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Essays on Anomalies in Asset Pricing

DUAN Xinrui

Chapter 1:

Sentiment, Limited Attention and Mispricing

Xinrui DUAN, Li GUO, Weikai LI, Jun TU

We examine whether various anomalies can be driven by two common

behavioral forces, namely, “subjective” sentiment (representing investors’

subjective biased beliefs) and “objective” limited attention (representing

investors’ objective cognitive constraints). While sentiment explains well

many anomalies that are more speculative on the short-leg, it fails to ex-

plain anomalies that are equally speculative on the long and short-leg,

including momentum and post-earnings announcement drift. Market-wide

attention shifts, proxied by number of news averaged across stocks, sig-

nificantly attenuates underreaction-driven anomalies, beyond the effect of

sentiment. Our findings suggest that increase in market-wide attention

can temporarily reduce the cost of attending to market and improve price

efficiency.

Chapter 2:

Factor Style

Xinrui DUAN, Ran ZHANG

We use systematic methods to solve factor timing problem and to improve

the performance of factor investing. Past factor returns predict the cross

section of factor returns, and this predictability is at its strongest at the

one-month horizon (Arnott et al. 2019). We find that factor momentum is



pervasive in international stock markets. We show that factor momentum

can be captured by trading almost any set of factors. Industry momentum

and size-B/M momentum stem from factor momentum. We further find

that stock factor momentum, stock factor IVOL, and cross-assets factor

momentum can generate alphas. These alphas cannot be explained by

current asset pricing models.

Chapter 3:

Investing in Anomalies: An Optimal Portfolio Approach

Xinrui DUAN, Jun TU, Ran ZHANG, Guofu ZHOU

We take an optimal portfolio approach on investing in multiple anomalies.

We find that a variety of estimated optimal rules outperform substantially

investing in any single anomaly. In addition, although it has been docu-

mented that the publication of a given anomaly may significantly reduce its

standalone economic value, we show that these anomalies are still valuable

collectively in the optimal portfolio even after they are published.
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Chapter 1

Sentiment, Limited Attention

and Mispricing

Xinrui Duan, Li Guo, Weikai Li, and Jun Tu

ABSTRACT

We examine whether various anomalies can be driven by two common

behavioral forces, namely “subjective” sentiment (representing investors’

subjective biased beliefs) and “objective” limited attention (representing

investors’ objective cognitive constraints). While sentiment well explains

many anomalies that are more speculative on the short-leg, it fails to ex-

plain anomalies that are equally speculative on the long and short-leg,

including momentum and post-earnings announcement drift. Market-wide

attention shifts, proxied by the number of news articles averaged across

stocks, significantly attenuate underreaction-driven anomalies, beyond the

effect of sentiment. Our findings suggest that an increase in market-wide

attention can temporarily reduce the cost of attending to the market and

improve price efficiency.

JEL classification: G12, G14
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1.1 Introduction

Recently, there has been a debate on whether a small set of common factors

is able to explain various anomalies. Alternative factor models are being

proposed, including the management-controlled factor (MGMT) and the

performance-based factor (PERF) used in Stambaugh and Yuan (2016), as

well as the financing factor (FIN) and post-earnings announcement drift

factor (PEAD) used in Daniel et al. (2017). Some other studies, such as

Hou et al. (2014), also try to find common factors that explain various

anomalies. Kozak, Nagel, and Santosh (2017) indicate that the number of

common factors, no matter rational risk-based factors or mispricing-based

factors, is likely to be small and in the range of three to five. Although these

studies investigate the commonality among the various anomalies based on

some econometric approaches, they do not explicitly tie the common factors

to either risk-based or mispricing-based explanations.

In this paper, we examine whether various anomalies and newly pro-

posed factors can be explained by a small set of common forces with clear

behavioral motivations. Consistent with Stambaugh et al. (2012), we find

that the investor sentiment, which reflects the marginal investors’ “sub-

jective” biased beliefs, may serve as one common behavioral force. When

market-wide sentiment is high, the majority of investors become overly

optimistic, and push stock prices above the fair values implied by funda-

mentals. In the presence of short-sale constraints, the overvaluation caused

by optimistic investors cannot be easily corrected by rational arbitrageurs,

resulting in lower future returns. When sentiment is low, however, rational

investors could easily step in when overly pessimistic investors sell, hence

we should not observe significant and persistent underpricing during low

sentiment periods. The time series variation in investor sentiment could

thus explain the average return spread of anomalies and its amplification

2



during high sentiment periods.

Although sentiment is often used as a catch-all measure of investor

irrationality, we find that some anomalies cannot be easily explained by

sentiment shifts alone. Most notably, we find that anomalies related to

investor underreaction and price continuation, such as momentum and

post-earnings announcement drift (PEAD), either do not have a signifi-

cant relationship or are only weakly predicted by investor sentiment shifts

over time. The reason, we conjecture, is that for sentiment to affect the

cross-section of anomaly returns, the long and short leg of anomaly cannot

be equally speculative. As argued by Baker and Wurgler (2006), irrational

sentiment should exert a stronger effect on prices of stocks that are hard

to value, or more ”speculative” in nature. When market-wide sentiment is

high, those ”hard-to-value” stocks are subject to greater investor disagree-

ment and thus more likely to be pushed up by optimistic investors (Miller

(1977)), while stocks that are easy to value should not be affected in the

same way. Using several valuation uncertainty measures proposed by the

literature (Zhang (2006)), we confirm that for most anomalies studied in

Stambaugh et al. (2012), the short leg of the anomaly is much more spec-

ulative than the long leg, hence the differential sentiment effect observed

on the cross-sectional anomaly returns. However, for those anomalies that

are equally speculative in the long and short leg, as in the case of momen-

tum and PEAD, the effect of aggregate sentiment on long-short portfolio

return is more ambiguous. This is because when the long and short leg of

the anomaly portfolio are equally hard to value or ”speculative”, there is a

tendency for excessive investor optimism to push up the prices and lower

the future returns of both portfolios at the same time and to similar mag-

nitude, hence it is unclear if sentiment amplifies the long-short portfolio

returns.

3



Consistent with this explanation, when we separately regress the long-

and short-leg returns of the anomalies on the lagged Baker-Wurgler sen-

timent index, the coefficient on the short-leg for most anomalies is much

more negative and significant than that of the long-leg. This is consistent

with the evidence in Stambaugh et al. (2012). However, for momentum

and PEAD, we find a similar negative effect of sentiment on the long and

short legs of portfolio, resulting in a much smaller effect of sentiment on

the long-short return spread.

In the second half of the paper, we suggest that another behavioral

force, ”limited attention”, could be the underlying reason for the time se-

ries return variation of anomalies, especially among anomalies related to

investor underreaction and price continuation. Conceptually, limited atten-

tion is very different from investor sentiment as it measures the cognitive

constraints in investors’ ability to process value-relevant information. In-

vestors who have limited attention tend to underreact to news, which lead

to the slow incorporation of new information and price continuation (Hir-

shleifer and Teoh 2003). This mechanism implies an inverse relationship

between market-wide attention and anomaly returns.

Moreover, the effect of limited attention on anomaly returns should

work even when the long and short leg portfolios are equally speculative.

During periods of low market-wide attention, both long and short-leg stocks

should underreact more to past news, hence we should observe more pro-

nounced underreaction in both directions and a stronger long-short port-

folio return spread. Conversely, during high market-wide attention peri-

ods, past news are more quickly incorporated into stock prices, hence we

should observe much smaller anomaly returns during such periods. It is

this unambiguous time-series relationship between market-wide attention

and anomaly returns that differentiates our paper from Stambaugh et al.
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(2012), which focuses exclusively on aggregate sentiment, especially for

anomalies that are equally speculative in both the long and short leg.

Empirically, we use news coverage data from Thomson Reuters News

Analytics to proxy for market-wide attention. This is motivated by a num-

ber of papers that use the news coverage of individual firms in well-known

media outlets as a proxy for investors’ attention at the stock-level (Barber

et al. (2008); Tetlock (2011)). As our paper mainly examines the time-

series variation of market-wide attention, we use the number of news arti-

cles averaged across stocks to measure aggregate attention. We then run a

predictive regression of the long-short portfolio returns of each anomaly on

the lagged attention measure. Among the 11 anomalies studied by Stam-

baugh et al. (2012), we find that market-wide attention has a significant

attenuation effect on the long-short portfolio alphas of 6 anomalies when

controlling for contemporaneous market return. The economic effect is sub-

stantial. The daily momentum CAPM alpha is 17.5 bps lower following the

days with the highest decile of market-wide attention, compared to the pe-

riods with the lowest decile of attention. For comparison, the unconditional

daily momentum CAPM alpha is 9.4 bps.

As aggregate attention may be correlated with investor sentiment, we

further run a multivariate predictive regression by adding both the lagged

sentiment index and attention measure. We continue to notice a negative

effect of attention on the return spread of 6 anomalies, with the effect

particularly pronounced in the momentum and PEAD anomalies. This

suggests that investors’ limited attention could be another significant force

driving time series variation in anomaly returns beyond sentiment. We

also look at the effect of attention on various price momentum strategies in

great detail, and find that the attenuation effect of attention on momentum

profits are robust with respect to the different performance rankings and

5



holding periods used in the construction of momentum strategy.

In addition to individual anomalies, we also look at the recently pro-

posed mispricing factors in Daniel et al. (2017). They propose that a par-

simonious three-factor model, which includes a market factor, the PEAD

factor and the Financing factor (FIN), has better explanatory power for

a large set of anomaly returns than existing factor models. They mo-

tivate their choice of the two mispricng factors by arguing that PEAD

mainly captures short-run mispricing, while the FIN factor captures long-

run mispricing. Empirically, adding the PEAD factor significantly helps

in explaining momentum-related anomalies. In our analysis, we find that

the two factors proposed by Daniel et al. (2017) differ significantly because

they may be driven by distinct mispricing mechanisms. While the short

leg of the FIN factor is much more speculative than the long-leg based on

our measure of valuation uncertainty, the long-leg of the PEAD factor is

as speculative as the short leg. Consistent with this mechanism, we find

that while sentiment significantly amplifies returns to the FIN factor, the

time series variation of the PEAD factor return is not correlated with in-

vestor sentiment. In sharp contrast, market-wide attention explains the

time series variation of the PEAD factor return very well. Consistent with

our conjecture that high attention leads to faster incorporation of earnings

news, the daily PEAD profits are 10.4 bps lower following the days with

highest market-wide attention compared to the periods of lowest attention,

which is economically large given an unconditional daily PEAD profit of

6.1 bps. Thus our paper provides a clear economic explanation of why the

two mispricing factors proposed by Daniel et al. (2017) differ, and suggests

that they could be driven by different mispricing channels.

This study contributes to several strands of the literature. First, our

paper contributes to the behavioral finance literature that examines the

6



time-series return variation of anomalies. While the majority of previ-

ous studies focus on the effect of aggregate investor sentiment (Baker and

Wurgler (2006); Stambaugh and Yuan (2016); Stambaugh et al. (2012), we

argue that the role of sentiment in cross-sectional anomaly returns should

not be taken for granted. Sentiment cannot easily explain the average re-

turn spread on anomalies that are equally speculative in both the long and

short leg, as well as its time series variation. We propose the use of another

behavioral force, i.e., shifts in aggregate investor attention, which is better

able to explain the return variation of those anomalies that are equally

speculative in the long and short leg.

Secondly, this paper contributes to the growing literature that examines

the role of investors’ limited attention in driving certain anomalies. The

majority of studies look at how anomalies vary across stocks with differen-

tial investor attention, measured by analyst/media coverage or investors’

online searching activities. Hong et al. (2000), for example, document that

momentum profits are more pronounced among stocks with less analyst cov-

erage, suggesting that slow information diffusion among neglected stocks

leads to underreaction and price continuation. Using the news searching

and reading activity on Bloomberg terminal as a proxy for institutional

investors’ attention, Ben-Rephael et al. (2017) find that the post earnings

announcement drift is much weaker when institutional investors pay more

attention on earnings announcement days. Some studies use the day of the

week to proxy for investor attention. For example, DellaVigna and Pollet

(2009) show that the immediate market reaction to the earnings announce-

ment is weaker and post-earnings announcement drift is stronger for stocks

announcing earnings on Friday of the week, a time when the majority of

investors are not paying enough attention. Our paper is related to this

literature in the sense that we also hypothesize that high investor atten-

tion should lead to lower anomaly returns. However, our paper differs as

7



we mainly focus on the time-series variation in market-wide attention and

document its attenuation effect on a larger set of anomaly returns.

Last but not the least, this paper furthers our understanding of in-

vestor attention on capital market efficiency. Some recent papers docu-

ment the detrimental effect of excessive attention on price efficiency. For

example, Barber et al. (2008) document that retail investors are net buyers

of attention-grabbing stocks with high media coverage and extreme daily

returns. Using Google search as a measure of retail investors’ attention,

Da et al. (2011) find that stocks with abnormal search activity experience

temporary positive price pressure but long-run reversal. Yuan (2015) stud-

ies the impact of market-wide attention on investors’ trading activity and

market return, but does not examine its effect on cross-sectional anomalies.

By emphasizing the attenuation effect of aggregate attention on anomaly

returns, our paper suggests that the effect of attention on market efficiency

depends crucially on the required level of attention in the market. When

the required level of attention is low for stocks on days without significant

news, excessive attention could lead to transitory price pressure, as in Bar-

ber et al. (2008) and Da et al. (2011). However, when the required level

of attention is high for stocks experiencing extreme past performance and

earnings news, the higher attention actually reduces cost of information

acquisition and leads to more efficient asset prices.1

1.2 Data and Summary Statistics

The data on analysts’ earnings estimates is taken from the Institutional

Brokers Estimate System (I/B/E/S) Unadjusted Detailed and Summary

1Klibanoff et al. (1998) show that country-specific news improves the response of
closed-end country fund prices to asset value.
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Dataset. Stock returns, prices and the number of outstanding shares are

from the Center for Research in Securities Prices (CRSP). The accounting

information is from the Compustat Annual and Quarterly Fundamental

Files. The news data is from Thomson Reuters News Analytics Dataset.

The sample includes all common stocks (share codes 10 and 11) from Au-

gust 1965 through October 2015. The sample period is restricted by the

availability of the Baker and Wurgler (2006) sentiment index. Penny stocks

with share prices below $5 are removed.

1.2.1 Market-wide Sentiment and Attention

We use the sentiment index constructed in Baker and Wurgler (2006)2.

The sentiment index starts from July 1965 to September 2015. We sort

the time-series sentiment index equally into 10 deciles. For a given month

m−1, the sentiment index Sm−1 is matched with the daily anomaly returns

Ri,t in month m.

Attention is a scarce cognitive resource and is often used to explain

investors’ underreaction to new information. In this context, a key obsta-

cle for empirical work is that investor attention allocation is typically not

observable. According to Barber et al. (2008), a direct measure would be

to go back in time and question investors on each day about the stocks

that they thought about on that particular day. Recently, an emerging

stream of literature addresses this issue by developing various direct prox-

ies for investor attention. Da et al. (2011) use the Google search of stock

ticker to capture retail investors’ attention, while Da et.al (2017) use the

search on Bloomberg terminal to measure the attention of institutional in-

2We extend our appreciation to Jeffrey Wurgler for making the data publicly avail-
able on his website http://people.stern.nyu.edu/jwurgler/. The sentiment index
is constructed as the first principal component of five individual proxies, which are
controlled by six macro economic variables.
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vestors. However, as the Google search index only starts from 2004, it

shows a relatively short sample period. In this paper, to balance the sam-

ple of investor attention and market anomalies, we use media coverage as

an indirect measure of investors’ attention. This has been used extensively

in the literature, including Barber et al. (2008), Fang and Peress (2009),

and Yuan (2015). An event that attracts many investors’ attention is more

likely newsworthy, and firms that are in the news are more likely to catch

investors’ attention compared to those that are not.

Our news dataset is the daily firm specific news feed from Thomson

Reuters News Analytics from the period of 1996 to 2014. This large dataset

is broader than many of the datasets previously studied with more than

25,000 equities covered by Thomson Reuters. The dataset identifies the

time of the news story (with millisecond resolution), the firm mentioned

in the story, the headline of the news story, story id, the relevance of the

news article for the firm, the staleness of a news item and measures from

a neural-network-based sentiment engine. To construct investor attention

proxy, we first count the number of news articles for each firm on each

day, and then calculate the average amount of news coverage across firms,

namely

Attentiont =

∑K
k=1 # of newsk

K
,

where K stands for the total number of firms covered by media news. The

first two rows of Table 3.1 report the descriptive statistics for both attention

and sentiment measures. The daily average number of news ranges from

1 to 8.12, with a median of 3.27. The autocorrelation of our attention

measure is 0.51, much lower than 0.86, which is the autocorrelation of

sentiment index. Figure 1.1 shows the time series of our attention measure

10



with the Baker and Wurgler (2006) investor sentiment index, both of which

are standardized to have a mean of 0 and standard deviation of 1. The

correlation between these two indices is -0.17, indicating that our investor

attention proxy could be fundamentally different from investor sentiment.

Ball and Brown (1968) and Bernard and Thomas (1989) first document

a post-earnings announcement drift phenomenon, which is interpreted as

evidence of investors’ underreaction to earnings news (DellaVigna and Pol-

let (2009), Hirshleifer et al. (2009) and Hou et al. (2009) ). We expect that

when market-wide attention is low, investors react slowly to earnings an-

nouncements and the post-earnings announcement drift is amplified. When

market-wide attention is high, earnings news is quickly reflected in stock

prices and we should observe attenuated return continuation. This idea also

applies to other anomalies that are driven by investors’ limited attention

to value-relevant information, such as momentum and profitability-related

anomalies.

1.2.2 Stock Market Anomalies

Following Stambaugh and Yuan (2016), we construct 11 prominent asset

pricing anomalies, including net stock issuance (NSI), composite equity

issuance (CEI), accruals, net operating assets (NOA), asset growth (AG),

investment-to-assets (I/A), failure probability (FP), O-score, momentum,

gross profitability (GP), and return-on-assets (ROA). For each anomaly,

firms are sorted into deciles at the end of month m − 1. Equal weighted

daily portfolio returns in the next month m are calculated within each

decile. We also construct a long-short portfolio with decile 10 being the

long leg and decile 1 being the short leg for momentum, GP and ROA. The

long-short portfolios are constructed in a reverse manner for the rest of the
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anomalies. The detailed construction method for these 11 anomalies, as

well as the following mispricing factors introduced below, can be found in

the appendix.

We construct the two mispricing factors3 of Stambaugh and Yuan (2016),

MGMT and PERF. Specifically, firms are assigned ranking scores from 1 to

100 based on each of the aforementioned 11 anomalies. The ranking scores

are assigned in an opposite direction for momentum, GP and ROA. To

construct the MGMT factor, firms are sorted into deciles for each month

m− 1 based on the average ranking scores of the first six anomalies . The

equal weighted daily portfolio returns in the next month m are then cal-

culated, with the two extreme deciles as the short and long leg of MGMT.

Similarly, we construct the long-short portfolio returns of the PERF factor

based on the other five anomalies.

We also construct the two mispricing factors proposed by Daniel et al.

(2017), PEAD and FIN, which represent short-run and long-run mispricing.

For the PEAD factor, stocks are sorted into deciles and the long-short port-

folio is formed based on the four-day cumulative abnormal return (t-2, t+1)

around the latest quarterly earnings announcement date. A combination of

net stock issuance and composite equity issuance is used to construct the

FIN factor. Following Daniel et al. (2017), a firm is assigned to the high

(low) CEI rankings group if its CEI value is above (below) 80% (20%) of

NYSE firms. A firm is assigned into the high (low) NSI rankings group if

its NSI value is above (below) 70% (50%) of NYSE issuing (repurchasing)

firms. A firm is then assigned to the long (short) leg of FIN if it belongs to

the high (low) group based on both CEI and NSI rankings, or if it belongs

to the high (low) group based on one of the rankings while has missing

3We do not use the original definition of mispricing factors, which are averages of
portfolio returns for both small and large firms. To be consistent with the individual
anomalies, the mispricing factors here refer to long-short portfolio returns. This method
also applies to PEAD and FIN factors, which will be introduced later.
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value for the another ranking.

To match with the lagged one-month sentiment index, most of the

anomalies are from August 1965 to October 2015 with four exceptions.

Composite equity issuance starts from June 1966, Failure Probability starts

from November 1974, Return on assets is from February 1974, and PEAD

is from November 1971.

Panel A of Table 1.2 displays the daily returns of the 11 individual

anomalies and four mispricing factors. The first six columns report the

mean excess returns (returns in excess of the daily Treasury bill rate) of

the long-leg and short-leg portfolios, as well as the long-short spread port-

folio. All the long-short portfolios generate significant excess returns. The

average daily excess returns range from 2.46 basis points (bps) for accruals

to 9.52 bps for momentum. The last six columns report the αi estimated

from the regression below, which represents benchmark-adjusted returns.

Ri,t = αi + βM,iMktRFt + εi,t

where Ri,t is the long-short portfolio return for anomaly i on day t, and

MktRFt is the excess return on the market factor on day t4. The α is

significantly positive for all 15 anomalies.

Lo and MacKinlay (1990) point out the data snooping issue, namely

that tests of asset pricing models may yield misleading inferences when

properties of the data are used to conduct statistic tests. Harvey et al.

(2016) emphasize a similar point most recently and claim p-hacking in many

empirical research findings. To avoid data mining concerns, we construct

4We use CAPM rather than the Fama-French 3 factor model for risk adjustment be-
cause size and value factors may also be exposed to the two mispricing forces considered
in this paper.
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multiple momentum portfolios as a robustness check.

Following Jegadeesh and Titman (1993), the strategies adopted in our

paper are made according to their returns during the last 1,2,3 or 4 quarters.

Meanwhile, different holding periods are also considered, which range from

1 month to 6 months. Therefore, we have 12 momentum strategies in

total. A month is always skipped between the holding period and portfolio

formation period.

