 (38)

From the assumption in Equation 11, let the portfolio k to be factor j, we have that

β
(j,M)
j =

∑N
i=1 w

(j)
i,t b

(j)
i X

(j)
i,t∑N

i=1 w
M
i,tb

(j)
i X

(j)
i,t

(39)

is also time-invariant. Define
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β
(j)
k =

β
(j,M)
k

β
(j,M)
j

=

∑N
i=1 w

(k)
i,t b

(j)
i X

(j)
i,t∑N

i=1 w
(j)
i,t b

(j)
i X

(j)
i,t

. (40)

Under this notation,

rk,t+1 =

N∑
i=1

w
(k)
i,t rf,t +

N∑
i=1

w
(k)
i,t βi(rM,t+1 − rf,t) +

N∑
i=1

J∑
j′=1

w
(k)
i,t b

(j)
i X

(j)
i,t +

N∑
i=1

w
(k)
i,t εi,t+1

(41)

= rf,t + βk(rM,t+1 − rf,t) +

J∑
j=1

β
(j)
k (

N∑
i=1

w
(j)
i,t b

(j)
i X

(j)
i,t ) +

N∑
i=1

w
(k)
i,t εi,t+1 (42)

= rf,t + βk(rM,t+1 − rf,t) +

J∑
j=1

β
(j)
k (Fj,t −

N∑
i=1

w
(j)
i,t εi,t+1) +

N∑
i=1

w
(k)
i,t εi,t+1 (43)

= rf,t + βk(rM,t+1 − rf,t) +

J∑
j=1

β
(j)
k Fj,t + εPk,t+1. (44)

where εPk,t+1 =
∑N

i=1(w
(k)
i,t − β

(j)
k w

(j)
i,t )εi,t+1 is not autocorrelated and has mean zero.

A.3 Proof of proposition 3

Proof. Denote

k
(j)
i,t =

atσ
2
i

1− (1− di)δj,t
, k

(j)
i,t+1 =

at+1σ
2
i

1− (1− di)δj,t+1
. (45)

Then
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1 + ri,t+1 =
Pi,t+1 +Di,t+1

Pi,t
(46)

=
Vi,t+1(1 +

∑J
j=1 k

(j)
i,t+1X

(j)
i,t+1) +Di,t+1

Vi,t(1 +
∑J

j=1 k
(j)
i,t X

(j)
i,t )

(47)

=
Vi,t+1 +Di,t+1

Vi,t

1 + (1− di)
(∑J

j=1 k
(j)
i,t+1X

(j)
i,t+1

)
1 +

∑J
j=1 k

(j)
i,t X

(j)
i,t

(48)

= (1 +Ri,t + ϵVi,t+1)
1 + (1− di)

(∑J
j=1 k

(j)
i,t+1(δjX

(j)
i,t + ϵi,j,t+1)

)
1 +

∑J
j=1 k

(j)
i,t X

(j)
i,t

(49)

= 1 +Ri,t + ϵVi,t+1 +

J∑
j=1

[
((1− di)δj,t+1k

(j)
i,t+1 − k

(j)
i,t )X

(j)
i,t + (1− di)ϵi,j,t+1

]
(50)

= 1 + rf,t + βi(rM,t+1 − rf,t) +

J∑
j=1

b
(j)
i,t+1X

(j)
i,t + εi,t+1, (51)

where

b
(j)
i,t+1 = (1− di)δj,t+1

at+1σ
2
i

1− (1− di)δj,t+1
− atσ

2
i

1− (1− di)δj,t
(52)

= −at+1σ
2
i +

at+1σ
2
i

1− (1− di)δj,t+1
− atσ

2
i

1− (1− di)δj,t
, (53)

and

εi,t+1 = ϵVi,t+1 + (1− di)

J∑
j=1

ϵi,j,t+1. (54)

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
5.3. Acronyms, which are used in Table 1, 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.
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