Panel B of Table 1.2 reports the daily portfolio returns of alternative

momentum strategies. All the long-short portfolios generate positive re-

turns and alphas. The minimum benchmark-adjusted return spread is 5.59

bps per day, or an equivalent monthly alpha of 1.23%, with a t-value of

8.53, which is much higher than the threshold value of 3 based on Harvey

et al. (2016).

1.2.3 Valuation Uncertainty Proxies

Aggregate sentiment, as argued by Baker and Wurgler (2006), should drive

systematic mispricing through the differential levels of valuation uncer-

tainty across firms. We adopt most of the information uncertainty proxies

used in Zhang (2006) to construct our new uncertainty proxy. Specifi-

cally, the first variable is firm size (MV), measured as price multiplied by

the shares outstanding from CRSP at the portfolio formation date. Firm

age (AGE), as a second proxy, is measured as the number of years since

the firm’s first appearance on CRSP. The third proxy is analyst coverage

(COV), measured as the number of analysts who have made at least one

one-year forward forecast in the previous fiscal year from the IBES un-

adjusted forecast data file. The fourth and fifth proxies are dispersion in

analyst earnings forecasts, based on the one-year forward forecast and long-
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term growth forecast. One-year forward forecast dispersion (DISP 1Y) is

measured as the standard deviation of one-year forward forecasts scaled

by the absolute value of the mean of the forecasts in the month of port-

folio formation. Long-term growth forecast dispersion (DISP LTG) is the

standard deviation of long-term growth forecast in the month of portfolio

formation. The forecast dispersion measure is from the IBES unadjusted

summary data file. The sixth proxy is stock volatility (SIGMA), measured

as the standard deviation of weekly market excess returns (from Thurs-

day to Wednesday) over the year ending on the portfolio formation date.

The last proxy is cash flow volatility (CVOL), measured as the standard

deviation of the operating cash flow in the past 5 years (with a minimum

of 3 years). Operating cash flow is measured as the earnings before ex-

traordinary items (IB) minus total accruals, scaled by average total assets

(AT). The total accruals here are equal to the changes in current assets

(ACT) minus changes in cash (CHE), changes in current liabilities (LCT)

and depreciation expense (DP), plus changes in short-term debt (DLC).

Though these seven proxies measure information uncertainty to some

extent, there is also idiosyncratic noise contained in each of these measures.

To reduce noise, we extract the common part of valuation uncertainty from

these measures. We sort firms into 100 bins based on each individual

valuation uncertainty proxy. The rank of the firm corresponds with its

associated level of uncertainty, thus the higher the rank, the higher the

uncertainty. For example, a firm is ranked as 100 if it has the smallest size,

shortest age, lowest analyst coverage, highest forecast dispersion, highest

stock volatility or highest cash flow volatility according to each proxy. We

then take the average of the ranking scores across all seven measures with

at least three proxies available. We use the average ranking score as our

uncertainty measure.

15



Table 3.1 reports the descriptive statistics for all the seven proxies,

as well as the average ranking score (AVERANK). Four proxies, includ-

ing DISP 1Y, DISP LTG, SIGMA and CVOL, are winsorized at 0.5% and

99.5%. The sample period is from 1983 to 2015. The starting time is con-

strained by the I/B/E/S Dataset. The market value ranges from $600,000

to $751 billion. The ages of firms range from 1 to 90 years, half of which

are below 12 years. The standard deviation of the one-year forward analyst

forecasts with highest DISP 1Y is 4 times of the forecasts consensus. The

overall uncertainty proxy AVERANK ranges from 0 to 100, which is con-

sistent its nature of average ranking score , but not uniformly distributed

in the interval. There are more firms clustering around the median rather

than in the two tails.

1.3 Empirical Tests

1.3.1 Investor Sentiment and Anomaly Returns

We conduct predictive regressions to investigate whether the level of the

BW sentiment index predicts returns of individual anomalies and four mis-

pricing factors. We first sort all the months in our sample into 10 bins

based on the Baker-Wurgler sentiment index. We then run a predictive

regression as follows:

Ri,t = αi + βSSentimentm−1(+βM,iMKTRFt) + εi,t

Table 1.3 reports the results of regressing daily returns of the anomaly

portfolio on the lagged sentiment index. The first six columns report the

effect of sentiment on the excess returns and the last six columns report
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the effect of sentiment on benchmark-adjusted returns. Consistent with

Stambaugh et al. (2012), sentiment significantly amplifies the returns of

the long-short portfolio for 9 out of 11 individual anomalies and 3 out of

4 mispricing factors (according to excess return results with significance at

the 10% level). For example, MGMT is 9.45 bps higher following months

with the highest decile of investor sentiment compared to the periods of

lowest sentiment. Given that the average daily excess return of MGMT

portfolio is 5.85 bps, the economic effect of sentiment is substantial. Also

consistent with Stambaugh et al. (2012), the effects of sentiment are asym-

metric for the long and short leg, with the coefficient of sentiment being

much larger and more significant for the short leg than the long leg of

portfolios.

Nevertheless, sentiment does not seem to provide adequate explanation

for momentum, gross profitability and post-earnings announcement drift

with t-statistics of 1.05, 0.94 and 1.38, respectively. The reason why senti-

ment does not predict momentum and PEAD spread return is due to the

similarly negative loadings on sentiment for both the long and short leg.

For example, the coefficient on sentiment is -0.61 (t-stat=-1.17) and -0.84

(t-stat=-1.50) for the long and short-leg of the PEAD portfolio. This is

consistent with Panel A of Figure 4, which shows that the long and short

legs of PEAD are equally hard to value. This motivates us to explore other

behavioral forces that drive the anomalies.

1.3.2 Valuation Uncertainty across Anomalies

Before moving to the next behavioral force, we would like to further in-

vestigate the channel through which market-wide sentiment affects cross-

sectional anomaly returns. As argued by Baker and Wurgler (2006), irra-
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tional sentiment should exert a stronger effect on prices of stocks that are

hard to value, or more “speculative”in nature. When market-wide senti-

ment is high, those “hard-to-value” stocks are subject to greater investor

disagreement and thus their values more likely to be pushed up by opti-

mistic investors, while stocks that are easy to value should not be affected.

When stocks in the short leg of an anomaly are more difficult to value than

the ones in the long leg, market-wide sentiment could drive cross-sectional

anomaly returns.

We use the composite valuation uncertainty metric AVERANK con-

structed in Section 2 to gauge the difficulty of valuing a stock. Table 1.4

reports how such “hard-to-value” stocks are distributed in 10 portfolios

of two typical anomalies, CEI and PEAD. In panel A, the sample is split

into 100 groups by sorting on AVERANK and CEI independently in each

month. The average number of firms in each group is calculated across

months, and is reported in the first ten columns. There are on average

11.41 firms in AVERANK decile 1 from the short leg of CEI. This number

increases to 52.41 in the highest decile of AVERANK. Around 67% of the

firms in the short leg of CEI have an AVERANK that is above the me-

dian . Firms with high AVERANK are more “speculative”, and are thus

more likely to be affected by sentiment. On the other hand, the average

number of firms from the long leg of CEI drops from 51.46 in AVERANK

decile 1 to 16.72 in AVERANK decile 10. Most of the firms in the long leg

belong to the low AVERANK group, and are less likely to be affected by

sentiment. The last column reports the difference of average firm numbers

between the short and long leg of CEI in each decile of AVERANK. For the

least speculative group of stocks, there are 40 more firms from the long leg

than the short leg. For the most speculative group of stocks, there are 36

more firms from the short leg than the long leg. Overall, the results show

that firms in the short leg of CEI are much harder to value than firms in
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the long leg. As a result, sentiment affects the short and long legs of CEI

differently, and at least partially drives its time series variation.

Anomalies related to momentum and PEAD exhibit a different rela-

tionship with AVERANK. In Panel B of Table 1.4, we report the average

number of firms obtained through sorting on AVERANK and the cumula-

tive abnormal return around the latest quarterly earnings announcement

used to construct the portfolios of PEAD. In both the short and long legs

of PEAD, there are more than two thirds of firms with an AVERANK

above the sample median. The difference in number of firms from the same

AVERANK decile between the short and long legs of PEAD is quite small,

ranging from -1 to 3. All these pieces of evidence indicate that firms in the

two extreme deciles of PEAD are equally “speculative”. This could explain

why sentiment does not affect the long-short portfolio of PEAD.

Figure 1.2 to 1.4 report the equal-weighted average AVERANK of decile

portfolios for each anomaly. CEI anomaly, as a typical example of anoma-

lies with more speculative firms concentrating in the short leg, is reported

in Panel C of Figure 1.2. The average AVERANK increases monotonically

from the long leg to the short leg. This increasing pattern is also observed

in other anomalies including MGMT and NSI in Figure 1.2, PERF and

FP in Figure 1.3, and FIN in Figure 1.4. Consistently, these anomalies are

strongly correlated with market-wide sentiment in Table 1.3 as discussed

before.

Panel A of Figure 1.4 plots the equal-weighted average of AVERANK for

decile portfolios of PEAD. Consistent with the evidence from Table 1.4, the

average AVERANK is almost identical for the short and long legs of PEAD.

A similar U-shape pattern is also found for the Momentum strategy as

shown in Figure 1.3. For these anomalies with almost equally “speculative”
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short and long leg stocks, the effect of sentiment on the long-short portfolios

is more ambiguous as shown in Table 1.3.

The rest of the anomalies mainly exhibit a mixture of these two patterns,

namely, a skewed U-shape with moderately lower AVERANK in the long

leg than the short leg. Among them, NOA, AG, I/A (in Figure 1.2) and

ROA (in Figure 1.3) are significantly affected by aggregate sentiment.

1.3.3 Market-wide Attention and Anomaly Returns

The results in the previous section show that sentiment alone is not suffi-

cient to explain all anomalies. In particular, we argue that for anomalies

that are equally speculative in the long and short legs, we should not expect

to find significant effect of sentiment. This is because when the long and

short leg of anomalies are equally hard to value, excessive investor optimism

tends to push up the prices and lower the future returns of both portfolios

at the same time and to a similar degree. For these anomalies, the limited

attention could be the alternative channel amplifying the anomaly returns.

To investigate the effect of market-wide attention on anomaly returns, we

first sort every trading day in our sample period into 10 bins based on the

attention measure. We then conduct the following predictive regressions

daily:

Ri,t = αi + βAAttentiont−1(+βM,iMKTRFt) + εi,t

The first six columns of Table 1.5 report results of regressing excess re-

turns on the lagged attention index alone. The last six columns report re-

sults of regressing excess returns on the lagged attention index as well as the

contemporaneous excess returns on the market factor. The latter regression
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thus investigates the ability of aggregate attention to predict benchmark-

adjusted returns. The sample period spans from January 1, 1996 to October

31, 2015, and all t-statistics are based on the heteroskedasticity-consistent

standard errors of Newey and West (1987).

The results are broadly consistent with our hypothesis. Panel A reports

the results of 11 individual anomalies along with the four mispricing factors

(the MGMT and PERF factors proposed by Stambaugh and Yuan (2016)

and the FIN and PEAD factors proposed by Daniel et al. (2017)). Accord-

ing to benchmark adjusted results, market-wide attention has a significant

attenuation effect on the long-short returns of 6 out of 11 anomalies and

3 out of 4 mispricing factors in the univariate regression. In particular, it

well explains the anomalies that are highly speculative in both the long

and short leg, including net operating assets, asset growth, investment-to-

assets, momentum and post-earnings announcement drift. For example,

the coefficients on attention index are -1.94 (t-stat=-2.67) and -1.16 (t-

stat=4.45) for momentum and PEAD, respectively. The effect is much

stronger than that of sentiment, which attracts an insignificant coefficient

of 0.39 and 0.23 for momentum and PEAD, respectively.

Regarding the economic effect, the daily momentum and PEAD profits

are about 17.5 and 10.4 bps lower following days with highest market-

wide attention compared to the periods of lowest attention. Given that

the unconditional daily momentum and PEAD profit is 9.5 and 6.1 bps,

the economic effect of limited attention is substantial. Panel B of Table

1.5 reports the results for alternative momentum strategies. All but one

alternative momentum long-short portfolios are strongly predicted by the

lagged attention index. The effects of attention are also robust with respect

to the benchmark-adjusted returns.
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In the meantime, the effect of attention seems to concentrate on the

short leg of anomalies, which is more mispriced to begin with. Looking at

benchmark-adjusted returns, attention has significant effect on the short-

leg of 9 individual anomalies and all 4 mispricing factors (significance at

the 10% level). This could potentially be driven by the slower diffusion of

bad news as suggested by Hong et al. (2000) or greater frictions in shorting

overvalued stocks.

1.4 Robustness Checks

In this section, we consider alternative channels that could potentially drive

our empirical results. We first study the time trend effect and then con-

sider the confounding effect of investor sentiment and other macroeconomic

factors.

1.4.1 Time Trend

Recently, a number of papers have documented a gradual decline in the

anomaly profits over time, including Pontiff and McLean (2013), Green

et al. (2011) and Chordia et al. (2014). On the other hand, more media

news is produced and disseminated everyday due to the growth of the media

sector and advancement of information technology. It is thus plausible that

an increasing trend of news frequency and a decreasing trend of anomaly

returns could mechanically drive the negative relationship between anomaly

returns and our attention index. To rule out this alternative explanation,

we control time trend in the following predictive regression model:

Ri,t = αi + βAAttentiont−1 + βTMonthm + εi,t

22



where Month stands for a monthly time trend variable. Table 1.6 shows

that the effect of market-wide attention is not fully explained by time

trend. The coefficient on attention index is still significant for 3 anomalies

including momentum and PEAD, and significant for 10 out of 12 alternative

momentum strategies in Panel B of Table 1.6.

1.4.2 Sentiment

Market-wide attention could be correlated with investor sentiment if the

media rationally responds to elevated market sentiment by supplying more

news about the stock market, or if journalists share the same enthusiasm or

pessimism as investors. However, we should emphasize that if our attention

measure simply captures sentiment in a better way, we should see a positive

instead of negative effect of aggregate attention on anomaly returns. To

further address this concern, we run a horse race between our attention

index and the Baker-Wurgler sentiment index as follows:

Ri,t = αi+βAAttentiont−1+βSSentimentm−1(+βM,iMKTRFt)+βTMonthm+εi,t

Table 1.7 reports the regression results. Attention continues to have an

attenuation effect on anomaly returns after controlling for sentiment. For

example, the effect of attention shows significance for 6 out of 7 anomalies

that are equally speculative in the long and short leg. On the other hand,

sentiment is also significant for most anomalies after controlling attention,

suggesting the distinct role played by the two channels in driving mispric-

ing. Interestingly, the PEAD factor loads negatively on aggregate attention

but is insensitive to sentiment shifts. In sharp contrast, the Financing fac-
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tor (FIN) is strongly predicted by sentiment but exhibits no relation with

market-wide attention. This result is consistent with the findings in Figure

1.4, which shows that the long-leg of the PEAD factor is as speculative as

the short leg. Thus, our paper provides a clear economic explanation of

why the two mispricing factors proposed by Daniel et al. (2017) differ, and

suggests that they could be driven by different mispricing mechanisms.

1.4.3 Macroeconomic Risks

In the last robustness test, we further control for a set of macroeconomic

variables used in Baker and Wurgler (2006), including growth in indus-

trial production, growth in durable, nondurable, and services consumption,

growth in employment, and a time dummy for recessions . This could help

address the concern that the effect of our attention index comes mainly

from business cycle related risks. Table 1.8 reports the results of the fol-

lowing regression:

Ri,t = αi+βAAttentiont−1+βSSentimentm−1+βM,iMKTRFt+βTMonthm+βM6Xm−1+εi,t

where X stands for the six macroeconomic variables. Overall, the addi-

tion of macroeconomic variables does not significantly affect the predictive

power of our attention measure.

1.5 Conclusion

In this paper, we examine the behavioral forces underlying various anoma-

lies and recently proposed factor models that are motivated by the anoma-

lies. We first show that investor sentiment, which is often used as a catch-all
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measure of investor irrationality, has its limitations. While sentiment well

explains many anomalies that are more speculative on the short-leg, it fails

to explain anomalies that are equally speculative on the long and short-

leg, including momentum and post-earnings announcement drift. We then

propose another behavioral force, i.e., market-wide attention shifts, that

can significantly attenuate a larger set of anomalies beyond the effect of

sentiment. Our findings suggest that increases in market-wide attention

can temporarily reduce the cost of attending to the market and improve

price efficiency.
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Table 1.1: Descriptive Statistics

This table reports the descriptive statistics for information uncertainty measures.
Sentiment is Baker and Wurgler monthly sentiment index from July 1965 to September
2015. Attention is average number of news coverage across firms. It is daily index from
January 1996 to December 2014. The rest eight variables are proxies for uncertainty in
firm-month level, with sample period from January 1983 to September 2015. Size (MV)
is measured as price times shares outstanding from CRSP. Firm age (AGE) is measured
as the number of years since the firm’s first appearance on CRSP. Analyst coverage
(COV) is measured as the number of analysts covering in the firm in the previous fiscal
year. One-year forward forecast dispersion (DISP 1Y) is measured as the standard de-
viation divided by the absolute value of mean one-year forward forecasts in the previous
month. Long-term growth forecast dispersion (DISP LTG) is measured as the standard
deviation of long-term growth forecast in the previous month. Stock volatility (SIGMA)
is measured as the standard deviation of weekly market excess returns (from Thursday
to Wednesday) in the previous year. Cash flow volatility is measured as the standard
deviation of operating cash flow in the past 5 years (with a minimum of 3 years). Oper-
ating cash flow is measured as IB−(∆ACT −∆CHE−∆LCT −DP +∆DLC))/ATave
based on variables from Compustat. AVERANK is the average ranking scores of the
seven uncertainty proxies (from 0 to 100), with a minimum of three proxies. Four
measures, including DISP 1Y, DISP LTG, SIGMA, CVOL, are winsorized at 0.5% and
99.5%. Common stocks with share prices above $5 are considered.

Variable N Mean Std. Dev. Min Q1 Median Q3 Max ρ1
Attention 6,914 3.18 1.13 1.00 2.31 3.27 3.92 8.12 0.51
Sentiment 603 140 83 1 65 157 203 298 0.86
MV 1,416,141 2,604 13,488 1 71 258 1,076 750,710
AGE 1,416,141 16 16 1 5 12 22 90
COV 1,025,320 10 9 1 3 6 13 69
DISP 1Y 778,005 13.87% 40.17% 0.00% 1.79% 3.96% 9.84% 400.00%
DISP LTG 530,727 4.12% 4.23% 0.00% 1.73% 2.93% 4.95% 31.61%
SIGMA 1,414,346 5.77% 3.02% 1.44% 3.64% 5.09% 7.12% 19.50%
CVOL 956,240 0.081 0.080 0.006 0.033 0.058 0.099 0.585
AVERANK 1,415,425 51.70 18.75 0.60 38.29 53.00 65.80 100.00
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Table 1.4: Number of firms double sorted on anomalies and valuation un-
certainty

The table reports average number of firms. The sample period is from January 1983
to October 2015. At the end of month t−1, stocks are assigned to 10 times 10 portfolios
according to an anomaly and an uncertainty proxy. The number of firms on the resulting
100 portfolios are then counted in each month. The time-series averages of monthly
firm numbers are recorded, with long (short) leg of an anomaly on the left (right), and
low (high) uncertainty in the top(bottom). The last column reports the difference of
average firm numbers between short and long legs of an anomaly within each decile of
AVERANK. The uncertainty proxy AVERANK is the average of ranking scores (from
1 to 100) of uncertainty proxies, one-year-ahead analyst forecast dispersion, long-term
growth analyst forecast dispersion, firm size, firm age, analyst coverage, stock volatility
and cash flow volatility. Panel A reports results based on anomaly of composite stock
issuance. Panel B reports results based on anomaly of PEAD (four-day cumulative
abnormal return (t-2, t+1) around the latest quarterly earnings announcement date).

Panel A: AVERANK against composite stock issuance
Long 2 3 4 5 6 7 8 9 Short Short-Long

Low 51.46 70.13 53.02 42.29 26.91 14.36 12.29 13.01 14.86 11.41 -40
2 38.10 47.00 47.08 42.10 33.52 23.31 18.66 20.29 22.65 17.49 -21
3 34.95 38.99 40.37 40.38 35.23 27.02 23.14 23.79 25.25 21.26 -14
4 32.41 32.31 34.74 36.61 35.13 30.16 27.40 28.35 27.96 25.07 -7
5 30.10 27.60 29.72 31.72 33.07 33.18 30.58 32.16 32.42 29.57 -1
6 26.63 24.73 27.20 29.34 33.11 34.58 34.09 33.15 33.93 33.82 7
7 27.44 22.18 25.09 27.53 29.46 35.07 36.42 35.85 34.73 36.48 9
8 27.22 19.61 21.87 23.68 29.71 36.47 38.58 37.71 35.72 39.59 12
9 24.65 16.78 18.36 21.38 27.85 37.02 43.02 40.59 37.81 42.71 18
High 16.72 10.92 12.86 15.15 26.13 39.28 46.10 45.32 44.99 52.41 36

Panel B: AVERANK against PEAD
Long 2 3 4 5 6 7 8 9 Short Short-Long

Low 6.39 23.12 35.82 43.46 47.60 47.28 44.22 36.49 24.99 9.47 3
2 13.82 30.12 36.78 38.71 39.66 40.01 38.79 35.96 29.82 15.62 2
3 20.12 33.60 36.21 35.77 35.24 35.73 35.68 34.71 31.52 20.93 1
4 26.01 34.29 34.61 33.48 34.15 32.92 32.89 33.41 32.09 25.37 -1
5 31.30 33.98 32.81 32.41 30.96 30.92 31.11 32.08 32.68 30.83 0
6 35.63 32.93 31.55 31.11 29.43 29.71 30.54 31.00 32.86 34.86 -1
7 39.05 33.38 30.39 29.17 28.92 28.73 28.76 30.15 33.01 37.81 -1
8 42.75 32.91 28.93 27.64 26.89 27.54 28.24 29.78 33.36 41.42 -1
9 47.37 32.37 27.79 25.24 25.06 24.74 25.97 29.18 34.58 46.87 -1
High 56.48 32.73 24.43 22.40 21.60 21.64 23.11 26.66 34.40 55.61 -1
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Figure 1.1: Market-wide attention and investor sentiment

This figure plots the monthly investor attention proxy with Baker and Wurgler (2006)
investor sentiment index, both of which are standardized to have mean of 0 and standard
deviation of 1. Investor attention is constructed using average number of news coverage
across firms. We first count the number of news articles of each firm each day and then
calculate the average number of news coverage across firms, namely

Attentiont =

∑K
k=1 # of newsk

K
,

where K stands for total number of firms covered by media news. Monthly investor
attention hence can be calculated as average of daily investor attention. News data is
from Thomson Reuters News Analytics service for the period 1996 to 2014. The red
line stands for investor attention and blue line stands for Baker and Wurgler (2006)
sentiment index. The shaded periods correspond to NBER-dated recessions.

Correlation: −0.17
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Figure 1.2: AVERANK and MGMT cluster anomalies

The graphs report equal weighted AVERANK in each decile of MGMT cluster anoma-

lies. The sample period is from January 1983 to October 2015. MGMT is constructed

based on average ranking scores of six anomalies, net stock issuance, composite equity

issuance, accruals, net operating assets, aggregate growth and investment to assets. AV-

ERANK is constructed based on average ranking scores of seven uncertainty proxies,

firm size, age, analyst coverage, short-term and long-term analyst forecast dispersion,

stock volatility and cash flow volatility. Given a month m, equal weighted average of

AVERANK in m − 1 is calculated for in each decile of a given anomaly. Such results

are standardized to have zero mean and one standard deviation across all months and

all deciles for each anomaly. The average of standardized equal weighted AVERANK

across all month are reported in the graphs.
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(b) Net stock issuance
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(c) Composite equity is-
suance
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(d) Accruals
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(e) Net operating assets
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(f) Asset growth
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Figure 1.3: AVERANK and PERF cluster anomalies

The graphs report equal weighted AVERANK in each decile of MGMT cluster anoma-

lies. The sample period is from January 1983 to October 2015. PERF is constructed

based on average ranking scores of five anomalies, distress, o-score, momentum, gross

profitability and return on assets. AVERANK is constructed based on average rank-

ing scores of seven uncertainty proxies, firm size, age, analyst coverage, short-term and

long-term analyst forecast dispersion, stock volatility and cash flow volatility. Given

a month m, equal weighted average of AVERANK in m − 1 is calculated for in each

decile of a given anomaly. Such results are standardized to have zero mean and one

standard deviation across all months and all deciles for each anomaly. The average of

standardized equal weighted AVERANK across all month are reported in the graphs.
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(b) Failure Probability
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(c) O-score
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(d) Momentum
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(e) Gross profitability
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Figure 1.4: AVERANK of PEAD and FIN

The graphs report equal weighted AVERANK in each decile of PEAD and FIN. The

sample period is from January 1983 to October 2015. The portfolios of PEAD are

formed based on the four-day cumulative abnormal return (t−2, t+1) around the latest

quarterly earnings announcement date. The portfolios of FIN are constructed based on

the combination of net stock issuance and composite stock issuance. A firm is assigned

to long (short) leg of FIN if both the two anomalies belong to high (low) rank group.

AVERANK is constructed based on average ranking scores of seven uncertainty proxies,

firm size, age, analyst coverage, short-term and long-term analyst forecast dispersion,

stock volatility and cash flow volatility. Given a month m, equal weighted average of

AVERANK in m − 1 is calculated for in each decile of a given anomaly. Such results

are standardized to have zero mean and one standard deviation across all months and

all deciles for each anomaly. The average of standardized equal weighted AVERANK

across all month are reported in the graphs.
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Appendix: Anomalies Construction

In this appendix, we detail the construction of anomalies used in the paper.

The anomaly measures are computed at the end of each month. Stock

returns, prices and number of outstanding shares are from the Center for

Research in Securities Prices (CRSP), And accounting information is from

the Compustat Annual and Quarterly Fundamental Files. The sample

includes all common stocks (share codes 10 and 11) with prices larger than

$5 from 1983 through 2016. The values computed at the end of month t−1

for each anomaly are constructed as follows:

Net Stock Issuance: The stock issuing market has long been viewed

as producing an anomaly arising from sentiment-driven mispricing:

smart managers issue shares when sentiment driven traders push

prices to overvalued levels. Ritter (1991) and Loughran and Rit-

ter (1995) show that, in post-issue years, equity issuers underperform

matching nonissuers with similar characteristics. Motivated by this

evidence, Fama and French (2008) show that net stock issuance and

subsequent returns are negatively correlated. Following Fama and

French (2008), we measure net issuance as the annual log change in

split-adjusted shares outstanding. Split-adjusted shares equal shares

outstanding (Compustat annual item CSHO) times the adjustment

factor (Compustat annual item ADJEX C). The most recent report-

ing year used is the one that ends (according to item DATADATE)

at least four months before the end of month t− 1.

Composite Equity Issuance: Daniel and Titman (2006) find that is-

suers underperform nonissuers using a measure they denote as com-

posite equity issuance, defined as the growth in the firm’s total mar-

ket value of equity minus (i.e., not attributable to) the stock’s rate
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of return. We compute this measure by subtracting the 12-month

cumulative stock return from the 12-month growth in equity market

capitalization. We lag the quantity four months, to make its timing

more coincident with the above measure of net stock issuance.

Accruals: Sloan (1996) shows that firms with high accruals earn abnor-

mally lower average returns than firms with low accruals, and he

suggests that investors overestimate the persistence of the accrual

component of earnings when forming earnings expectations. Follow-

ing Sloan (1996), we measure total accruals as the annual change

in noncash working capital minus depreciation and amortization ex-

pense (Compustat annual item DP), divided by average total assets

(item AT) for the previous two fiscal years. Noncash working cap-

ital is computed as the change in current assets (item ACT) minus

the change in cash and short-term investment (item CHE), minus

the change in current liabilities (item DLC), plus the change in debt

included in current liabilities (item LCT), plus the change in income

taxes payable (item TXP). The most recent reporting year used is the

one that ends (according to item DATADATE) at least four months

before the end of month t− 1.

Net Operating Assets: Hirshleifer et al. (2004) find that net operat-

ing assets, defined as the difference on the balance sheet between

all operating assets and all operating liabilities, scaled by total as-

sets, is a strong negative predictor of long-run stock returns. The

authors suggest that investors with limited attention tend to focus

on accounting profitability, neglecting information about cash prof-

itability, in which case net operating assets (equivalently measured

as the cumulative difference between operating income and free cash

flow) captures such a bias. Following Equations (4), (5), and (6)

of that study, we measure net operation assets as operating assets
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minus operating liabilities, divided by lagged total assets (Compus-

tat annual item AT). Operating assets equal total assets (item AT)

minus cash and short-term investment (item CHE). Operating liabil-

ities equal total assets minus debt included in current liabilities (item

DLC), minus long-term debt (item DLTT), minus common equity

(item CEQ), minus minority interests (item MIB), minus preferred

stocks (item PSTK). (The last two items are zero if missing.) The

most recent reporting year used is the one that ends (according to

item DATADATE) at least four months before the end of month t−1.

Asset Growth: Cooper et al. (2008) find that companies that grow their

total assets more earn lower subsequent returns. They suggest that

this phenomenon is due to investors’ initial overreaction to changes in

future business prospects implied by asset expansions.Asset growth

is measured as the growth rate of total assets in the previous fiscal

year. Following that study, we measure asset growth as the most

recent year-over-year annual growth rate of total assets (Compustat

annual item AT). The most recent reporting year used is the one that

ends (according to item DATADATE) at least four months before the

end of month t− 1.

Investment to Assets: Titman et al. (2004) and Xing (2007) show that

higher past investment predicts abnormally lower future returns. Tit-

man et al. (2004) attribute this anomaly to investors’ initial under-

reaction to overinvestment caused by managers’ empire-building be-

havior. Here, investment to assets is measured as the annual change

in gross property, plant, and equipment, plus the annual change in in-

ventories, scaled by lagged book value of assets. Following the above

studies, we compute investment-to-assets as the changes in gross

property, plant, and equipment (Compustat annual item PPEGT)

plus changes in inventory (item INVT), divided by lagged total as-

50



sets (item AT). The most recent reporting year used is the one that

ends (according to item DATADATE) at least four months before the

end of month t− 1.

MGMT: Stambaugh and Yuan (2016) find that the six anomalies de-

scribed above can be controlled by firm management directly. They

use the average score ranking of these six anomalies to capture for the

commonality in mispricing. Stocks are ranked from 0 to 100 based on

each anomaly. Mispricing measure MGMT, ranging between 0 and

100, is the arithmetic average of the six ranking scores. The stocks

with the highest values of MGMT are the most ”overpriced”, and

those with the lowest values are the most ”underpriced”. When con-

structing MGMT at the end of month t − 1, a stock is required to

have non-missing values at the end of that month for at least three

anomalies. Also, in order for an anomaly to be included in MGMT

at the end of month t− 1, there should be at least 30 stocks to have

non-missing values for that anomaly.

Failure Probability: Financial distress is often invoked to explain oth-

erwise anomalous patterns in the cross-section of stock returns. How-

ever, Campbell et al. (2008) find that firms with high failure proba-

bility have lower rather than higher subsequent returns. The authors

suggest that their finding is a challenge to standard models of rational

asset pricing. Failure probability is estimated with a dynamic logit

model that uses several equity market variables, such as stock price,

book-to-market, stock volatility, size relative to the S&P 500, and

cumulative excess return relative to the S&P 500. Specifically, using

the above study’s equations (2) and (3) along with its Table IV (12-

month column), we compute the distress anomaly measure–failure
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probability–as

π =− 20.26NIMTAAV G+ 1.42TLMTA− 7.13EXRETAV G+ 1.41SIGMA

− 0.045RSIZE − 2.13CASHMTA+ 0.075MB − 0.058PRICE − 9.16,

where

NIMTAAV Gt,t−11 =
1− φ3

1− φ12
(NIMTAt,t−1+· · ·+φ9NIMTAt−9,t−11)

EXRETAV Gt,t−11 =
1− φ

1− φ12
(EXRETt + · · ·+ φ11EXRETt−11

and φ = 2−1/3. NIMTAis net income (Compustat quarterly item

NIQ) divided by firm scale, where the latter is computed as the

sum of total liabilities (item LTQ) and market equity capitalization

(data from CRSP). EXRETs is the stock’s monthly log return in

month s minus the log return on the S&P500 index. Missing values

for NIMTA and EXRET are replaced by those quantities’ cross-

sectional means. TLMTA equals total liabilities divided by firm

scale. SIGMA is the stock’s daily standard deviation for the most

recent three months, expressed on an annualized basis. At least five

non-zero daily returns are required. RSIZE is the log of the ratio

of the stock’s market capitalization to that of the S&P500 index.

CASHMTA equals cash and short-term investment (item CHEQ)

divided by firm scale. MB is the market-to-book ratio. Following

Campbell et al. (2008), we increase book equity by 10% of the differ-

ence between market equity and book equity. If the resulting value of

book equity is negative, then book equity is set to $1. PRICE is the

log of the share price, truncated above at $15. All explanatory vari-

ables except PRICE are winsorized above and below at the 5% level

in the cross section. CRSP based variables, EXRETAV G, SIGMA,
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RSIZE and PRICE are for month t−1. NIQ is for the most recent

quarter for which the reporting date provided by Compustat (item

RDQ) precedes the end of month t− 1, whereas the items requiring

information from the balance sheet (LTQ, CHEQ and MB) are for

the prior quarter.

O-score: This distress measure, from Ohlson (1980), predicts returns

in a manner similar to the measure above. It is the probability of

bankruptcy estimated in a static model using accounting variables.

Following Ohlson (1980), we construct it as:

O = −0.407SIZE + 6.03TLTA− 1.43WCTA+ 0.076CLCA− 1.72OENEG

= −2.37NITA− 1.83FUTL+ 0.285INTWO − 0.521CHIN − 1.32,

where SIZE is the log of total assets (Compustat annual item AT),

TLTA is the book value of debt (item DLC plus item DLTT) divided

by total assets, WCTA is working capital (item ACT minus item

LCT) divided by total assets, CLCA is current liabilities (item LCT)

divided by current assets (item ACT), ONEEG is 1 if total liabilities

(item LT) exceed total assets and is zero otherwise, NITA is net

income (item NI) divided by total assets, FUTL is funds provided

by operations (item PI) divided by total liabilities, INTWO is equal

to 1 if net income (item NI) is negative for the last 2 years and zero

otherwise, CHIN is (NIj −NIj−1)/(|NIj|+ |NIj−1|), in which NIj

is the income (item NI) for year j, which is the most recent reporting

year that ends (according to item DATADATE) at least four months

before the end of month t− 1.

Momentum: The momentum effect, discovered by Jegadeesh and Tit-

man (1993), is one of the most robust anomalies in asset pricing. It

refers to the phenomenon whereby high (low) past recent recent re-
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turns forecast high (low) future returns. The momentum ranking at

the end of month t−1 uses the cumulative returns from month t−12

to month t−2. This is the choice of ranking variable used by Carhart

(1997) to construct the widely used momentum factor.

Gross Profitability Premium: Novy-Marx (2013) shows that sorting

on the ratio of gross profit to assets creates abnormal benchmark-

adjusted returns, with more profitable firms having higher returns

than less profitable ones. He argues that gross profit is the clean-

est accounting measure of true economic profitability. The farther

down the income statement one goes, the more polluted profitability

measures become, and the less related they are to true economic prof-

itability. Following that study, we measure gross profitability as total

revenue (Compustat annual item REVT) minus the cost of goods sold

(item COGS), divided by current total assets (item AT). The most

recent reporting year used is the one that ends (according to item

DATADATE) at least four months before the end of month t− 1.

Return on Assets: Fama and French (2006) find that more profitable

firms have higher expected returns than less profitable firms. Chen

et al. (2011) show that firms with higher past return on assets earn

abnormally higher subsequent returns. Return on assets is measured

as the ratio of quarterly earnings to last quarter’s assets. Wang and

Yu (2013) find that the anomaly exists primarily among firms with

high arbitrage costs and high information uncertainty, suggesting that

mispricing is a culprit. Following Chen et al. (2011), we compute

return on assets as income before extraordinary items (Compustat

quarterly item IBQ) divided by the previous quarter’s total assets

(item ATQ). Income is for the most recent quarter for which the

reporting date provided by Compustat (item RDQ) precedes the end

of month t− 1, and assets are for the prior quarter.

54



PERF: Stambaugh and Yuan (2016) find that the five anomalies de-

scribed above are more related to the firm performance. They use

the average score ranking of these five anomalies to capture for the

commonality in mispricing. Stocks are ranked from 0 to 100 based

on each anomaly. Mispricing measure PERF, ranging between 0 and

100, is the arithmetic average of the six ranking scores. The stocks

with the highest values of PERF are the most ”overpriced”, and those

with the lowest values are the most ”underpriced”. When construct-

ing PERF at the end of month t− 1, a stock is required to have non-

missing values at the end of that month for at least three anomalies.

Also, in order for an anomaly to be included in PERF at the end of

month t − 1, there should be at least 30 stocks to have non-missing

values for that anomaly.

FIN: Daniel et al. (2017) sort firms into one of the three financing groups

(low ”L”, middle ”M”, or high ”H”) based on the net stock issuance

(NSI) and composite equity issuance (CEI) as in the first cluster of

Stambaugh and Yuan (2016) anomalies. Firms are first sorted into

three CEI groups (low, middle, or high) using 20% and 80% break-

points for NYSE firms. Firms are also classified into repurchasing

firms (with negative NSI) and issuing firms (with positive NSI). Re-

purchasing firms are sorted into two groups based on NYSE median

breakpoints, and issueing firms are sorted into three groups using

NYSE 30% and 70% breakpoints. Firms in the bottom groups of re-

purchasing firms are assigned to the low NSI group, firms in the top

groups of issuing firms are assigned to the high NSI group, and all the

other firms are assigned to the middle group. FIN is an index based

on NSI and CEI rankings. A firm is assigned to low FIN group if it

belongs to low NSI and CEI group if available. A firm is assigned to

high FIN group if it belongs to high NSI and CECI group if available.
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All the rest firms are assigned to middle FIN group.

Post earnings announcement drift(PEAD): Following Chan et al.

(1996), earnings surprise is calculated as the four-day cumulative ab-

normal returns (t-2, t+1) around the latest quarterly earnings an-

nouncement date (Compustat quarterly item RDQ):

CARi =
d=1∑
d=−2

Ri,d −Rm,d,

where Ri,d is stock i’s return on day d and Rm,d is the market return

on day d relative to the earnings announcement date. PEAD with the

latest quarterly earnings announcement date (Compustat quarterly

item RDQ) prior to month t − 1 is used. Observations with more

than 6 months from the fiscal quarter end are excluded to avoid stale

earnings. Earnings announcement date is required to be after the

corresponding fiscal quarter end to exclude recording errors.

Momentum strategies (F3/6/9/11 H1/3/6): A strategy for the se-

lection of the stocks based on the returns over the last f(3/6/9/11)

months and were held for h(1/3/6) months (we will refer to this as

a F-month/H-month strategy) is established in below: During the

initial age of each month t, a rank of the securities was made ac-

cording to the ascending order based on their returns during last f

months. According to these rankings, there are ten decile portfolios

being formulated, in which the stocks are equally weighted. The top

decile portfolio is called the ”losers” decile and the bottom decile is

called the ”winners” decile. During each month t, the strategy would

purchase the winner portfolio while sell the loser portfolio. The posi-

tion would be held for h months. Additionally, the position initiated

in month t− h is closed out by the strategy. Therefore, due to such

trading strategy, the weights were revised on 1
h

of the securities in the
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entire portfolio in any given h month and carry over the rest from the

previous month. The profits of the above strategies were calculated

for both a series of buy and hold portfolios and a series of portfolios

that were rebalanced daily to maintain equal weights.
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Chapter 2

Factor Style

Xinrui Duan and Ran Zhang

ABSTRACT

We use systematic methods to solve factor timing problem and to improve

the performance of factor investing. Past factor returns predict the cross

section of factor returns, and this predictability is at its strongest at the

one-month horizon (Arnott et al. 2019). We find that factor momentum is

pervasive in international stock markets. We show that factor momentum

can be captured by trading almost any set of factors. We further find

that stock factor momentum, stock factor IVOL, and cross-assets factor

momentum can generate alphas. These alphas cannot be explained by

current asset pricing models.

JEL classification: G11, G14, G15
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2.1 Introduction

Investors are bombarded by a variety of investment strategies from a grow-

ing and increasingly complex financial industry, each claiming to improve

returns and reduce risks. Amid the clamour, academic research has sifted

through the vast landscape and found many factor investment strategies

that, when applied effectively, have delivered positive long-term returns

with low correlation to each other and traditional markets. However,

Individual factors can experience periods of disappointing performance.

McLean and Pontiff (2016) found that most factors’ abnormal returns dis-

appear or decrease after publications. Financial literature has found perfor-

mance of factors diversification is better than the performance of individual

factor (Asness et al., 2013).

However, a more rational approach to ‘timing’ these factors is rarely

studied before. Deciding whether to tactically monitor and adjust expo-

sures to different factors and, if so, how to go about it, is often raised as a

major difficulty (Asness, 2016; Dimson et al., 2017). In this paper, we pro-

pose systematic methods to factors’ timing and to improve the performance

of factor investing.

Past factor returns predict the cross section of factor returns, and this

predictability is at its strongest at the one-month horizon (Arnott et al.

2019). We first confirm this result by considering a strategy that rotates 50

factors based on their prior one-month returns and long three best factors

and short three worst factors. The strategy earns an average return of

1.89% per month with a t-value of 4.13. Such factor momentum is at its

strongest with one-month formation and holding periods.

We also construct random sets of factors that differ in size. The prof-
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itability of a strategy that trades factor momentum using a random set of,

say, ten factors is nearly the same as that of the full set. In fact, a strat-

egy that captures momentum in factor returns by rotating between just

two randomly selected factors is typically statistically significant as well.

Factor momentum is also robust to implementation restrictions. The effect

remains significant even when we introduce a delay between the formation

and holding periods.

We test whether factor momentum is robust in international 23 devel-

oped markets and regional markets based on MSCI 2017 market classifica-

tion. We use Carhart (1997) four factors and AQR (2014; 2017) six factors

to test international evidence of factor momentum. We find factor mo-

mentum alphas in all five regional markets (Global, Global ex USA, Asia,

Europe, and North America) and 16 developed markets except Austria,

Belgium, Ireland, Italy, Netherlands, Norway, and Sweden.

We test whether factor momentum is robust in cross-assets (stocks, eq-

uity indices, fixed income, commodity futures, and currencies). We use

Asness et al. (2013) cross-assets three-factor model to explain alphas of

cross-assets factor momentum. We find cross-assets factor momentum al-

phas which cannot be explained by Asness et al. (2013) cross-assets three-

factor model.

We further find that factor IVOL earns more risk-adjusted profits than

those associated with individual factors. Factors with high idiosyncratic

volatility relative to the Fama and French (1993) three-factor model have

abysmally low average returns. We take long and short positions in the

bottom and top factors based on previous 12-month daily idiosyncratic

volatility (against Fama and French three-factor model). A zero-cost port-

folio, long the factor with lowest IVOL and short the factor with highest
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IVOL, earns an average return of 1.46% per month with a t-value of 5.99.

This result is consistent with finding of Ang et al. (2006; 2009). Ang et

al. (2006; 2009) found that stocks with high sensitivities to innovations in

aggregate volatility have low average returns.

Our paper is built upon the recent work by Arnott el al. (2019) in

analysing factor momentum. Their work focuses on the factor momentum

in the US equity market. Our findings provide further evidence of momen-

tum in international market, and across different asset market. In addition,

We also provide factor IVOL as another factor style which generates ab-

normal alpha. Our paper is also related to Gupta and Kelly (2019) in

analysing factor momentum in international market. Our findings differs

in considering factor momentum in multiple countries, instead of simply

consider the whole global market.

2.2 Data

2.2.1 CRSP and Compustat

We use monthly and daily returns data on stocks listed on NYSE, AMEX,

and Nasdaq from the Center for Research in Securities Prices (CRSP).

We include ordinary common shares (share codes 10 and 11) and use

CRSP delisting returns. If a stock’s delisting return is missing and the

delisting is performance-related, we impute a return of 30% for NYSE and

AMEX stocks (Shumway, 1997) and 55% for Nasdaq stocks (Shumway and

Warther, 1999).

We obtain accounting data from annual Compustat files to compute

some of the return predictors we detail in Section 2.2. We follow the stan-
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dard convention and lag accounting information by six months (Fama and

French, 1993). For example, if a firm’s fiscal year ends in December in year

t, we assume that this information is available to investors at the end of

June in year t + 1.

We compute returns on our factors from July 1963 through December

2017. Some of the predictors that we use to form the factors—such as id-

iosyncratic volatility and market beta—however, use some pre-1963 return

data.

2.2.2 Universe of factors

Table 2.1 reports average returns and Fama and French (2015; 2018) five-

and six-factor model alphas for the 50 factors that we examine throughout

this study. These factors are among those examined in Hou et al. (2015),

Fama and French (2015; 2018), McLean and Pontiff (2016), Novy-Marx

and Velikov (2016), Stambaugh and Yuan (2016), and Daniel, Hirshleifer,

and Sun (2018). In Table 2.1 we divide the factors into four groups, ba-

sic factors, low turnover factors, medium turnover factors, high turnover

factors.

We construct each factor as an HML-like factor by sorting stocks into six

portfolios by size and return predictor. We use NYSE breakpoints—median

for size and the 30th and 70th percentiles for the return predictor—and

use independent sorts in the two dimensions. The exceptions to this rule

are factors that use discrete signals. The high and low portfolios of the

debt issuance factor, for example, include firms that did not issue (high

portfolio) or issued (low portfolio) debt during the prior fiscal year. We

compute value-weighted returns on the six portfolios. A factor’s return is

the average return on the two high portfolios minus that on the two low
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portfolios. In assigning stocks to the high and low portfolios, we sign the

return predictors so that the high portfolios contain those stocks that the

original study identifies as earning higher average returns. We rebalance

factors monthly. The Table 2.1 reports average returns, alphas, t-values,

Sharpe ratio, and max drawdown for the standard factors.

(Insert Table 2.1 about here)

2.3 Factor momentum

We follow Arnott et al. (2019) in defining the factor momentum strat-

egy. For each month t, we rank factors by their average returns over a

prior 1 month period (t-L+1, t), and long best performers and short worst

performers. The strategy invests an equal amount in each factor in the

strategy’s long and short sides. We then hold this strategy over the follow-

ing H months (t+1, t+H). Each strategy is therefore described by an L/H

pair. We let the factor momentum strategy take long and short positions

in n=1,2,3 factors. Our full set has 50 factors, but we later consider subsets

of basic factors and other factors.

For simplicity, table 2.2 only shows factor momentum strategy with

L=1, H=1. It earns statistically significant average returns and abnormal

returns over the sample period. We find that three combinations of factors

momentum generate alphas which cannot be explained by popular factor

models.

(Insert Table 2 about here)
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2.4 International factor momentum

In this section, we test whether factor momentum alphas exist in inter-

national developed markets and regional markets. We test 23 developed

markets based on 2017 MSCI market classification, There are 5 developed

markets in Asia Pacific, 16 developed markets in Europe, and 2 developed

markets in North America. We use Fama and French (1993) and Carhart

(1997) four factors (market, size, value, and momentum) and AQR six fac-

tors, respectively. AQR 6 factors add Frazzini and Pedersen (2012) BAB

(Betting against Beta) and Asness et al. (2017) QMJ (Quality minus Junk)

factors to Fama-French-Carhart 4 factors and use HML devil factor (Asness

and Frazzini, 2013) instead of HML factor (Fama and French, 1993).

Table 3 shows international factor momentum alphas by using Fama

and French (1993) and Carhart (1997) four factors. We find that all re-

gional samples’ stock factor momentum can generate alphas which cannot

be explained by popular factor models. We find that Fama and French

(2018) six-factor monthly abnormal returns of the stock factor momentum

portfolio through the different geographical samples such as Global, Global

ex USA, Europe, North America, and Pacific, which equal to 0.94%, 1.07%,

1.08%, 0.64%, and 1.15%, respectively.

The individual developed markets’ stock factor momentum results are

mixed. We find significant stock factor momentum Fama and French (2018)

six-factor model alphas in 12 developed markets: AUS, CAN, CHE, DNK,

ESP, FIN, GBR, HKG, ISR, PRT, SGP, USA. With regard to the portfolio,

the highest six-factor alphas are found for ISR, followed by HKG, CAN,

and FIN. The magnitude of abnormal returns ranges from 1.47% to 1.62%.

(Insert Table 3 about here)
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Table 4 shows international factor momentum alphas by using AQR six

factors. We find that all regional samples’ stock factor momentum can gen-

erate alphas which cannot be explained by popular factor models. We find

that Fama and French (2018) six-factor monthly abnormal returns of the

stock factor momentum portfolio through the different geographical sam-

ples such as Global, Global ex USA, Europe, North America, and Pacific,

which equal to 0.94%, 0.73%, 0.98%, 0.96%, and 1.16%, respectively.

The individual developed markets’ stock factor momentum results are

mixed. We find significant stock factor momentum Fama and French (2018)

six-factor model alphas in 11 developed markets: AUT, CAN, CHE, FIN,

GBR, HKG, ISR, JPN, NOR, SGP, USA. With regard to the portfolio, the

highest six-factor alphas are found for HKG, followed by ISR, AUT, and

FIN. The magnitude of abnormal returns ranges from 1.54% to 2.47%.

To sum up, we find that Pacific’s stock factor momentum generates the

largest alphas, compared with other four regional samples’ alphas. HKG,

ISR, and FIN have largest stock factor momentum alphas, compared with

other 20 developed markets.

(Insert Table 4 about here)

2.5 Cross-assets factor momentum

We construct different assets’ style (value and momentum) factors based

on Asness, Moskowitz, and Pedersen (2013). The 8 asset classes include 4

individual equity markets (stock selection) and 4 broad asset classes (asset

allocation). The 4 stock selection markets are: U.S. equities (US), U.K.

equities (UK), Continental Europe equities (EU), Japanese equities (JP).

The 4 asset allocation classes are: global equity indices (EQ), currencies
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(FX), fixed income (FI), and commodities (CM). The 3 global averages are:

”EVERYWHERE” i.e., all global asset classes, ”ALL EQUITIES (SS)”

(based on the four stock selection markets), and ”ALL OTHER (AA)”

(based on the four asset allocation categories).

We calculate the factor momentum between AA (based on four asset

allocation categories) and stocks (SS, US, UK, EU, JP). We find that cross-

assets factor momentum generates alphas which cannot be explained by

Asness, Moskowitz, and Pedersen (2013) cross-assets three-factor model.

For example, we use factor momentum method to combine AA value

with SS value and SS momentum, respectively. They generate 0.55% and

0.73% abnormal returns per month. we use factor momentum method to

combine AA momentum with SS value and SS momentum, respectively.

They generate 0.76% and 0.32% abnormal returns per month.

(Insert Table 5 about here)

2.6 Factor idiosyncratic volatility strategy

We test factor idiosyncratic volatility (IVOL) style. Ang et al. (2006;

2009) found that stocks with high sensitivities to innovations in aggregate

volatility have low average returns. Stocks with high idiosyncratic volatility

relative to the Fama and French (1993) three-factor model have abysmally

low average returns.

Similarly, we find factor IVOL effect in our sample. We consider factors

including operating profitability, investment, short-term reversal, momen-

tum and long-term reversal. Strategies are based on either equal-weighted

(ew) or value-weighted (vw) returns. Portfolios are constructed based on
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the extreme 30%, 20% (quintile) or 10% (decile) stocks. We take long and

short positions in the bottom and top n (=1) factors based on previous

12-month daily idiosyncratic volatility (against Fama and French (1993)

three-factor factor model). We report returns with 12 months holding pe-

riods.

We find that factor IVOL can generate alphas which cannot be ex-

plained popular factor models. For example, US quintile value-weighted

portfolio has monthly 0.6% alphas with a t-value of 4.31 and US quintile

equal-weighted portfolio has monthly 0.7% alphas with a t-value of 5.03.

(Insert Table 6 about here)

2.7 Robustness test

2.7.1 Performance differences per decade

Table 7 shows the average returns of factor momentum per decade over

our sample period. We test factor momentum of cross-assets, stock, and

assets per decade. In Panel A, we calculate the average returns of different

factors combinations’ momentum. In Panel B, we calculate the average

returns of corresponding individual factors. We find the factor momentum

is much stable than the individual factor. For example, to compare mo-

mentum of all assets’ value and momentum (Everywhere val mom) with

all assets’ value (Everywhere val) and all assets’ momentum (Everywhere

mom), respectively. The factor momentum has larger alphas than indi-

vidual factors. Many individual factors are insignificant in many decade

periods. All assets’ factor momentum (Everywhere val mom) is strongly

significant in 1970s, 1980s, 1990s, and 2000s. However, all assets’ value
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(everywhere val) strategy is strongly significant only in 1980s, and 2000s

and all assets’ momentum (Everywhere mom) strategy is strongly signifi-

cant only in 1980s and 1990s. Hence, we find factor momentum is much

stable and robust than individual factors

(Insert Table 7 about here)

2.7.2 Business cycle effects

We continue our analysis with investigating the performance of factor mo-

mentum strategies over the business cycle. Chordia and Shivakumar (2002)

report that stock momentum performs poorly during contractions as de-

fined by the NBER. Because of this characteristic, momentum returns are

often associated with a priced risk factor. We argue that the poor perfor-

mance of stock momentum during economic contractions can be attributed

to the stylized fact that the largest market reversals tend to take place

during recessionary periods. For example, over our sample period from

July 1963 to December 2017, the average return on the market factor is

-22.9% per annum in the early phase of economic recessions as defined by

the NBER business cycle indicator, while its average return is 10.9% in the

late phase. As we have seen in our previous analysis, we expect total return

momentum to tilt towards the low-beta segment of the market after early

recessions, which causes large underperformance when the market recovers

during the late recessionary phases. Because factor momentum exhibits

significantly smaller exposures to the Fama and French factors, we expect

the strategy to be less affected by business cycle effects. To investigate this

issue, we evaluate the returns of stock and factor momentum strategies

with one-month holding periods during NBER expansion or contraction

phases.
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The results in Panel A of Table 8 indicate that factor momentum is

strongly significant in the expansion periods. Although it is normally in-

significant in recession periods, its magnitude is still positive.

Panel B of Table 8 which shows the results during the early and late

stages of expansions and recessions confirms that the losses of stock mo-

mentum (SS mom) during recessions are indeed concentrated in the second

half of recessions, when the market tends to revert. When we consider the

performance of stock factor momentum (SS val mom), we see that the per-

formance of stock factor momentum is quite stable over the business cycle.

During recessions it still averages returns above 0.91% per month, and even

during the second half of recessions it manages to avoid a negative return.

By design stock factor momentum has less dynamic exposures to the factor

returns and hence it is not susceptible to losses when factor returns revert.

When we calculate market betas of both momentum strategies during late

recessions, we find a beta of -0.74 for stock momentum and a beta of -0.24

for factor momentum.

(Insert Table 8 about here)

These results are consistent with our notion that stock momentum

strategies tend to tilt towards the low-beta segment of the market dur-

ing early recessionary periods and that this effect is less pronounced for

factor momentum. Overall, our results indicate that stock factor momen-

tum produces consistent alpha in all economic environments, which makes

it more difficult to attribute this anomaly to a priced risk factor.
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2.7.3 Calendar month effect

Finally, we investigate the performances of stock momentum and factor

momentum per calendar month. Several authors document strong sea-

sonal patterns in stock momentum returns. For example, Grinblatt and

Moskowitz (2004) and Jegadeesh and Titman (1993, 2001) find a January

effect for the stock momentum strategy. In particular, average returns in

January are found to be negative. The cited reason is the tax-loss sell-

ing effect. Fund managers tend to sell small-cap loser stocks in December,

resulting in downward price pressure in that month, which is followed by

a correction in January. Because a stock momentum strategy is typically

short in small-cap loser stocks, this effect causes a large positive return for

the strategy in December followed by a large negative return in January.

We refer to Ferris et al. (2001), Griffiths and White (1993) and Roll (1983),

for a detailed documentation of this effect.

Because factor momentum is less concentrated in small-cap stocks com-

pared to stock momentum, we expect the January effect to have a smaller

impact on the strategy’s performance. To investigate this issue in more de-

tail, we examine the average monthly returns during each calendar month

for the stock momentum versus the factor momentum strategies.

The results in Table 9 confirm the weak performance of international

stock momentum in Januaries, with an average return of 0.04% with a t-

value of 0.08. stock factor momentum, on the other hand, earns an average

return of 1.43% with a t-value of 2.75 in Januaries, as shown in Table 9.

(Insert Table 9 about here)

Our results illustrate another notable seasonality in momentum returns.

We observe that most of the profits of stock momentum and stock value
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are generated in a handful of months during the years. For example, the t-

statistics of the stock momentum (SS mom) strategy’s returns exceed plus

two only in four out of 12 months and the t-statistics of the stock value (SS

val) strategy’s returns exceed plus two only in three out of 12 months. By

contrast, stock factor momentum (SS val mom) returns have t-statistics

larger than plus two in eight out of 12 months. We thus conclude that

stock factor momentum is also more robust than stock momentum and

stock value during the calendar year.

The all assets factor momentum is also more robust than all assets’

momentum and all assets’ value, respectively. For instance, the t-statistics

of the all assets’ momentum (everywhere mom) strategy’s returns exceed

plus two only in five out of 12 months and the t-statistics of the all assets’

value (everywhere val) strategy’s returns exceed plus two only in two out of

12 months. By contrast, all assets’ factor momentum (everywhere val mom)

returns have t-statistics larger than plus two in seven out of 12 months.

2.8 Conclusions

Arnott et al. (2019) show that prior one-year factor returns predict the

cross section of factor returns. Our results show that such factor momentum

is also pervasive in international market and across asset classes. We also

show factor IVOL as another factor style which generate alphas.
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Table 2.2: Factor momentum strategies

Panel A reports annualized average returns, standard deviations, and t-values of fac-

tor momentum strategies. This table reports the average monthly returns and bench-

mark adjusted returns of anomaly momentum in US market. For given N anomalies,

we take long and short positions in the top and bottom n anomalies based on previous

month return. The row with ‘basic’ reports the result based on 18 anomalies provided by

French’s and AQR website, including market excess return, size (SMB), value (HML),

profitability (RMW), investment (CMA), momentum, E/P, CF/P, D/P, short-term re-

versal, long-term reversal, accruals, market beta, net share issues, daily variance, daily

residual variance, quality minus junk (QMJ), and betting against beta (BAB). The row

with ‘others’ reports the result based on 32 anomalies provided by Novy-Marx’s web-

site. The last row of ‘all’ is a combination of these two sets of anomalies. We report

the returns with significance (***¡0.01¡**¡0.05¡*¡0.1), and the corresponding t statistics.

The factor return data begin in July 1963 and end in December 2017.

Panel A Average returns

Long Short L-S

return t-stat return t-stat return t-stat

n=1

basic 0.9*** [5.33] -0.57*** [-2.94] 1.47*** [4.61]

others 1.37*** [4.95] -0.27 [-1.23] 1.52*** [3.56]

all 1.36*** [4.54] -0.58** [-2.47] 1.83*** [3.52]

n=2

basic 0.9*** [6.00] -0.47*** [-2.7] 1.37*** [4.82]

others 1.47*** [5.79] -0.19 [-1.04] 1.54*** [3.98]

all 1.4*** [5.15] -0.56*** [-2.65] 1.80*** [3.70]

n=3

basic 0.85*** [6.59] -0.45*** [-2.79] 1.29*** [5.08]

others 1.44*** [6.37] -0.18 [-1.05] 1.49*** [4.35]

all 1.37*** [5.72] -0.62*** [-3.15] 1.86*** [4.17]

Panel B CAPM alphas

Long Short L-S

return t-stat return t-stat return t-stat

n=1

basic 0.86*** [5.07] -0.78*** [-4.26] 1.64*** [5.18]

others 1.58*** [5.92] -0.24 [-1.11] 1.71*** [4.02]

all 1.49*** [5.02] -0.68*** [-2.96] 2.09*** [4.08]

n=2

basic 0.85*** [5.65] -0.69*** [-4.28] 1.54*** [5.47]

others 1.7*** [7.03] -0.16 [-0.85] 1.72*** [4.48]
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all 1.53*** [5.7] -0.67*** [-3.18] 2.05*** [4.28]

n=3

basic 0.81*** [6.26] -0.66*** [-4.48] 1.46*** [5.84]

others 1.65*** [7.69] -0.14 [-0.83] 1.66*** [4.88]

all 1.49*** [6.30] -0.74*** [-3.77] 2.11*** [4.82]

Panel C Fama and French (1993) three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

n=1

basic 0.84*** [4.91] -0.74*** [-4] 1.58*** [4.93]

others 1.52*** [5.57] -0.31 [-1.39] 1.73*** [3.99]

all 1.50*** [4.94] -0.64*** [-2.73] 2.06*** [3.94]

n=2

basic 0.84*** [5.58] -0.71*** [-4.44] 1.55*** [5.42]

others 1.69*** [6.85] -0.24 [-1.27] 1.82*** [4.66]

all 1.59*** [5.82] -0.64*** [-3.00] 2.1*** [4.31]

n=3

basic 0.76*** [5.92] -0.69*** [-4.85] 1.45*** [5.72]

others 1.62*** [7.46] -0.2 [-1.15] 1.71*** [4.93]

all 1.53*** [6.37] -0.71*** [-3.58] 2.14*** [4.81]

Panel D Fama and French (2015) five-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

n=1

basic 0.93*** [5.27] -0.68*** [-3.61] 1.61*** [4.89]

others 1.03*** [3.81] -0.54** [-2.4] 1.48*** [3.34]

all 1.26*** [4.03] -0.67*** [-2.76] 1.81*** [3.36]

n=2

basic 0.91*** [5.91] -0.64*** [-3.93] 1.55*** [5.3]

others 1.24*** [5.09] -0.51*** [-2.71] 1.64*** [4.14]

all 1.35*** [4.84] -0.7*** [-3.19] 1.89*** [3.75]

n=3

basic 0.8*** [6.1] -0.59*** [-4.1] 1.4*** [5.38]

others 1.21*** [5.64] -0.48*** [-2.85] 1.59*** [4.49]

all 1.31*** [5.3] -0.74*** [-3.62] 2.05*** [4.13]

Panel E Fama and French (2018) six-factor alphas
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Long Short L-S

return t-stat return t-stat return t-stat

n=1

basic 0.91*** [5.07] -0.7*** [-3.65] 1.61*** [4.81]

others 0.71*** [2.84] -0.66*** [-2.91] 1.27*** [2.87]

all 1.08*** [3.49] -0.75*** [-3.04] 1.83*** [3.14]

n=2

basic 0.90*** [5.78] -0.65*** [-3.91] 1.55*** [5.23]

others 0.95*** [4.23] -0.60*** [-3.2] 1.55*** [3.67]

all 1.18*** [4.28] -0.76*** [-3.44] 1.94*** [3.50]

n=3

basic 0.79*** [5.93] -0.60*** [-4.06] 1.39*** [5.27]

others 0.94*** [4.80] -0.60*** [-3.58] 1.54*** [4.06]

all 1.14*** [4.71] -0.79*** [-3.82] 1.93*** [3.85]
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Table 2.3: International four factors momentum strategies

This table reports the average monthly returns and benchmark adjusted returns of

factor momentum in Fama-French and Carhart four factors from international 23 devel-

oped markets or 5 regional markets. We consider Fama-French and Carhart four factors

(including MKT RF, SMB, HML, and UMD) of different individual markets and re-

gional markets. For given four time series returns, we take long and short positions

in the top and bottom (n=1) strategies based on previous month return. We report

the returns with significance (***¡0.01¡**¡0.05¡*¡0.1), and the corresponding t statistics.

The factor return data begin in July 1995 and end in December 2017.

Panel A Average returns

Long Short L-S

return t-stat return t-stat return t-stat

AUS 1.40*** [6.09] 0.32 [1.26] 1.08*** [2.88]

AUT 0.49* [1.81] 0.22 [0.67] 0.27 [0.58]

BEL 0.47* [1.80] 0.26 [0.97] 0.22 [0.51]

CAN 1.17*** [5.22] 0.04 [0.16] 1.13*** [3.01]

CHE 0.87*** [3.73] -0.18 [-0.82] 1.06*** [3.11]

DEU 0.77*** [2.66] -0.01 [-0.04] 0.78* [1.67]

DNK 1.02*** [4.12] 0.08 [0.30] 0.94** [2.42]

ESP 0.97*** [3.52] -0.02 [-0.06] 0.98** [2.27]

FIN 1.34*** [3.64] -0.31 [-0.81] 1.65*** [2.62]

FRA 0.67*** [2.88] 0.14 [0.49] 0.54 [1.25]

GBR 1.16*** [5.41] -0.34 [-1.35] 1.50*** [3.96]

HKG 1.15*** [3.7] -0.29 [-0.81] 1.44*** [2.66]

IRL 0.61 [1.38] -0.08 [-0.17] 0.7 [0.89]

ISR 1.28*** [4.01] -0.09 [-0.26] 1.36*** [2.65]

ITA 0.24 [0.85] 0.02 [0.06] 0.22 [0.47]

JPN 0.24 [1.03] -0.42 [-1.6] 0.65* [1.65]

NLD 0.26 [1.04] 0.04 [0.17] 0.21 [0.53]

NOR 0.71** [2.45] 0.28 [0.83] 0.43 [0.87]

NZL 0.9*** [3.38] 0.16 [0.56] 0.74* [1.68]

PRT 0.81** [2.51] -0.02 [-0.06] 0.83* [1.66]

SGP 1.15*** [3.95] -0.47 [-1.37] 1.62*** [3.18]

SWE 0.65** [1.98] 0.11 [0.31] 0.55 [0.98]

USA 0.60*** [4.58] 0.06 [0.39] 0.54** [2.38]

Global 0.70*** [4.50] -0.22 [-1.09] 0.92*** [3.11]

Global.Ex.USA 0.90*** [5.17] -0.12 [-0.58] 1.02*** [3.28]

Europe 0.91*** [4.45] -0.19 [-0.81] 1.10*** [3.10]

North.America 0.69*** [4.20] 0.18 [0.83] 0.52* [1.72]

Pacific 0.52** [2.45] -0.41* [-1.68] 0.93** [2.52]
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Panel B CAPM alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 1.32*** [5.77] 0.1 [0.40] 1.23*** [3.31]

AUT 0.41 [1.52] 0 [0.01] 0.41 [0.86]

BEL 0.37 [1.42] 0.16 [0.61] 0.21 [0.48]

CAN 1.32*** [5.09] -0.27 [-0.96] 1.59*** [3.66]

CHE 0.84*** [3.59] -0.35* [-1.69] 1.19*** [3.57]

DEU 0.74** [2.55] -0.19 [-0.77] 0.93** [2]

DNK 0.97*** [3.92] -0.03 [-0.14] 1.00** [2.57]

ESP 0.86*** [3.17] -0.26 [-0.98] 1.12*** [2.6]

FIN 1.17*** [3.27] -0.46 [-1.24] 1.63** [2.59]

FRA 0.68*** [2.89] -0.04 [-0.17] 0.72* [1.72]

GBR 1.19*** [5.37] -0.52** [-2.09] 1.7*** [4.36]

HKG 0.97*** [3.21] -0.56 [-1.62] 1.53*** [2.80]

IRL 0.66 [1.47] -0.18 [-0.37] 0.84 [1.07]

ISR 1.21*** [3.81] -0.21 [-0.61] 1.41*** [2.74]

ITA 0.15 [0.54] -0.17 [-0.60] 0.33 [0.69]

JPN 0.24 [1.01] -0.45** [-1.99] 0.69* [1.70]

NLD 0.23 [0.93] -0.12 [-0.49] 0.35 [0.88]

NOR 0.73** [2.49] 0.11 [0.34] 0.62 [1.26]

NZL 0.82*** [3.1] -0.05 [-0.19] 0.88** [1.99]

PRT 0.78** [2.4] -0.2 [-0.62] 0.99** [1.98]

SGP 0.99*** [3.48] -0.72** [-2.22] 1.71*** [3.34]

SWE 0.56* [1.72] -0.07 [-0.22] 0.63 [1.13]

USA 0.54*** [4.14] -0.18 [-1.34] 0.72*** [3.18]

Global 0.70*** [3.97] -0.36* [-1.70] 1.06*** [3.21]

Global.Ex.USA 0.86*** [4.61] -0.35* [-1.76] 1.21*** [3.60]

Europe 0.89*** [4.22] -0.41* [-1.86] 1.29*** [3.54]

North.America 0.80*** [4.19] 0.01 [0.06] 0.78** [2.31]

Pacific 0.49** [2.23] -0.55** [-2.28] 1.04*** [2.73]

Panel C Fama and French (1993) three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 1.3*** [5.57] 0.3 [1.30] 1.00*** [2.67]

AUT 0.37 [1.37] 0.03 [0.08] 0.34 [0.72]

BEL 0.34 [1.31] 0.15 [0.56] 0.19 [0.44]

CAN 1.28*** [4.94] -0.34 [-1.23] 1.62*** [3.71]

CHE 0.77*** [3.29] -0.3 [-1.44] 1.07*** [3.22]

DEU 0.61** [2.14] -0.22 [-0.92] 0.83* [1.82]

DNK 0.96*** [3.87] -0.13 [-0.52] 1.09*** [2.79]
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ESP 0.83*** [3.02] -0.33 [-1.25] 1.16*** [2.66]

FIN 1.14*** [3.16] -0.53 [-1.41] 1.67*** [2.62]

FRA 0.57** [2.47] -0.1 [-0.38] 0.67 [1.58]

GBR 1.15*** [5.17] -0.55** [-2.23] 1.7*** [4.33]

HKG 0.84*** [2.74] -0.64* [-1.84] 1.48*** [2.65]

IRL 0.65 [1.44] -0.24 [-0.49] 0.89 [1.12]

ISR 1.20*** [3.7] -0.04 [-0.11] 1.24** [2.35]

ITA 0.07 [0.25] -0.2 [-0.7] 0.28 [0.58]

JPN 0.21 [0.91] -0.46** [-2.04] 0.67* [1.67]

NLD 0.18 [0.71] -0.15 [-0.59] 0.33 [0.81]

NOR 0.69** [2.34] 0 [0.01] 0.69 [1.40]

NZL 0.84*** [3.10] -0.04 [-0.13] 0.88* [1.96]

PRT 0.71** [2.17] -0.22 [-0.67] 0.93* [1.87]

SGP 0.79*** [2.82] -0.49 [-1.49] 1.27** [2.50]

SWE 0.51 [1.55] -0.16 [-0.49] 0.67 [1.19]

USA 0.52*** [3.95] -0.18 [-1.35] 0.70*** [3.07]

Global 0.65*** [3.65] -0.39* [-1.86] 1.04*** [3.13]

Global.Ex.USA 0.77*** [4.09] -0.34* [-1.68] 1.11*** [3.25]

Europe 0.81*** [3.89] -0.43** [-1.97] 1.24*** [3.40]

North.America 0.78*** [4.08] -0.02 [-0.07] 0.80** [2.34]

Pacific 0.51** [2.30] -0.49** [-2.00] 1.01** [2.59]

Panel D Fama and French (2015) five-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 1.08*** [4.43] 0.09 [0.38] 0.99** [2.50]

AUT 0.24 [0.81] -0.01 [-0.03] 0.25 [0.48]

BEL 0.07 [0.26] 0.23 [0.79] -0.15 [-0.33]

CAN 1.03*** [3.87] -0.41 [-1.42] 1.44*** [3.17]

CHE 0.55** [2.19] -0.38* [-1.69] 0.94*** [2.6]

DEU 0 [0.01] -0.15 [-0.59] 0.16 [0.32]

DNK 0.83*** [3.09] -0.23 [-0.87] 1.06** [2.48]

ESP 0.59** [2.02] -0.35 [-1.24] 0.95** [2.02]

FIN 0.96** [2.45] -0.71* [-1.75] 1.67** [2.41]

FRA 0.28 [1.14] -0.17 [-0.62] 0.45 [0.99]

GBR 0.83*** [3.50] -0.66** [-2.54] 1.49*** [3.54]

HKG 0.68** [2.10] -0.48 [-1.30] 1.16** [1.97]

IRL 0.61 [1.27] -0.26 [-0.48] 0.87 [1.02]

ISR 1.36*** [3.95] -0.22 [-0.60] 1.57*** [2.83]

ITA -0.02 [-0.08] -0.32 [-1.01] 0.29 [0.57]

JPN 0.13 [0.56] -0.49** [-2.18] 0.62 [1.53]

NLD -0.08 [-0.29] -0.19 [-0.70] 0.11 [0.25]

NOR 0.19 [0.61] -0.19 [-0.55] 0.38 [0.72]

84



NZL 0.68** [2.37] -0.18 [-0.62] 0.86* [1.82]

PRT 0.54 [1.52] -0.29 [-0.83] 0.83 [1.54]

SGP 0.57* [1.95] -0.35 [-1.01] 0.92* [1.71]

SWE -0.06 [-0.17] -0.26 [-0.72] 0.2 [0.33]

USA 0.66*** [4.79] -0.42*** [-2.82] 1.08*** [4.51]

Global 0.46** [2.45] -0.59*** [-2.64] 1.04*** [2.94]

Global.Ex.USA 0.59*** [2.93] -0.51** [-2.36] 1.10*** [2.98]

Europe 0.42* [1.92] -0.61*** [-2.64] 1.03*** [2.62]

North.America 0.59*** [3.01] -0.07 [-0.29] 0.65* [1.85]

Pacific 0.34 [1.45] -0.57** [-2.20] 0.91** [2.22]

Panel E Fama and French (2018) six-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.99*** [3.88] -0.1 [-0.40] 1.08*** [2.65]

AUT 0.26 [0.88] -0.23 [-0.69] 0.48 [0.95]

BEL 0.14 [0.51] 0.11 [0.37] 0.04 [0.07]

CAN 0.88*** [3.31] -0.59** [-2.04] 1.47*** [3.17]

CHE 0.33 [1.30] -0.45** [-2.01] 0.77** [2.1]

DEU -0.05 [-0.16] -0.27 [-1.03] 0.22 [0.45]

DNK 0.8*** [2.94] -0.4 [-1.50] 1.20*** [2.78]

ESP 0.53* [1.78] -0.43 [-1.47] 0.96** [2.01]

FIN 0.8** [1.98] -0.68 [-1.64] 1.47** [2.08]

FRA 0.1 [0.39] -0.37 [-1.34] 0.47 [1]

GBR 0.64*** [2.72] -0.82*** [-3.16] 1.46*** [3.38]

HKG 0.57* [1.73] -0.96*** [-2.6] 1.53** [2.52]

IRL 0.55 [1.11] -0.56 [-1.05] 1.11 [1.27]

ISR 1.24*** [3.52] -0.39 [-1.07] 1.62*** [2.85]

ITA -0.24 [-0.77] -0.53* [-1.67] 0.29 [0.55]

JPN 0.07 [0.33] -0.48** [-2.18] 0.55 [1.38]

NLD -0.32 [-1.19] -0.32 [-1.16] 0 [0.00]

NOR 0.18 [0.58] -0.25 [-0.69] 0.43 [0.79]

NZL 0.65** [2.21] 0 [-0.01] 0.66 [1.35]

PRT 0.46 [1.3] -0.55 [-1.60] 1.02* [1.87]

SGP 0.45 [1.49] -0.84** [-2.50] 1.3** [2.36]

SWE -0.08 [-0.24] -0.43 [-1.21] 0.35 [0.57]

USA 0.45*** [3.45] -0.61*** [-4.24] 1.07*** [4.39]

Global 0.26 [1.40] -0.69*** [-3.22] 0.94*** [2.61]

Global.Ex.USA 0.42** [2.12] -0.64*** [-3.07] 1.07*** [2.85]

Europe 0.28 [1.31] -0.8*** [-3.49] 1.08*** [2.68]

North.America 0.4** [2.12] -0.24 [-1.07] 0.64* [1.79]

Pacific 0.27 [1.12] -0.88*** [-3.62] 1.15*** [2.77]
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Table 2.4: International six factors momentum strategies

This table reports the average monthly returns and benchmark adjusted returns of

factor momentum in AQR six factors from international 23 developed markets or 5

regional markets. We consider AQR four factors (including MKT RF, SMB, HML devil,

and UMD, BAB, and QMJ) of different individual markets and regional markets. For

given four time series returns, we take long and short positions in the top and bottom

(n=1) strategies based on previous month return. We report the returns with significance

(***¡0.01¡**¡0.05¡*¡0.1), and the corresponding t statistics. The factor return data begin

in July 1995 and end in December 2017.

Panel A Average returns

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.92*** [3.78] 0.23 [0.84] 0.69* [1.74]

AUT 0.75** [2.36] -0.09 [-0.25] 0.84* [1.69]

BEL 0.76*** [2.63] 0.1 [0.34] 0.66 [1.47]

CAN 1.44*** [5.66] -0.06 [-0.23] 1.5*** [3.72]

CHE 0.96*** [4.00] -0.08 [-0.3] 1.04*** [2.66]

DEU 0.96*** [3.10] 0.21 [0.70] 0.75 [1.55]

DNK 0.47 [1.58] 0.14 [0.49] 0.33 [0.72]

ESP 0.56* [1.75] -0.17 [-0.51] 0.72 [1.43]

FIN 1.17*** [3.14] -0.59 [-1.53] 1.77*** [2.83]

FRA 1.01*** [3.8] 0.26 [0.86] 0.75* [1.66]

GBR 0.72*** [3.33] -0.28 [-1.2] 0.99*** [2.92]

HKG 2.35*** [5.60] -0.27 [-0.73] 2.62*** [3.89]

IRL 0.69 [1.27] -0.03 [-0.05] 0.71 [0.79]

ISR 1.32*** [4.02] -0.22 [-0.6] 1.54*** [2.73]

ITA 0.58* [1.95] 0.03 [0.09] 0.55 [1.11]

JPN 0.72*** [3.20] 0.05 [0.19] 0.68* [1.72]

NLD 0.65** [2.09] 0.52* [1.73] 0.13 [0.26]

NOR 1.43*** [4.51] 0.09 [0.27] 1.34*** [2.60]

NZL 0.78*** [2.69] 0.35 [1.07] 0.43 [0.95]

PRT 0.89* [1.88] 0.44 [0.94] 0.45 [0.65]

SGP 1.45*** [4.47] -0.29 [-0.9] 1.74*** [3.27]

SWE 0.84*** [2.62] 0.09 [0.25] 0.75 [1.37]

USA 0.82*** [7.40] -0.15 [-1.06] 0.97*** [4.87]

Global 0.77*** [4.86] -0.11 [-0.6] 0.89*** [3.16]

Global.Ex.USA 0.71*** [4.19] -0.06 [-0.3] 0.77** [2.51]

Europe 0.81*** [4.02] -0.09 [-0.39] 0.90** [2.57]

North.America 0.89*** [5.11] 0.04 [0.23] 0.85*** [2.84]

Pacific 0.78*** [3.88] -0.18 [-0.79] 0.96*** [2.81]
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Panel B CAPM alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.79*** [3.39] 0.05 [0.21] 0.74* [1.86]

AUT 0.69** [2.18] -0.3 [-0.86] 0.99** [2.01]

BEL 0.71** [2.46] -0.05 [-0.18] 0.77* [1.70]

CAN 1.46*** [5.50] -0.33 [-1.34] 1.79*** [4.33]

CHE 1.00*** [4.14] -0.22 [-0.92] 1.22*** [3.22]

DEU 0.94*** [3.01] 0.03 [0.1] 0.91* [1.90]

DNK 0.47 [1.57] -0.02 [-0.06] 0.49 [1.07]

ESP 0.47 [1.48] -0.38 [-1.25] 0.85* [1.69]

FIN 1.13*** [3.01] -0.77** [-2.02] 1.89*** [3.03]

FRA 1.02*** [3.80] 0.04 [0.14] 0.98** [2.25]

GBR 0.69*** [3.19] -0.47** [-2.19] 1.16*** [3.48]

HKG 2.33*** [5.51] -0.48 [-1.37] 2.81*** [4.2]

IRL 0.69 [1.25] -0.24 [-0.44] 0.93 [1.03]

ISR 1.30*** [3.9] -0.47 [-1.27] 1.77*** [3.12]

ITA 0.49 [1.64] -0.23 [-0.78] 0.72 [1.44]

JPN 0.71*** [3.21] 0.03 [0.11] 0.68* [1.74]

NLD 0.7** [2.24] 0.34 [1.17] 0.36 [0.77]

NOR 1.38*** [4.33] -0.04 [-0.12] 1.41*** [2.73]

NZL 0.73** [2.5] 0.16 [0.52] 0.57 [1.27]

PRT 0.89* [1.88] 0.27 [0.61] 0.62 [0.91]

SGP 1.32*** [4.17] -0.53* [-1.75] 1.85*** [3.47]

SWE 0.73** [2.32] -0.08 [-0.22] 0.81 [1.47]

USA 0.84*** [7.51] -0.37*** [-3.00] 1.21*** [6.45]

Global 0.75*** [4.58] -0.28 [-1.61] 1.03*** [3.67]

Global.Ex.USA 0.71*** [4.18] -0.21 [-1.16] 0.93*** [3.07]

Europe 0.75*** [3.75] -0.31 [-1.49] 1.07*** [3.11]

North.America 0.98*** [5.42] -0.15 [-0.78] 1.13*** [3.77]

Pacific 0.73*** [3.64] -0.32 [-1.48] 1.05*** [3.08]

Panel C Fama and French (1993) three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.73*** [3.06] 0.18 [0.67] 0.55 [1.37]

AUT 0.67** [2.07] -0.31 [-0.89] 0.98* [1.96]

BEL 0.65** [2.23] -0.08 [-0.27] 0.73 [1.61]

CAN 1.40*** [5.3] -0.38 [-1.57] 1.78*** [4.28]

CHE 0.9*** [3.76] -0.2 [-0.81] 1.10*** [2.89]

DEU 0.73** [2.48] -0.1 [-0.34] 0.83* [1.74]

DNK 0.41 [1.36] -0.18 [-0.65] 0.59 [1.28]
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ESP 0.42 [1.31] -0.49 [-1.62] 0.91* [1.79]

FIN 1.07*** [2.82] -0.82** [-2.15] 1.89*** [2.98]

FRA 0.87*** [3.34] -0.13 [-0.47] 1.00** [2.28]

GBR 0.52** [2.53] -0.57*** [-2.69] 1.08*** [3.24]

HKG 2.25*** [5.27] -0.45 [-1.26] 2.71*** [3.96]

IRL 0.74 [1.34] -0.38 [-0.69] 1.13 [1.24]

ISR 1.29*** [3.77] -0.4 [-1.07] 1.69*** [2.92]

ITA 0.41 [1.38] -0.28 [-0.97] 0.69 [1.39]

JPN 0.66*** [3.00] -0.04 [-0.18] 0.71* [1.79]

NLD 0.67** [2.11] 0.24 [0.83] 0.43 [0.90]

NOR 1.23*** [3.92] -0.17 [-0.54] 1.4*** [2.68]

NZL 0.73** [2.43] 0.2 [0.62] 0.53 [1.15]

PRT 0.82* [1.71] 0.12 [0.26] 0.71 [1.02]

SGP 1.06*** [3.44] -0.44 [-1.43] 1.50*** [2.83]

SWE 0.65** [2.06] -0.18 [-0.52] 0.83 [1.50]

USA 0.71*** [6.45] -0.45*** [-3.65] 1.16*** [6.10]

Global 0.64*** [3.96] -0.35** [-2.00] 0.99*** [3.47]

Global.Ex.USA 0.57*** [3.36] -0.25 [-1.34] 0.82*** [2.67]

Europe 0.63*** [3.24] -0.41** [-1.98] 1.04*** [3.01]

North.America 0.91*** [5.13] -0.22 [-1.17] 1.13*** [3.74]

Pacific 0.74*** [3.61] -0.27 [-1.23] 1.02*** [2.91]

Panel D Fama and French (2015) five-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.5** [1.98] -0.12 [-0.43] 0.62 [1.43]

AUT 0.99*** [2.88] -0.51 [-1.35] 1.49*** [2.80]

BEL 0.33 [1.08] -0.24 [-0.78] 0.57 [1.17]

CAN 1.09*** [4.06] -0.36 [-1.45] 1.45*** [3.41]

CHE 0.76*** [2.95] -0.39 [-1.47] 1.15*** [2.80]

DEU 0.38 [1.21] -0.03 [-0.11] 0.42 [0.81]

DNK 0.11 [0.34] -0.28 [-0.97] 0.39 [0.79]

ESP 0.14 [0.41] -0.53 [-1.64] 0.68 [1.23]

FIN 0.98** [2.41] -1.04** [-2.54] 2.02*** [2.98]

FRA 0.6** [2.16] -0.14 [-0.49] 0.74 [1.57]

GBR 0.37* [1.68] -0.67*** [-2.95] 1.04*** [2.86]

HKG 1.92*** [4.25] -0.38 [-0.98] 2.3*** [3.17]

IRL 0.67 [1.12] -0.65 [-1.08] 1.32 [1.34]

ISR 1.37*** [3.86] -0.55 [-1.42] 1.92*** [3.21]

ITA 0.45 [1.42] -0.36 [-1.17] 0.82 [1.51]

JPN 0.6*** [2.69] -0.08 [-0.33] 0.68* [1.70]

NLD 0.58* [1.71] -0.03 [-0.09] 0.61 [1.19]

NOR 0.93*** [2.78] -0.3 [-0.88] 1.23** [2.18]
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NZL 0.46 [1.46] 0.06 [0.17] 0.41 [0.84]

PRT 0.66 [1.25] 0.39 [0.79] 0.27 [0.35]

SGP 0.75** [2.34] -0.27 [-0.84] 1.03* [1.85]

SWE 0.11 [0.33] -0.21 [-0.56] 0.32 [0.54]

USA 0.62*** [5.21] -0.55*** [-4.04] 1.16*** [5.60]

Global 0.41** [2.46] -0.53*** [-2.84] 0.93*** [3.08]

Global.Ex.USA 0.37** [2.04] -0.41** [-2.06] 0.77** [2.33]

Europe 0.42** [2.02] -0.57** [-2.58] 1.00*** [2.65]

North.America 0.69*** [3.85] -0.27 [-1.38] 0.96*** [3.07]

Pacific 0.6*** [2.76] -0.38* [-1.66] 0.98*** [2.65]

Panel E Fama and French (2018) six-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

AUS 0.61** [2.4] -0.07 [-0.24] 0.68 [1.55]

AUT 0.98*** [2.82] -0.57 [-1.49] 1.55*** [2.86]

BEL 0.45 [1.43] -0.32 [-1.03] 0.77 [1.55]

CAN 1.09*** [3.99] -0.34 [-1.34] 1.43*** [3.31]

CHE 0.66** [2.53] -0.46* [-1.71] 1.12*** [2.68]

DEU 0.38 [1.19] -0.08 [-0.26] 0.46 [0.88]

DNK -0.03 [-0.11] -0.22 [-0.75] 0.19 [0.37]

ESP 0.17 [0.49] -0.54 [-1.62] 0.71 [1.27]

FIN 0.7* [1.74] -0.83** [-2.02] 1.54** [2.28]

FRA 0.62** [2.19] -0.14 [-0.48] 0.77 [1.59]

GBR 0.45** [2.00] -0.57** [-2.49] 1.01*** [2.75]

HKG 2*** [4.31] -0.47 [-1.19] 2.47*** [3.32]

IRL 0.64 [1.06] -0.44 [-0.73] 1.08 [1.09]

ISR 1.38*** [3.72] -0.76* [-1.88] 2.14*** [3.43]

ITA 0.4 [1.24] -0.39 [-1.24] 0.8 [1.45]

JPN 0.60*** [2.65] -0.07 [-0.29] 0.67* [1.66]

NLD 0.62* [1.79] 0 [0.01] 0.62 [1.18]

NOR 0.95*** [2.77] -0.38 [-1.11] 1.33** [2.32]

NZL 0.43 [1.34] 0.3 [0.87] 0.14 [0.28]

PRT 0.68 [1.28] 0.39 [0.77] 0.3 [0.39]

SGP 0.9*** [2.74] -0.28 [-0.83] 1.18** [2.08]

SWE 0.22 [0.66] -0.23 [-0.6] 0.45 [0.75]

USA 0.64*** [5.30] -0.56*** [-4.05] 1.2*** [5.66]

Global 0.38** [2.25] -0.55*** [-2.99] 0.94*** [3.03]

Global.Ex.USA 0.35* [1.88] -0.38* [-1.92] 0.73** [2.16]

Europe 0.40* [1.89] -0.58** [-2.58] 0.98** [2.58]

North.America 0.67*** [3.63] -0.3 [-1.51] 0.96*** [3.02]

Pacific 0.66*** [2.96] -0.5** [-2.13] 1.16*** [3.07]
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Table 2.5: Cross-assets factor momentum

This table constructs different assets’ style (value and momentum) factors based

on Asness, Moskowitz, and Pedersen (2013). The 8 asset classes include 4 individual

equity markets (stock selection) and 4 broad asset classes (asset allocation). The 4

stock selection markets are: U.S. equities (US), U.K. equities (UK), Continental Europe

equities (EU), Japanese equities (JP). The 4 asset allocation classes are: global equity

indices (EQ), currencies (FX), fixed income (FI), and commodities (CM). The 3 global

averages are: ”EVERYWHERE” i.e., all global asset classes, ”ALL EQUITIES (SS)”

(based on the four stock selection markets), and ”ALL OTHER (AA)” (based on the

four asset allocation categories).

Panel A Asness, Moskowitz, and Pedersen (2013) cross-assets three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat
VAL.SS VAL.AA 0.26*** [3.10] -0.29*** [-3.46] 0.55*** [3.32]

VAL.SS MOM.AA 0.31*** [2.79] -0.45*** [-3.96] 0.76*** [3.93]
MOM.SS VAL.AA 0.44*** [3.57] -0.29** [-2.38] 0.73*** [3.35]

MOM.SS MOM.AA 0.17** [1.99] -0.15 [-1.65] 0.32** [2.03]

Panel B Asness, Moskowitz, and Pedersen (2013) cross-assets three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat
VAL.AA VAL.US 0.17 [1.26] -0.37*** [-2.92] 0.54** [2.31]

VAL.AA MOM.US 0.31* [1.81] -0.21 [-1.37] 0.52** [1.98]
VAL.AA VAL.UK 0.25** [2.13] -0.37*** [-3.17] 0.62*** [3.05]

VAL.AA MOM.UK 0.8*** [4.97] -0.39*** [-2.60] 1.19*** [4.53]
VAL.AA VAL.EU 0.2** [2.28] -0.31*** [-3.60] 0.52*** [3.37]

VAL.AA MOM.EU 0.47*** [3.45] -0.28** [-2.12] 0.74*** [3.22]
VAL.AA VAL.JP 0.53*** [4.01] -0.12 [-0.91] 0.66*** [3.01]

VAL.AA MOM.JP 0.26 [1.44] -0.35** [-2.06] 0.61** [2.30]

Panel C Asness, Moskowitz, and Pedersen (2013) cross-assets three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat
MOM.AA VAL.US 0.23 [1.41] -0.54*** [-3.61] 0.76*** [3.05]

MOM.AA MOM.US 0.05 [0.38] -0.08 [-0.6] 0.13 [0.55]
MOM.AA VAL.UK 0.26* [1.96] -0.51*** [-3.45] 0.77*** [3.27]

MOM.AA MOM.UK 0.48*** [3.62] -0.19 [-1.51] 0.66*** [2.99]
MOM.AA VAL.EU 0.28** [2.46] -0.51*** [-4.68] 0.79*** [4.18]

MOM.AA MOM.EU 0.19* [1.69] -0.11 [-1.09] 0.30** [1.99]
MOM.AA VAL.JP 0.47*** [3.18] -0.18 [-1.14] 0.64*** [2.80]

MOM.AA MOM.JP -0.13 [-0.81] -0.07 [-0.48] -0.06 [-0.24]
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Table 2.6: Factor idiosyncratic volatility alphas

This table reports the average monthly returns and benchmark adjusted returns of

anomaly idiosyncratic volatility strategy in US market. We consider anomalies including

operating profitability, investment, short-term reversal, momentum and long-term re-

versal. Strategies are based on either equal-weighted(ew) or value-weighted(vw) returns.

Strategies are constructed based on the extreme 30%, 20%(quintile) or 10%(decile)

stocks. We take long and short positions in the bottom and top n(=1) anomalies based

on previous 12-month daily idiosyncratic volatility ( against FF3 factor model). This

table reports returns with 12 months holding periods. The returns with significance

(***<0.01<**<0.05<*¡0.1), and the corresponding t statistics.

Panel A Average returns

Long Short L-S

return t-stat return t-stat return t-stat

US 30% vw 0.13** [2.06] -0.34*** [-2.75] 0.47*** [3.46]

US 30% ew 0.19*** [2.8] -0.66*** [-5.26] 0.85*** [6.32]

US quintile vw 0.3*** [4.07] -0.41*** [-2.73] 0.71*** [4.45]

US quintile ew 0.29*** [3.64] -0.52*** [-3.45] 0.81*** [5.17]

US decile vw 0.35*** [2.95] 0.02 [0.08] 0.34 [1.16]

US decile ew 0.16 [1.21] -1.32*** [-5.38] 1.48*** [5.99]

Panel B CAPM alphas

Long Short L-S

return t-stat return t-stat return t-stat

US 30% vw 0.15** [2.44] -0.24** [-2.04] 0.39*** [2.95]

US 30% ew 0.23*** [3.47] -0.54*** [-4.55] 0.77*** [5.84]

US quintile vw 0.34*** [4.56] -0.29** [-2] 0.63*** [3.96]

US quintile ew 0.33*** [4.21] -0.4*** [-2.77] 0.74*** [4.73]

US decile vw 0.41*** [3.4] 0.21 [0.77] 0.21 [0.71]

US decile ew 0.2 [1.56] -1.19*** [-4.92] 1.38*** [5.64]

Panel C Fama and French (1993) three-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

US 30% vw 0.14** [2.4] -0.17 [-1.42] 0.31** [2.35]

US 30% ew 0.14** [2.41] -0.48*** [-4.02] 0.62*** [4.87]

US quintile vw 0.23*** [3.34] -0.2 [-1.37] 0.43*** [2.81]

US quintile ew 0.23*** [3.04] -0.32** [-2.19] 0.55*** [3.63]

US decile vw 0.35*** [3.17] 0.25 [0.93] 0.11 [0.41]

US decile ew 0.17 [1.4] -1.17*** [-4.83] 1.33*** [5.48]
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Panel D Fama and French (2015) five-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

US 30% vw -0.06 [-1.29] -0.25** [-2.06] 0.19 [1.45]

US 30% ew -0.06 [-1.32] -0.59*** [-4.82] 0.52*** [4.02]

US quintile vw -0.01 [-0.11] -0.32** [-2.19] 0.32** [2.03]

US quintile ew -0.01 [-0.1] -0.45*** [-3.02] 0.44*** [2.88]

US decile vw 0.02 [0.22] 0.04 [0.14] 0 [0.01]

US decile ew -0.12 [-1.07] -1.45*** [-5.91] 1.31*** [5.27]

Panel E Fama and French (2018) six-factor alphas

Long Short L-S

return t-stat return t-stat return t-stat

US 30% vw -0.07 [-1.44] -0.47*** [-4.14] 0.4*** [3.2]

US 30% ew -0.07 [-1.42] -0.8*** [-7.15] 0.73*** [6.01]

US quintile vw 0 [-0.01] -0.6*** [-4.6] 0.6*** [4.31]

US quintile ew -0.02 [-0.33] -0.73*** [-5.47] 0.7*** [5.03]

US decile vw 0.01 [0.14] -0.19 [-0.76] 0.22 [0.8]

US decile ew -0.15 [-1.29] -1.65*** [-7.24] 1.48*** [6.26]
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Table 2.7: Factor momentum performances per decade

Panel A 1970s 1980s 1990s 2000s 2010s

Everywhere val mom 1.15% 0.76% 0.65% 0.75% 0.18%
2.17 4.85 4.52 3.72 1.17

SS val mom 1.03% 0.89% 1.04% 1.45% 0.34%
3.19 4.39 4.38 3.29 1.39

AA val mom 1.68% 0.35% 0.51% 0.30% -0.02%
2.02 1.82 3.64 2.59 -0.19

SS val AA val 1.55% 0.49% 0.46% 1.01% -0.02%
2.35 2.54 3.12 3.25 -0.15

SS mom AA mom 0.96% 0.59% 0.84% 0.50% 0.25%
1.78 2.85 3.6 1.36 1.14

SS val AA mom 1.50% 0.79% 0.43% 1.16% 0.03%
2.84 3.96 2.77 3.77 0.2

SS mom AA val 0.96% 0.80% 1.08% 0.49% 0.39%
1.33 4.09 4.99 1.39 1.67

Panel B 1970s 1980s 1990s 2000s 2010s

Everywhere val 0.71% 0.46% 0.16% 0.43% 0.00%
1.31 3.08 1.33 2.15 0.01

Everywhere mom 0.90% 0.52% 0.52% 0.25% 0.21%
1.83 3.04 3.33 1 1.33

SS val 0.66% 0.47% -0.13% 0.98% -0.13%
1.69 1.96 -0.54 2.27 -0.65

SS mom 0.64% 0.61% 0.81% 0.21% 0.49%
3.38 2.96 3.37 0.42 1.79

AA val 0.73% 0.45% 0.36% 0.06% 0.09%
0.87 2.5 3.16 0.52 0.83

AA mom 1.08% 0.45% 0.32% 0.28% 0.03%
1.33 2.24 2.19 2.19 0.22
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Chapter 3

Investing in Anomalies: An

Optimal Portfolio Approach

Xinrui Duan, Jun Tu, Ran Zhang, and Guofu Zhou

ABSTRACT

We take an optimal portfolio approach on investing in multiple anomalies.

We find that a variety of estimated optimal rules outperform substantially

investing in any single anomaly. In addition, although statistical bias issue

and market arbitrage activities may significantly destroy a given anomaly’s

standalone economic value, we show that these anomalies are still valuable

collectively in the optimal portfolio even after they are out-of-sample or

published.

JEL classification: G11, G14.

Keywords: Anomaly Investing, Anomaly Choice, Mean-Variance Analysis,

Parameter Uncertainty, Sharpe ratio, CER.
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3.1 Introduction

Currently, there exist plenty of investment strategies in the growing fi-

nancial market. How these strategies should be used to increase returns

and reduce risks remains a key question to investors. Furthermore, in the

last 30 years, academia has found numerous anomalies which can predict

stock returns and generate long-term returns. However, investors have little

knowledge and limited skills to invest in anomalies optimally.

Investors may lack systematic methods to invest in anomalies. Tradi-

tionally, investors use the näıve 1/N rule to invest in anomalies. This rule,

attributed to the Talmud by Duchin and Levy (2009), has been known for

about 1,500 years, and corresponds to the equal weight portfolio in practice.

Asness et al. (2013) proposed a 50/50 strategy to equally invest in value

anomalies and momentum anomalies. They found that the 1/N rule gener-

ates larger Sharpe ratios than that of independent investing, either through

the value anomaly or momentum anomaly, within and across different asset

classes. The other conventional investing rule is based on one’s past perfor-

mance. Arnott et al. (2018), following Jegadeesh and Titman (1993) and

Moskowitz and Grinblatt (1999), defined an anomaly-momentum strategy.

Here, investors buy good anomalies and sell bad anomalies, based on the

anomalies’ past cross-sectional performance. They found that anomaly mo-

mentum investing can generate larger average returns than any individual

anomaly investing.

Investors are concerned and uncertain about issues of statistical bias

relating to anomalies. To which, academic research explores new anoma-

lies by testing different samples’ periods. Many anomalies become unex-

ploitable when tested out-of-sample. Hou, Xue, and Zhang (2018) found

that more than half of anomalies available become insignificant when out-
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of-sample. McLean and Pontiff (2016) found anomaly returns to be 26%

lower, out-of-sample, due to statistical bias. To address this, Fama (1991,

p.1585) remarked: “With many clever researchers on both sides of the

efficiency fence, rummaging for forecasting variables, we are sure to find

instances of ‘reliable’ return predictability that are in fact spurious.”

Investors also worry about market arbitrage activities, which can im-

pact anomalies’ main profits once those anomalies are published. McLean

and Pontiff (2016) found anomaly returns to be 58% lower post-publication

due to market arbitrage. When one anomaly is published, sophisticated

investors can learn about and trade that published anomaly; hence it is

expected that returns associated with that published anomaly should dis-

appear, or at least, decay.

In this paper, we explore new methods to invest in anomalies. We find

that a variety of estimated optimal rules outperform the I/N rule and the

momentum rule. In addition, although statistical bias issues and market ar-

bitrage activities may destroy a given anomaly’s economic value, we show

that these out-of-sample or published anomalies are still valuable collec-

tively, in the optimal portfolio. We use four optimization rules, namely the

Markowitz rule, the Kan and Zhou (2012) rule, the combined Markowitz

rule, as well as the combined Kan and Zhou rule, to invest in anomalies in

optimal fashion.

Taken from Markowitz’s (1952) seminal paper, the mean-variance (MV)

framework is the major model used in practice today in asset allocation

and active portfolio management, despite numerous other models devel-

oped by academics. Although the Markowitz rule has serious estimation

error issues, Tu and Zhou (2011) proposed an optimal combination of the

näıve 1/N rule with highly sophisticated strategies – the Markowitz rule
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and the Kan and Zhou (2007) rule – as a way to improve stock investing

performance. The combined rules not only have a significant impact of

improving these sophisticated strategies, but also outperform the 1/N rule

in most scenarios.

We conduct our analysis using anomalies examined in McLean and Pon-

tiff (2016), using long-short portfolio strategies that simultaneously buy and

sell extreme quintiles based on each anomaly. We compare each anomaly’s

returns over three distinct periods: (i) in-sample: the original study’s sam-

ple period, (ii) out-of-sample: the period after the original sample but

prior to publication, and (iii) post-publication: the post-publication pe-

riod. These settings are consistent with the study by McLean and Pon-

tiff (2016). We select anomalies based on t-values or returns of anoma-

lies in-sample, post-publication, and out-of-sample. We design eight sub-

samples of anomalies, including anomalies with in-sample t≥1.65 & post-

publication t≤1.65, anomalies with in-sample t≥1.96 & post-publication

t≤1.96, anomalies with in-sample t≥1.96 & post-publication return de-

crease ≥30%, anomalies with in-sample t≥1.96 & post-publication return

decrease ≥50%, anomalies with in-sample t≥1.65 & out-of-sample t≤1.65,

anomalies with in-sample t≥1.96 & out-of-sample t≤1.96, anomalies with

in-sample t≥1.96 & out-of-sample return decrease ≥30%, and anomalies

with in-sample t≥1.96 & out-of-sample return decrease ≥50%. We use

these eight subsamples of anomalies, since we want to observe changes in

anomalies’ investing performance, post-publication and out-of-sample.

We find our four optimization rules to be substantially better than the

näıve 1/N rule and momentum rule in almost all scenarios within our study,

even when the sample size (T) is as small as 120. For example, when T

= 120, γ = 1, in the first sample of anomalies with in-sample t≥1.65 and

post-publication t≤1.65, the Sharpe ratios of the Markowitz rule, the Kan
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and Zhou (2012) rule, the combined Markowitz rule, and the combined

Kan and Zhou rule are 0.6734, 0.6688, 0.6796, and 0.6782, respectively.

However, the Sharpe ratios of the 1/N rule and momentum rule are 0.3792

and 0.2048 respectively. The Sharpe ratios of the four optimization rules are

1 to 2 times larger than that of the other two rules. It is surprising that the

Markowitz rule also works well in anomaly portfolio optimization, showing

similar Sharpe ratios with the 3 other optimization rules. Nevertheless, in

the first sample, we observe that certain-equivalent returns (CERs) of the

Markowitz rule, the Kan and Zhou (2012) rule, the combined Markowitz

rule, and the combined Kan and Zhou rule are 163.76, 251.79, -447.43, and

161.81 respectively. However, the CERs of the 1/N rule and momentum

rule are 5.78 and 17.95 respectively. The CERs of the optimization rules,

except the Markowitz rule, are dramatically larger than that of the other

two rules. Due to large estimation errors, the CERs of the Markowitz rule

are usually negative. The combined Markowitz rule and the combined Kan

and Zhou rule are shown to be the two best optimization rules to invest in

anomaly portfolios. The findings are consistent with Tu and Zhou’s (2011)

findings – combination rules are better than the sophisticated rules.

Although academic research may decrease anomaly returns, post-publication

and out-of-sample, based on the evidence of McLean and Pontiff (2016), in-

vestors have more interest in anomaly portfolios’ Sharpe ratios and CERs.

McLean and Pontiff (2016) studied anomalies’ first moment value-relevant

information – returns; however, they did not consider anomalies’ second

moment value-relevant information – namely the variance-covariance ma-

trix. From optimal anomaly portfolio analyses, we find that out-of-sample

or published anomalies still contribute to the portfolio, which weakens the

evidence in McLean and Pontiff (2016). Despite this, investors should still

invest in those anomalies when they are published or out-of-sample, since

optimization rules can comprehensively analyze the anomaly portfolio’s re-
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turns and variance, which can maximize the anomaly portfolio’s Sharpe

ratios and CERs.

In our tests, we compare the Sharpe ratios and certain-equivalent re-

turns of different rules, post-publication and out-of-sample. We explore

whether optimization rules generate larger Sharpe ratios and certain-equivalent

returns than the 1/N rule and the momentum rule under these conditions,

and the Sharpe ratios and certain-equivalent returns of different rules after

removing anomalies from our portfolio, once those anomalies are published.

We define two scenarios: in scenario one, we remove anomalies from our

portfolio once those anomalies are published. In scenario two, we remove

anomalies in the 5 years following those anomalies’ publication, and add

them back into our anomaly portfolio after 5 years.

In scenario one, we find that the four optimization rules’ Sharpe ra-

tios and CERs decrease when anomalies are removed post-publication and

out-of-sample, in most cases. However, the 1/N rule and momentum rule’s

Sharpe ratios and CERs do not decrease when anomalies are removed post-

publication and out-of-sample, in most cases. In some instances especially,

the 1/N rule and momentum rule’s Sharpe ratios increase when anomalies

are removed post-publication and out-of-sample. It illustrates the miscon-

ception of anomaly investors, that removing anomalies post-publication

and out-of-sample can increase the Sharpe ratios of their anomaly portfo-

lios, following the 1/N rule. This finding is partially consistent with the

imperfect conclusions of McLean and Pontiff (2016). We use the estimation

window T = 240, with risk aversion γ = 1. In the sample of anomalies with

in-sample t≥1.96 & post-publication t≤1.96, we find the average Sharpe

ratio of the four optimization rules to decrease dramatically, from 0.82 to

0.60, with 1% significance level. However, the Sharpe ratio of the I/N rule

decreases from 0.39 to 0.34, while the Sharpe ratio of the momentum rule
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decreases slightly from 0.1996 to 0.1977. Both results are not significant.

The changes in CERs of the six rules are consistent with their correspond-

ing changes in Sharpe ratios, with the exception of the 1/N rule, which

increases from 5.99 to 6.37.

In scenario two, we find that the Sharpe ratios and CERs of the four

optimization rules decrease when anomalies are removed in the 5 years

following those anomalies’ publication, and added back into our anomaly

portfolio thereafter. However, the 1/N rule and momentum rule’s Sharpe

ratios and CERs only decrease slightly in most cases, under the same condi-

tions. In some cases especially, the 1/N rule and momentum rule’s Sharpe

ratios increase when removed anomalies are added back into our anomaly

portfolio after 5 years. We use the estimation window T = 240, and risk

aversion γ = 1. In the sample of anomalies with in-sample t≥1.96 & post-

publication t≤1.96, we find the average Sharpe ratio of the four optimiza-

tion rules to decrease dramatically, from 0.82 to 0.76, with 5% significance

level. However, the Sharpe ratio of the I/N rule decreases, from 0.39 to

0.35, while the Sharpe ratio of the momentum rule decreases slightly, from

0.1996 to 0.1871. Both results are not significant. The changes to CERs

in these six rules are consistent with the changes to their Sharpe ratios,

except the 1/N rule, which increases from 5.99 to 6.18.

Both scenarios’ results support our hypothesis: investors should still

invest in those anomalies when they are published or out-of-sample.

The remainder of the paper is organized as follows: Section 2 provides

methodologies for several rules; Section 3 reports the summary statistics

for selected anomalies; Section 4 evaluates and compares the performance

of different rules post-publication and out-of-sample; and Section 5 gives a

conclusion.
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3.2 Methodologies

In this section, we illustrate four different optimization rules, namely, the

Markowitz rule (Markowitz, 1952), the combined Markowitz rule (Tu and

Zhou 2011), the KZ rule (Kan and Zhou, 2007), and the combined KZ rule

(Tu and Zhou, 2011). We furtherly introduce the näıve 1/N rule, attributed

to the Talmud by Duchin and Levy (2009), and the momentum rule, first

proposed to stock investing by Jagadeesh and Titman (1993) and recently

extended to anomaly investing by Arnott et al. (2018).

3.2.1 Markowitz rule and combined Markowitz rule

The simplest case is the standard maximum likelihood (ML) rule or the

(estimated) Markowitz rule. The combined Markowitz rule combines the

1/N rule with the standard Markowitz rule. Let µ̂ and Σ̂ be the sample

mean and covariance matrix of RT+1, then the ML rule is given by ŵML =

Σ̂−1µ̂/γ. Instead of using ŵML, we use a scaled variable:

w̄ =
1

γ
Σ̃−1µ̂ (3.1)

where Σ̃ = (T/(T − N − 2))Σ̂. The scaled w̄ is unbiased and performs

slightly better than ŵML. The combination rule is

ŵc = (1− δ)we + δw̄ (3.2)

Then the expected loss associated with ŵc is (all proofs are in the appen-

dices)

L(w∗, ŵc) =
γ

2
[(1− δ)2π1 + δ2π2], (3.3)
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where π1 = (we − w∗)′Σ(we − w∗), π2 = E[(w̄ − w∗)′Σ(w̄ − w∗)]. Note that

π1 measures the impact from the bias of the 1/N rule, and π2 measures

the impact from the variance of w̄. Thus, the combination coefficient δ

determines the tradeoff between bias and variance. The optimal choice is

easily shown as

δ∗ =
π1

π1 + π2

. (3.4)

Summarizing the result, we have

PROPOSITION 1 If π1 > 0, then there exists an optimal δ∗, 0 < δ∗ < 1,

such that

L(w∗, ŵc) < min[L(w∗, we), L(w∗, w̄)],

i,e., the optimal combination rule ŵc strictly dominates both the 1/N rule

and w̄.

The condition π1 > 0 is trivially satisfied in practice because the 1/N

rule will not be equal to the truly optimal rule, with a probability of one.

Proposition 1 says that the optimal combination rule ŵc indeed provides

vast improvements over both the 1/N rule and w̄. 1 Suppose π1 = π2, then

δ∗ = 1/2, and the loss of ŵc will be only one-half of the loss of either the 1/N

rule or w̄. This works exactly like a diversification over two independent

and identically distributed risky assets.

To estimate δ∗, we only need to estimate π1 and π2, which can be done

as follows:

π̂1 = w′eΣ̂we −
2

γ
w′eµ̂+

1

γ2
θ̃2, (3.5)

π̂2 =
1

γ2
(c1 − 1)θ̃2 +

c1

γ2

N

T
, (3.6)

where θ̃2 is an estimator of θ2 = µ′Σ−1µ given by Kan and Zhou (2007),

1
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and c1 = (T − 2)(T −N − 2)/(T −N − 1)(T −N − 4). The condition of

T > N + 4 is needed here to ensure the existence of the second moment of

Σ̂−1. Summarizing, we have

PROPOSITION 2 Assume T > N + 4. On the combination of the 1/N

rule with w̄, ŵc = (1− δ)we + δw̄, the estimated optimal one is

ŵCML = (1− δ̂)we + δ̂w̄

, where δ̂ = π̂1/(π̂1 + π̂2) with π̂1 and π̂2 given by (5) and (6).

Proposition 2 provides a simple way to optimally combine the 1/N rule

with the unbiased ML rule w̄. This combination rule is easy to carry out in

practice, since it is only a given function of the data. However, due to the

errors in estimating δ∗, there is no guarantee that the estimated optimal

combination rule, ŵCML, will always be better than either the 1/N rule or

w̄. Nevertheless, in our later simulations, the magnitude of the errors in

estimating δ∗, though varying over different scenarios, are generally small.

Hence, ŵCML does improve upon w̄, and can either outperform the 1/N

rule or achieve comparable performances in most scenarios. Therefore, this

combination does provide improvements overall. In addition, as T goes to

infinity, ŵCML converges to the true optimal portfolio rule.

3.2.2 Kan and Zhou (2007) rule and combined Kan

and Zhou (2007) rule

In the Kan and Zhou (2007) rule, ŵKZ is motivated to minimize the impact

of estimation errors via a three-fund portfolio. The associated three-fund
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optimal portfolio weights are then given by

ŵIII =
c3

γ

[(
ψ̂2
a

ψ̂2
a + N

T

)
Σ̂−1µ̂+

(
N
T

ψ̂2
a + N

T

)
µ̂gΣ̂

−11N

]
(3.7)

where

c3 =
(T −N − 1)(T −N − 4)

T (T − 2)
, (3.8)

µ̂g =
µ̂′Σ̂−11N

1′N Σ̂−11N
, (3.9)

ψ̂2
a =

(T −N − 1)ψ̂2 − (N − 1)

T
+

2(ψ̂2)
N−1

2 (1 + ψ̂2)−
T−2
2

TBψ̂2/(1+ψ̂2)((N − 1)/2, (T −N + 1)/2)

(3.10)

Consider now the combination of the 1/N rule with the Kan and Zhou

(2007) rule, we have

PROPOSITION 3 Assume T > N+4. In the combination of the 1/N

rule with the Kan and Zhou (2007) rule, w̃c = (1 − δk)we + δkŵ
KZ, the

estimated optimal one is

ŵCKZ = (1− δ̂k)we + δ̂kŵ
KZ , (3.11)

where δ̂k = (π̂1 − π̂13)/(π̂1 − 2π̂13 + π̂3) with π̂1 given by (9), and π̂13 and

π̂3 given by

π̂13 =
1

γ2
θ̃2−1

γ
w′eµ̂+

1

γc1

(
[η̂w′eµ̂+ (1− η̂)µ̂gw

′
e1N ]− 1

γ
[η̂µ̂′Σ̃−1µ̂+ (1− η̂)µ̂gµ̂

′Σ̃−11N ]

)
,

(3.12)

π̂3 =
1

γ2
θ̃2 − 1

γ2c1

(
θ̃2 − N

T
η̂

)
. (3.13)

Proposition 3 provides the estimated optimal combination rule that com-

bines the 1/N rule with ŵKZ . By design, it should be better than the 1/N

rule if the errors in estimating the true optimal δk are small and if the 1/N

rule is not exactly identical to the true optimal portfolio rule.
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3.2.3 1/N rule

In contrast to the above sophisticated strategies, the näıve 1/N diversifi-

cation rule, which invests equally across N anomalies of interest, relies on

neither any theory nor any data.

3.2.4 Momentum rule

Arnott et al. (2018), following Jegadeesh and Titman (1993), and Moskowitz

and Grinblatt (1999), defined the anomaly momentum strategy. Each

month, anomalies are ranked by their lagged one-month returns, and then

taken as long and short positions via the single best and the single worst

performing anomaly.

3.3 Summary statistics

We conduct our analysis using anomalies examined in McLean and Pontiff

(2016). We use long-short portfolio strategies that simultaneously buy and

sell extreme quintiles that are based on each anomaly. We compare each

anomaly’s returns over three distinct periods: (i) in-sample: the original

study’s sample period, (ii) out-of-sample: the period after the original sam-

ple but prior to publication, and (iii) post-publication: the post-publication

period. These settings are consistent with those in McLean and Pontiff’s

(2016) study.

Table 3.1 reports the summary statistics for selected anomalies’ returns,

Sharpe ratios, and certain-equivalent returns (CERs) with both risk aver-

sion coefficients. We select anomalies based on those examined in McLean
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and Pontiff (2016) and make different anomaly subsamples based on dif-

ferent scenarios. Table 3.1 reports mean values, minimum values, median

values, maximum values, and standard deviations for selected anomalies’

returns, Sharpe ratios, and certain-equivalent returns (CERs) and reports

the number of anomalies in each subsample. The sample period lasts till

June 2018.

Panel A selects anomalies based on t-values or returns of anomalies

in-sample and post-publication. Panel A summarizes four subsamples of

anomalies, including anomalies with in-sample t>1.65 & post-publication

t<1.65, anomalies with in-sample t>1.96 & post-publication t<1.96, anoma-

lies with in-sample t>1.96 & post-publication return decrease>30%, and

anomalies with in-sample t>1.96 & post-publication return decrease>50%.

There are 31 anomalies with t-values over 1.96 in-sample, but having their

returns decrease over 30% post-publication. The average returns and Sharpe

ratios of these 31 anomalies are 0.59 and 0.19, respectively. The average

CERs of these 31 anomalies are 6.40 (γ = 1) and 4.92 (γ = 3).

Panel B selects anomalies based on t-values or returns of anomalies

in-sample and post-publication. Panel B summarizes four subsamples of

anomalies, including anomalies with in-sample t>1.65 & out-of-sample

t<1.65, anomalies with in-sample t>1.96 & out-of-sample t<1.96, anoma-

lies with in-sample t>1.96 & out-of-sample return decrease>30%, and anoma-

lies with in-sample t>1.96 & out-of-sample return decrease >50%. There

are 23 anomalies with t-values over 1.96 in-sample, but having their returns

decrease over 30% out-of-sample. The average returns and Sharpe ratios

of these 23 anomalies are 0.55 and 0.20, respectively. The average CERs

of these 23 anomalies are 6.01 (γ = 1) and 4.74 (γ = 3).
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3.4 Performance evaluation

In this section, we evaluate and compare the performance of different rules,

post-publication and out-of-sample.

3.4.1 Sharpe ratios and certain-equivalent returns for

different rules

In this subsection, we explore whether optimization rules generate larger

Sharpe ratios and certain-equivalent returns than the näıve 1/N rule and

momentum rule.

Given a sample size of M, we use a rolling estimation approach with two

estimation windows of length T = 120 and 240 months, respectively. In

each month t, starting from t - T + 1, we use the data in the most recent T

months, up to month t, to compute the various portfolio rules, and apply

them to determine the investments for the next month. For instance, let

wz,t be the estimated optimal portfolio rule in month t for a given rule ’z’

and let rt+1 be the excess return on the anomalies realized in month t+ 1.

The realized excess return on the portfolio would be rz,t+1 = w′z,trt+1. We

then compute the average value of the M − T realized returns, µ̂z, and

the standard deviation, σ̂z. The certainty-equivalent return (CER) is thus

given by

CERz = µ̂z −
γ

2
σ̂2
z , (3.14)

which can be interpreted as the risk-free rate of return that an investor

is willing to accept instead of adopting the given anomaly rule z. Clearly,
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the higher the CER, the better the rule. As before, we set the risk aversion

coefficient γ to 3. Note that all CERs have a common term of the average

realized risk-free rate, which is canceled out in their difference. Hence, as

in the case for the expected utilities, we report the CERs by ignoring the

risk- free rate term.

With the real data, the truly optimal rule is unknown. We approximate

it by using the ML estimator based on the entire sample. This will be re-

ferred to as the in-sample ML rule. Although this rule is not implementable

in practice, it is the rule that one would have obtained based on the ML

estimator, had one known all the data in advance. Its performance may

serve as a useful benchmark to measure how estimation errors affect the

out-of-sample results.

Table 3.2 reports the Sharpe ratio for different rules, including the 1/N

rule, the Markowitz (ML) strategy, the Kan and Zhou (KZ) rule, both of

Tu and Zhou’s (2011) combined rules (CML, CKZ), and the momentum

rule. All rules are based on two estimation windows of length T = 120 and

240 months, respectively. Correspondingly, the risk aversion coefficients γ

are 1 and 3, respectively.

We find that the four optimization rules have similar Sharpe ratios in

each anomaly subsample. These four optimization rules generate larger

Sharpe ratios than the näıve 1/N rule and momentum rule in all subsam-

ples. The momentum rule has the lowest Sharpe ratio, compared to the

optimization rules and näıve 1/N rule.

Table 3.3 reports certainty-equivalent returns (CERs) for different rules,

including the 1/N rule, the Markowitz (ML) rule, the Kan and Zhou (KZ)

rule, both of Tu and Zhou’s (2011) combined rules (CML, CKZ), and the

momentum rule.
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3.4.2 Comparing Sharpe ratios and certain-equivalent

returns of different rules post-publication and

out-of-sample

In this subsection, we explore whether optimization rules generate larger

Sharpe ratios and certain-equivalent returns than the näıve 1/N rule and

momentum rule, post-publication and out-of-sample, and how Sharpe ra-

tios and certain-equivalent returns of different rules change after removing

anomalies from our anomaly portfolio, once those anomalies are published.

We show all rules based on an estimation window of length T = 240 and

risk aversion coefficient γ = 1. We obtain consistent results by using other

estimation window lengths and risk aversion coefficients.

Table 3.4 reports three scenarios of anomalies’ Sharpe ratios. The first

scenario constructs rules based on all available anomalies through June

2018. In the second scenario, we remove anomalies from our anomaly

portfolio, once those anomalies are published. In the third scenario, we

remove anomalies in the 5 years following those anomalies’ publication and

add them back into our anomaly portfolio thereafter.

We find that the four optimization rules’ Sharpe ratios significantly de-

crease if anomalies are removed post-publication and out-of-sample in most

cases. However, the 1/N rule and momentum rule’s Sharpe ratios do not

significantly decrease in most cases. In some cases especially, the 1/N rule

and momentum rule’s Sharpe ratios increase if anomalies are removed post-

publication and out-of-sample. It illustrates the misconception of anomaly

investors to drop anomalies post-publication and out-of-sample. This par-

tially supports the findings of McLean and Pontiff (2016). They found

that the average anomaly’s long-short return declines by 26% out-of-sample

and the average anomaly’s long-short return shrinks 58% post-publication.
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Näıve investors using the 1/N method to construct their anomaly portfolio

should remove anomalies post-publication and out-of-sample, since their

Sharpe ratios increase after removal.

In addition, if investors who use optimization rules remove anomalies

in the 5 years following those anomalies’ publication, and add them back

into their anomaly portfolio thereafter, they would observe this strategy’s

Sharpe ratios to be significantly lesser than the Sharpe ratios of the four

optimization rules in most cases, without the removal of anomalies.

Table 3.5 reports three scenarios of anomalies’ certainty-equivalent re-

turns. The first scenario constructs rules based on all available anomalies

through June 2018. In the second scenario, we remove anomalies from

our anomaly portfolio once those anomalies are published. In the third

scenario, we remove anomalies in the 5 years following those anomalies’

publication and add them back into our anomaly portfolio thereafter.

Consistent with the Sharpe ratios of Table 3.4, we find that the four op-

timization rules’ CERs decrease if anomalies are removed post-publication

and out-of-sample in most cases. However, the 1/N rule’s CERs increase if

anomalies are removed post-publication and out-of-sample in most cases.

It illustrates the misconception of anomaly investors to drop anomalies

post-publication and out-of-sample. It also partially supports the findings

of McLean and Pontiff (2016). Näıve investors using 1/N methods to con-

struct their anomaly portfolio should remove anomalies post-publication

and out-of-sample, since their CERs increase after removal.

In addition, if investors who use optimization rules remove anomalies

in the 5 years following those anomalies’ publication and add them back

into their anomaly portfolio thereafter, they would observe this strategy’s

CERs to be lesser than the CERs of the four optimization rules in most
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cases, without the removal of anomalies.

The evidence of Sharpe ratios and CERs supports that investors should

always optimally invest in all anomalies, and not drop any anomalies post-

publication and out-of-sample.

3.5 Conclusion

The modern portfolio theory pioneered by Markowitz (1952) and its exten-

sions, Kan and Zhou (2007) and Tu and Zhou (2011) laid the cornerstone

to portfolio optimization. In this paper, we find these optimization rules

are also useful to optimally invest in anomalies. We find four optimization

rules are substantially better than the 1/N rule and the momentum rule in

different subsamples. The outperformance of optimization rules is robust

in different estimation windows and risk aversion coefficients.

The ‘post-publication and out-of-sample effects’ (McLean and Pontiff,

2016) becomes weak if investors use optimization rules to invest anomaly

portfolio. We conclude that investors should still invest those anomalies

even if they are published or out-of-sample, since our optimization rules

can largely estimate anomaly portfolio’s return and variance and maximize

anomaly portfolio’s Sharpe ratios and CERs.

115



Bibliography

Arthur, M. B. and D. M. Rousseau (2001): The boundaryless ca-

reer: A new employment principle for a new organizational era, Oxford

University Press on Demand.

Baker, M. and J. Wurgler (2006): “Investor sentiment and the cross-

section of stock returns,” The journal of Finance, 61, 1645–1680.

Barber, B. M. and T. Odean (2007): “All that glitters: The effect of

attention and news on the buying behavior of individual and institutional

investors,” The Review of Financial Studies, 21, 785–818.

Ben-Rephael, A., Z. Da, and R. D. Israelsen (2017): “It depends

on where you search: institutional investor attention and underreaction

to news,” The Review of Financial Studies, 30, 3009–3047.

Bidwell, M. and E. Mollick (2015): “Shifts and ladders: Comparing

the role of internal and external mobility in managerial careers,” Orga-

nization Science, 26, 1629–1645.

Brayfield, A. H. and W. H. Crockett (1955): “Employee attitudes

and employee performance.” Psychological bulletin, 52, 396.

Cao, J., T. Chordia, and C. Lin (2016): “Alliances and return pre-

dictability,” Journal of Financial and Quantitative Analysis, 51, 1689–

1717.

Cappelli, P. (2000): “A market-driven approach to retaining talent.”

Harvard business review, 78, 103–11.

Carhart, M. M. (1997): “On persistence in mutual fund performance,”

The Journal of finance, 52, 57–82.

Chan, L. K., N. Jegadeesh, and J. Lakonishok (1996): “Momentum

strategies,” The Journal of Finance, 51, 1681–1713.

Coff, R. W. (1997): “Human assets and management dilemmas: Coping

with hazards on the road to resource-based theory,” Academy of man-

116



agement review, 22, 374–402.

Cohen, L. and A. Frazzini (2008): “Economic links and predictable

returns,” The Journal of Finance, 63, 1977–2011.

ENGELBERG, J. and P. Gao (2011): “In search of attention,” The

Journal of Finance, 66, 1461–1499.

Fama, E. F. and K. R. French (1993): “Common risk factors in the

returns on stocks and bonds,” Journal of financial economics, 33, 3–56.

——— (2015): “A five-factor asset pricing model,” The Journal of finance,

116, 1–22.

——— (2018): “Choosing factors,” Journal of Financial Economics, 128,

234–252.

Gardner, T. M. (2005): “Interfirm competition for human resources:

Evidence from the software industry,” Academy of Management Journal,

48, 237–256.

Hall, R. (1993): “A framework linking intangible resources and capabili-

ites to sustainable competitive advantage,” Strategic management jour-

nal, 14, 607–618.

Henderson, W. D. and L. Bierman (2009): “An empirical analysis of

lateral lawyer trends from 2000 to 2007: The emerging equilibrium for

corporate law firms,” Geo. J. Legal Ethics, 22, 1395.

Hirshleifer, D., P.-H. Hsu, and D. Li (2013): “Innovative efficiency

and stock returns,” Journal of Financial Economics, 107, 632–654.

——— (2017): “Innovative originality, profitability, and stock returns,”

The Review of Financial Studies, 31, 2553–2605.

Hirshleifer, D. and S. H. Teoh (2003): “Limited attention, infor-

mation disclosure, and financial reporting,” Journal of accounting and

economics, 36, 337–386.

Hong, H. and J. C. Stein (1999): “A unified theory of underreaction,

117



momentum trading, and overreaction in asset markets,” The Journal of

finance, 54, 2143–2184.

Hou, K. (2007): “Industry information diffusion and the lead-lag effect in

stock returns,” The Review of Financial Studies, 20, 1113–1138.

Hou, K. and T. J. Moskowitz (2005): “Market frictions, price de-

lay, and the cross-section of expected returns,” The Review of Financial

Studies, 18, 981–1020.

Hou, K., W. Xiong, and L. Peng (2009): “A tale of two anomalies:

The implications of investor attention for price and earnings momen-

tum,” .

Huang, X. (2015): “Thinking outside the borders: Investors’ underreac-

tion to foreign operations information,” The Review of Financial Studies,

28, 3109–3152.

Huberman, G. and T. Regev (2001): “Contagious speculation and a

cure for cancer: A nonevent that made stock prices soar,” The Journal

of Finance, 56, 387–396.

Jegadeesh, N. and S. Titman (1993): “Returns to buying winners and

selling losers: Implications for stock market efficiency,” The Journal of

finance, 48, 65–91.

Kahneman, D. (1973): Attention and effort, vol. 1063, Citeseer.

Lee, C., S. T. Sun, R. Wang, and R. Zhang (2018): “Technological

Links and Predictable Returns,” .

Markman, G. D., P. T. Gianiodis, and A. K. Buchholtz (2009):

“Factor-market rivalry,” Academy of Management Review, 34, 423–441.

Merton, R. C. (1987): “A simple model of capital market equilibrium

with incomplete information,” The journal of finance, 42, 483–510.

Moskowitz, T. J. and M. Grinblatt (1999): “Do industries explain

momentum?” The Journal of Finance, 54, 1249–1290.

118



Peng, L. and W. Xiong (2006): “Investor attention, overconfidence and

category learning,” Journal of Financial Economics, 80, 563–602.

Phillips, D. J. (2002): “A genealogical approach to organizational life

chances: The parent-progeny transfer among Silicon Valley law firms,

1946–1996,” Administrative Science Quarterly, 47, 474–506.

Ramnath, S. (2002): “Investor and analyst reactions to earnings an-

nouncements of related firms: An empirical analysis,” Journal of Ac-

counting Research, 40, 1351–1376.

Rao, H. and R. Drazin (2002): “Overcoming resource constraints on

product innovation by recruiting talent from rivals: A study of the mu-

tual fund industry, 1986–1994,” Academy of management Journal, 45,

491–507.

Schneider, B., P. J. Hanges, D. B. Smith, and A. N. Salvag-

gio (2003): “Which comes first: employee attitudes or organizational

financial and market performance?” Journal of applied psychology, 88,

836.

Seasholes, M. S. and G. Wu (2007): “Predictable behavior, profits,

and attention,” Journal of Empirical Finance, 14, 590–610.

Singh, J. and A. Agrawal (2011): “Recruiting for ideas: How firms

exploit the prior inventions of new hires,” Management Science, 57, 129–

150.

Weitz, J. and R. C. Nuckols (1955): “Job satisfaction and job sur-

vival.” Journal of Applied Psychology, 39, 294.

Wurgler, J. and E. Zhuravskaya (2002): “Does arbitrage flatten

demand curves for stocks?” The Journal of Business, 75, 583–608.

Yu, T. and A. A. Cannella Jr (2007): “Rivalry between multinational

enterprises: An event history approach,” Academy of Management Jour-

nal, 50, 665–686.

119



Yuan, Y. (2008): “Attention and trading,” Unpublished Working Paper.

University of Pennsylvania.

Zablah, A. R., B. D. Carlson, D. T. Donavan, J. G. Maxham III,

and T. J. Brown (2016): “A cross-lagged test of the association be-

tween customer satisfaction and employee job satisfaction in a relational

context.” Journal of Applied Psychology, 101, 743.

Zhang, X. F. (2006): “Information uncertainty and stock returns,” The

Journal of Finance, 61, 105–137.

120



Table 3.1: Summary Statistics

This table reports the summary statistics for the anomaly long-short port-

folios average return, Sharpe ratio, and certain-equivalent return (CER). Panel

A reports summary statistics for anomalies with returns drop after publication.

Panel B reports for anomalies with returns drop after sample period end in the

original paper. Within each panel, we select anomalies that have significant in-

sample returns, and such returns drop after publication or sample period end

based on different criterion. Our sample period ends in June 2018.

Panel A: Anomalies with returns drop after publication

Mean Min Median Max Stddev

Anomalies with in-sample t≥1.65 & post-publication t≤1.65 N=21(33%)
Return 0.44 0.13 0.41 0.94 0.23

Sharpe ratio 0.15 0.07 0.12 0.33 0.08
CER with γ = 1 4.65 1.36 3.86 10.07 2.50
CER with γ = 3 3.29 0.36 2.78 7.93 2.33

Anomalies with in-sample t≥1.96 & post-publication t≤1.96 N=22(34%)
Return 0.50 0.16 0.48 0.94 0.22

Sharpe ratio 0.15 0.09 0.12 0.33 0.07
CER with γ = 1 5.09 1.76 4.41 10.07 2.31
CER with γ = 3 3.38 0.36 2.85 7.93 2.20

Anomalies with in-sample t≥1.96 & post-publication return decrease ≥30% N=31(48%)
Return 0.59 0.16 0.55 1.52 0.28

Sharpe ratio 0.19 0.09 0.19 0.34 0.09
CER with γ = 1 6.40 1.76 5.84 16.75 3.20
CER with γ = 3 4.92 0.36 3.93 13.88 3.10

Anomalies with in-sample t≥1.96 & post-publication return decrease ≥50% N=19(30%)
Return 0.55 0.16 0.51 1.01 0.25

Sharpe ratio 0.21 0.09 0.21 0.34 0.09
CER with γ = 1 6.06 1.76 5.98 11.43 2.89
CER with γ = 3 5.01 1.05 5.33 10.06 2.84
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Table 3.1: Summary Statistics (Continued)

Panel B: Anomalies with returns drop after sample period end

Mean Min Median Max Stddev

Anomalies with in-sample t≥1.65 & out-of-sample t≤1.65 N=16(25%)
Return 0.40 0.13 0.40 0.74 0.18

Sharpe ratio 0.12 0.07 0.11 0.32 0.06
CER with γ = 1 3.93 1.36 3.74 8.58 1.88
CER with γ = 3 2.30 0.36 1.94 7.93 1.76

Anomalies with in-sample t≥1.96 & out-of-sample t≤1.96 N=16(25%)
Return 0.43 0.16 0.42 0.74 0.17

Sharpe ratio 0.13 0.09 0.11 0.32 0.06
CER with γ = 1 4.28 1.76 3.91 8.58 1.72
CER with γ = 3 2.55 0.36 2.19 7.93 1.72

Anomalies with in-sample t≥1.96 & out-of-sample return decrease ≥30% N=23(36%)
Return 0.55 0.16 0.51 1.52 0.30

Sharpe ratio 0.20 0.09 0.17 0.34 0.09
CER with γ = 1 6.01 1.76 5.79 16.75 3.41
CER with γ = 3 4.74 0.36 3.56 13.88 3.34

Anomalies with in-sample t≥1.96 & out-of-sample return decrease ≥50% N=16(25%)
Return 0.49 0.16 0.49 0.91 0.20

Sharpe ratio 0.18 0.09 0.14 0.33 0.09
CER with γ = 1 5.23 1.76 4.63 10.42 2.33
CER with γ = 3 3.87 0.36 3.19 9.38 2.61
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Table 3.2: Sharpe Ratios for Strategies

This table reports Sharpe ratios for different strategies based on 1/N rule, the

Markowitz (ML) rule, the Kan and Zhou (KZ) rule, the two Tu and Zhou (2011)

combined (CML, CKZ) rules and the momentum (MOM) rule. All strategies

are constructed based on all available anomalies through June 2018. All rules

are based on two estimation windows of length T=120 and 240 months, respec-

tively. The risk aversion coefficients γ are 1 and 3, respectively. Panel A reports

Sharpe ratios of strategies based on anomalies with returns drop after publica-

tion. Panel B reports for strategies based on anomalies with returns drop after

sample period end in the original paper. Within each panel, we select anomalies

that have significant in-sample returns, and such returns drop significantly after

publication or sample period end based on different criterion.

Panel A: Anomalies with returns drop after publication

T=120,γ = 1 T=120,γ = 3 T=240,γ = 1 T=240,γ = 3

Anomalies with in-sample t≥1.65 & post-publication t≤1.65
1/N 0.3792 0.3792 0.3288 0.3288
CML 0.6734 0.6737 0.7364 0.7365
CKZ 0.6688 0.6697 0.7387 0.7389
ML 0.6796 0.6796 0.743 0.743
KZ 0.6782 0.6782 0.7448 0.7448

MOM 0.2048 0.2048 0.2145 0.2145

Anomalies with in-sample t≥1.96 & post-publication t≤1.96
1/N 0.4368 0.4368 0.3863 0.3863
CML 0.7354 0.736 0.8184 0.8187
CKZ 0.7279 0.7291 0.8163 0.8166
ML 0.7401 0.7401 0.8236 0.8236
KZ 0.7373 0.7373 0.8221 0.8221

MOM 0.1934 0.1934 0.1996 0.1996

Anomalies with in-sample t≥1.96 & post-publication return down ≥30%
1/N 0.6222 0.6222 0.6104 0.6104
CML 0.8619 0.8624 0.888 0.8884
CKZ 0.8587 0.8599 0.8882 0.8886
ML 0.858 0.858 0.8895 0.8895
KZ 0.8656 0.8656 0.8917 0.8917

MOM 0.2103 0.2103 0.1971 0.1971

Anomalies with in-sample t≥1.96 & post-publication return down ≥50%
1/N 0.5826 0.5826 0.5768 0.5768
CML 0.5861 0.5867 0.6201 0.6203
CKZ 0.592 0.5933 0.6213 0.6215
ML 0.5932 0.5932 0.628 0.628
KZ 0.6044 0.6044 0.6293 0.6293

MOM 0.2098 0.2098 0.2003 0.2003
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Table 3.2: Sharpe Ratio for Strategies (Continued)

Panel B: Anomalies with returns drop after sample period end

T=120,γ = 1 T=120,γ = 3 T=240,γ = 1 T=240,γ = 3

Anomalies with in-sample t≥1.65 & out-of-sample t≤1.65
1/N 0.2704 0.2704 0.2253 0.2253
CML 0.5882 0.5883 0.7213 0.7212
CKZ 0.5822 0.5827 0.729 0.7289
ML 0.6002 0.6002 0.7297 0.7297
KZ 0.5954 0.5954 0.7382 0.7382

MOM 0.2153 0.2153 0.2388 0.2388

Anomalies with in-sample t≥1.96 & out-of-sample t≤1.96
1/N 0.2824 0.2824 0.2324 0.2324
CML 0.5992 0.5992 0.6978 0.6981
CKZ 0.5965 0.5971 0.7053 0.7057
ML 0.6127 0.6127 0.7034 0.7034
KZ 0.6113 0.6113 0.7113 0.7113

MOM 0.2182 0.2182 0.234 0.234

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥30%
1/N 0.7094 0.7094 0.7618 0.7618
CML 0.8886 0.8889 0.9989 0.9993
CKZ 0.8892 0.8898 1.0015 1.0019
ML 0.8836 0.8836 0.9982 0.9982
KZ 0.8943 0.8943 1.0037 1.0037

MOM 0.1913 0.1913 0.1733 0.1733

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥50%
1/N 0.5258 0.5258 0.5805 0.5805
CML 0.6112 0.6115 0.7161 0.7164
CKZ 0.6161 0.6169 0.7155 0.7159
ML 0.619 0.619 0.7246 0.7246
KZ 0.628 0.628 0.7246 0.7246

MOM 0.1775 0.1775 0.1901 0.1901
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Table 3.3: Certainty-Equivalent Returns for Strategies

This table reports certain equivalent returns for different strategies based on

1/N rule, the Markowitz (ML) rule, the Kan and Zhou (KZ) rule, the two Tu and

Zhou (2011) combined (CML, CKZ) rules and the momentum (MOM) rule. All

strategies are constructed based on all available anomalies through June 2018.

All rules are based on two estimation windows of length T=120 and 240 months,

respectively. The risk aversion coefficients γ are 1 and 3, respectively. Panel A

reports certain-equivalent returns of strategies based on anomalies with returns

drop after publication. Panel B reports for strategies based on anomalies with

returns drop after sample period end in the original paper. Within each panel, we

select anomalies that have significant in-sample returns, and such returns drop

significantly after publication or sample period end based on different criterion.

Panel A: Anomalies with returns drop after publication

T=120,γ = 1 T=120,γ = 3 T=240,γ = 1 T=240,γ = 3

Anomalies with in-sample t≥1.65 & post-publication t≤1.65
1/N 5.78 5.58 5.55 5.3
CML 163.76 55.05 257.33 86.12
CKZ 251.79 84.27 304.95 101.84
ML -447.43 -149.14 119.81 39.94
KZ 161.81 53.94 268.73 89.58

MOM 17.95 7.08 20.16 7.41

Anomalies with in-sample t≥1.96 & post-publication t≤1.96
1/N 6.57 6.37 5.99 5.78
CML 191.72 64.67 320.56 107.3
CKZ 297.37 99.65 371.95 124.26
ML -612.82 -204.27 138.48 46.16
KZ 184.64 61.55 325.62 108.54

MOM 18.47 3.42 20.12 2.78

Anomalies with in-sample t≥1.96 & post-publication return down ≥30%
1/N 8.26 8.11 8.03 7.88
CML 83.63 28.99 55.27 19.42
CKZ 395.37 132.42 282.82 94.91
ML -2893.23 -964.41 -774.35 -258.12
KZ 82.34 27.45 60.39 20.13

MOM 20.62 5.84 19.71 2.52

Anomalies with in-sample t≥1.96 & post-publication return down ≥50%
1/N 8.19 8.02 8.42 8.24
CML 20.82 7.96 126.25 42.6
CKZ 163.45 55.11 185.16 62.04
ML -657.21 -219.07 -22.58 -7.53
KZ 44.99 15 139.05 46.35

MOM 15.74 8.72 16.29 7.32
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Table 3.3: Certain-Equivalent Returns for Strategies (Continued)

Panel B: Anomalies with returns drop after sample period end

T=120,γ = 1 T=120,γ = 3 T=240,γ = 1 T=240,γ = 3

Anomalies with in-sample t≥1.65 & post-publication t≤1.65
1/N 5.52 5.15 5.29 4.79
CML 84.42 28.42 306.17 102.1
CKZ 162.58 54.44 318.83 106.22
ML -274.06 -91.35 279.63 93.21
KZ 86.26 28.75 323.65 107.88

MOM 18.32 8.71 22.3 10.8

Anomalies with in-sample t≥1.96 & out-of-sample t≤1.96
1/N 6.14 5.72 5.65 5.11
CML 111.46 37.48 268.99 90
CKZ 185.98 62.27 295.12 98.55
ML -240.47 -80.16 209.06 69.69
KZ 120.9 40.3 284.79 94.93

MOM 18.85 8.93 22.01 10.12

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥30%
1/N 8.95 8.82 9.49 9.36
CML 161.32 54.5 442.76 148.16
CKZ 402.54 134.61 537.8 179.66
ML -1339.69 -446.56 127.78 42.59
KZ 164.54 54.85 449.42 149.81

MOM 17.17 4.71 16.11 -0.31

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥50%
1/N 8.02 7.82 9.11 8.9
CML 16.16 6.12 259.22 86.79
CKZ 156.17 52.57 288.74 96.51
ML -523.54 -174.51 182.84 60.95
KZ 40.76 13.59 269.28 89.76

MOM 14.37 4.52 17.09 4.45
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Table 3.4: Comparison for Sharpe Ratios

This table compares Sharpe ratio of strategies in three scenarios according to
the publication year or sample period end of anomalies. The strategies include
1/N rule, the Markowitz (ML) rule, the Kan and Zhou (KZ) rule, the two Tu
and Zhou (2011) combined (CML, CKZ) rules and the momentum (MOM) rule.
There are three scenarios considered in panel A. The first scenario (full) is to
construct rules based on all available anomalies through June 2018. In the second
scenario (drop after publication), we remove out anomalies from our anomaly
portfolio once those anomalies are published. In the third scenario (drop at
[pub+1, pub+5]), we remove anomalies in the 5 years following those anomalies
publication and add back anomalies into our anomaly portfolio after 5 years. In
panel B, the publication year is changed to sample period end year. We report
p-value of the difference between Sharpe Ratio in the last two scenarios from
the first scenario in parentheses. All strategies are based on estimation window
T=240, and risk aversion coefficient γ=1.

Panel A: Anomalies with returns drop after publication

full Drop after publication Drop at [pub+1, pub+5]

SR SR p-value SR p-value

Anomalies with in-sample t≥1.65 & post-publication t≤1.65
1/N 0.3288 0.3722 (0.55) 0.3147 (0.52)
CML 0.7364 0.6457 (0.01) 0.7145 (0.4)
CKZ 0.7387 0.6482 (0) 0.7122 (0.29)
ML 0.743 0.6541 (0.01) 0.7215 (0.41)
KZ 0.7448 0.6555 (0.01) 0.7182 (0.29)

MOM 0.2145 0.2532 (0.32) 0.2047 (0.31)

Anomalies with in-sample t≥1.96 & post-publication t≤1.96
1/N 0.3863 0.3415 (0.54) 0.3517 (0.22)
CML 0.8184 0.5916 (0) 0.7606 (0.01)
CKZ 0.8163 0.5894 (0) 0.755 (0.01)
ML 0.8236 0.6022 (0) 0.7684 (0.02)
KZ 0.8221 0.5978 (0) 0.7623 (0.01)

MOM 0.1996 0.1977 (0.94) 0.1871 (0.2)

Anomalies with in-sample t≥1.96 & post-publication return down ≥30%
1/N 0.6104 0.45 (0.02) 0.6223 (0.61)
CML 0.888 0.6328 (0) 0.8279 (0.03)
CKZ 0.8882 0.6315 (0) 0.8191 (0.01)
ML 0.8895 0.6416 (0) 0.8384 (0.08)
KZ 0.8917 0.6379 (0) 0.8296 (0.03)

MOM 0.1971 0.221 (0.5) 0.1751 (0.03)

Anomalies with in-sample t≥1.96 & post-publication return down ≥50%
1/N 0.5768 0.5765 (1) 0.6553 (0)
CML 0.6201 0.5573 (0) 0.5768 (0.02)
CKZ 0.6213 0.5528 (0) 0.5727 (0.01)
ML 0.628 0.5686 (0) 0.5866 (0.03)
KZ 0.6293 0.5625 (0) 0.5815 (0.01)

MOM 0.2003 0.1953 (0.87) 0.1993 (0.92)
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Table 3.4: Comparison for Sharpe Ratios (Continued)

Panel B: Anomalies with returns drop after sample period end

full Drop at out-of-sample period Drop at [oos+1, oos+5]

SR SR p-value SR p-value

Anomalies with in-sample t≥1.65 & out-of-sample t≤1.65
1/N 0.2253 0.359 (0.08) 0.2032 (0.2)
CML 0.7213 0.6027 (0.02) 0.6607 (0.12)
CKZ 0.729 0.5945 (0.01) 0.6531 (0.03)
ML 0.7297 0.6146 (0.03) 0.6752 (0.17)
KZ 0.7382 0.6055 (0.01) 0.6664 (0.04)

MOM 0.2388 0.1849 (0.02) 0.2253 (0.25)

Anomalies with in-sample t≥1.96 & out-of-sample t≤1.96
1/N 0.2324 0.2591 (0.69) 0.2043 (0.11)
CML 0.6978 0.583 (0.01) 0.6156 (0.01)
CKZ 0.7053 0.5848 (0) 0.6155 (0)
ML 0.7034 0.5907 (0.01) 0.6238 (0.01)
KZ 0.7113 0.5924 (0.01) 0.6235 (0)

MOM 0.234 0.1799 (0.02) 0.2196 (0.27)

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥30%
1/N 0.7618 0.732 (0.73) 0.6959 (0.09)
CML 0.9989 0.7683 (0.03) 0.8466 (0)
CKZ 1.0015 0.7698 (0.03) 0.8414 (0)
ML 0.9982 0.7824 (0.04) 0.8565 (0)
KZ 1.0037 0.7815 (0.03) 0.8518 (0)

MOM 0.1733 0.2145 (0.53) 0.1553 (0.07)

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥50%
1/N 0.5805 0.5066 (0.4) 0.5462 (0.15)
CML 0.7161 0.6183 (0.02) 0.6927 (0.21)
CKZ 0.7155 0.6123 (0.01) 0.693 (0.23)
ML 0.7246 0.6317 (0.03) 0.7022 (0.24)
KZ 0.7246 0.6247 (0.02) 0.7034 (0.26)

MOM 0.1901 0.2742 (0.18) 0.1648 (0.03)
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Table 3.5: Comparison for Certainty-Equivalent Returns

This table compares certain-equivalent returns of strategies in three scenarios
according to the publication year or sample period end of anomalies. The strate-
gies include 1/N rule, the Markowitz (ML) rule, the Kan and Zhou (KZ) rule,
the two Tu and Zhou (2011) combined (CML, CKZ) rules and the momentum
(MOM) rule. There are three scenarios considered in panel A. The first scenario
(full) is to construct rules based on all available anomalies through June 2018.
In the second scenario (drop after publication), we remove out anomalies from
our anomaly portfolio once those anomalies are published. In the third scenario
(drop at [pub+1, pub+5]), we remove anomalies in the 5 years following those
anomalies publication and add back anomalies into our anomaly portfolio after 5
years. In panel B, the publication year is changed to sample period end year. All
strategies are based on estimation window T=240, and risk aversion coefficient
γ=1.

Panel A: Anomalies with returns drop after publication

full Drop after publication Drop at [pub+1, pub+5]

Anomalies with in-sample t≥1.65 & post-publication t≤1.65
1/N 5.55 6.63 5.73
CML 257.33 141.56 241.2
CKZ 304.95 195.07 280.05
ML 119.81 34.73 130.39
KZ 268.73 157.72 248.27

MOM 20.16 18.19 18.35

Anomalies with in-sample t≥1.96 & post-publication t≤1.96
1/N 5.99 6.37 6.18
CML 320.56 60.11 242.46
CKZ 371.95 121 293.95
ML 138.48 -71.59 79.9
KZ 325.62 70.79 245.27

MOM 20.12 17.63 17.89

Anomalies with in-sample t≥1.96 & post-publication return down ≥30%
1/N 8.03 7.99 8.34
CML 55.27 46.06 12.69
CKZ 282.82 144.41 186.68
ML -774.35 -226.93 -577.31
KZ 60.39 54.4 13.56

MOM 19.71 16.94 16.32

Anomalies with in-sample t≥1.96 & post-publication return down ≥50%
1/N 8.42 9.13 9.07
CML 126.25 33.1 74.38
CKZ 185.16 88.17 128.88
ML -22.58 -96.86 -63.01
KZ 139.05 37.59 80.04

MOM 16.29 12.15 15.91
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Table 3.5: Comparison for Certainty-Equivalent Returns (Continued)

Panel B: Anomalies with returns drop after sample period end

full Drop at out-of-sample period Drop at [oos+1, oos+5]

Anomalies with in-sample t≥1.65 & out-of-sample t≤1.65
1/N 5.29 5.73 5.44
CML 306.17 200.06 247.16
CKZ 318.83 203.12 252.5
ML 279.63 186.53 223.6
KZ 323.65 202.18 253.07

MOM 22.3 15.63 20.57

Anomalies with in-sample t≥1.96 & out-of-sample t≤1.96
1/N 5.65 5.45 5.68
CML 268.99 152.57 173.11
CKZ 295.12 177.86 204.07
ML 209.06 108.95 101.27
KZ 284.79 162.93 182.13

MOM 22.01 15.31 20.23

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥30%
1/N 9.49 10.39 9.54
CML 442.76 302 160.13
CKZ 537.8 335.46 261.66
ML 127.78 235.12 -136.25
KZ 449.42 320.18 164.84

MOM 16.11 13.78 13.64

Anomalies with in-sample t≥1.96 & out-of-sample return down ≥50%
1/N 9.11 11.36 10.07
CML 259.22 208.67 231.42
CKZ 288.74 215.48 264.25
ML 182.84 192.57 160.21
KZ 269.28 214.79 246.03

MOM 17.09 14.04 14.09
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