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(1) Focus: replications of 172 published cross-sectional predictors
— Excludes non-predictive and aggregate factors in Harvey, Liu, Zhu 2016
— Excludes un-published predictors in Chordia, Goyal, Saretto 2017

(2) Structure: estimated model of biased publication

— Allows for p-hacking effects and journal review

— Unlike Hou, Xue, Zhang's 2017 informal approach

Result:
» Journal review dominates. Nearly all predictors were real!!

— Consistent w/ McLean-Pontiff 2016, Jacobs-Miiller 2016, Yan-Zheng 2017
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Replications of 172 Published
Predictors



Data: Replications of 172 Published Predictors

(1) Replicate McLean and Pontiff's (2016) 97 published cross-sectional
predictors

(2) Replicate 75 additional variables that were

— shown to predict cross-sectional returns

— published in “top-tier” journals

Data available at sites.google.com/site/chenandrewy/
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https://sites.google.com/site/chenandrewy/code-and-data/
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» Sharp left shoulder = strongly suggestive of p-hacking

» But what explains the long right tail? = need model
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A Statistical Model of Publication 1/2

Motivating Story:

1. Anything that might be published is submitted to journals
— Allows for p-hacking

2. Only portfolios with “narratives” are considered for publication

— Allows for journal review: robustness tests, supporting results, ...

3. Only narratives with high t-stats are published
— Another p-hacking effect
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Motivating Story:

1. Anything that might be published is submitted to journals
— Allows for p-hacking

2. Only portfolios with “narratives” are considered for publication

— Allows for journal review: robustness tests, supporting results, ...

3. Only narratives with high t-stats are published
— Another p-hacking effect

= statistical model of publication similar to Harvey, Liu, and Zhu's (2016)

model with correlations
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A Statistical Model of Publication 2/2

Key equations

» If portfolio 7 has a narrative,

true return u; ~ scaled student’s t with o, v,

» dispersion of true returns o, measures power of journal review

— large 0,= narratives find variation in true returns
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A Statistical Model of Publication 2/2

Key equations

» If portfolio 7 has a narrative,

true return u; ~ scaled student’s t with o, v,

» dispersion of true returns o, measures power of journal review

— large 0,= narratives find variation in true returns

» In-sample returns are noisy and biased signals of y;

Ti = Hi+ €
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Maximum Likelihood Estimation

» Choose 7 parameters to maximize likelihood of replicated data

— 172 in-sample returns and standard errors
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Bias Adjustment and Shrinkage

» We focus on Shrinkage defined by

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

— 100% Shrinkage = p-hacking dominates, bias-adjusted return = 0

— 0% Shrinkage = journal review works, bias-adjusted = in-sample
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Bias Adjustment and Shrinkage

» We focus on Shrinkage defined by

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

— 100% Shrinkage = p-hacking dominates, bias-adjusted return = 0

— 0% Shrinkage = journal review works, bias-adjusted = in-sample

» Bayesian logic gives a shrinkage formula
(Dawid 1994, Senn 2008, Efron 2011, 2012)

[Standard Error]?
62 4 [Standard Error]?

Shrinkage; ~

65: Estimated Dispersion of True Returns

9/14



Results

9/14



Main Result 1/2: Bias Adjustments are Modest

10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

10/14



Main Result 1/2: Bias Adjustments are Modest

Count

50

45

40

35

30

25

20

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

AbnAccr
BPEBM
ChForeca
Chinv

DownFore
EBI

EarnCons
EarnSurp
EntMult
ExclExp
FirmAge

GrSaleTo

er
ndRetBi
nvestme

lom1m

letDebtF
umEarn|
PriceDel
Profitab
RevenueS

<-- 47 predictors (out of 172) have tiny shrinkage

5t0 10 10to 15 15t0 10 20to 25 2510 30
Shrinkage (%)

30 to 35

35t0 40

>40

10/14



Main Result 1/2: Bias Adjustments are Modest

Count

50

45

40

35

30

25

20

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

AbnAccr AOP
BPEBM Accruals
- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
= ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
Composit Coskewne
ConvDebt DelEqu
[~ Debtlssu Divind
DelBread Earnincr
EarnSupB
FailureP
GrGMToGr
GrSaleTo
ndMom
ntrinsi
- LTLevera
S
MeanRank
lomRev
MomSeas
- OPLevera
GrSaleTo OperProf
erf OrderBac
ndRetBi PctAcc
nvestme PctTotAc
lom1m REV6
RIO_lIdio
letDebtF RoE~
umEarn| Sharels1
[~ PriceDel Sharels5
Profitab Shortint
RevenueS kew1
ShareRep VolSD
UpForeca FIN
= grcapx pchdepr
ire pchgm_pc
invest retCong
realesta sgr
roaq sinAlgo
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35t0 40 >40

Shrinkage (%)

10/14



Count

50

45

40

35

30

25

20

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

Main Result 1/2: Bias Adjustments are Modest

AbnAccr AOP
BPEBM Accruals
ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
(Qomp[t))sg( %o‘sé(ewne
ConvDel elEqu . .
Debtlssu Divind <-- 94 predictors (out of 172) have small shrinkage
DelBread Earnincr
EarnSupB
FailureP
GrGMToGr
GrSaleTo
ndMom
ntrinsi
LTLevera
S
MeanRank
lomRev
MomSeas
OPLevera
GrSaleTo OperProf
erf OrderBac
ndRetBi PctAcc
nvestme PctTotAc
lom1m REV6
RIO_lIdio
letDebtF RoE~
umEarn| Sharels1
PriceDel Sharels5
Profitab Shortint
RevenueS kew1
ShareRep VolSD
UpForeca FIN
= grcapx pchdepr
ire pchgm_pc
invest retCong
realesta sgr
roaq sinAlgo
Oto5 5t0 10 20to 25 25to0 30

Shrinkage (%)

10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
AbnAccr AOP
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
Composit Coskewne
ConvDebt DelEqu
35 [~ Deblssu Divind
DelBread Earnincr
EarnSupB
FailureP
30 |-
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO_lIdio IntanEP Frontier
letDebtF RoE~ Mom12m IntanBM
umEarn| Sharels1 lom6ém Mom1813 DolVol
10 [ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VoISD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun
5 |- grcapx pchdepr Tax SmileSlo P PM ) BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong| sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVol1 Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35t0 40 >40

Shrinkage (%) 10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
AbnAccr AOP
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
Composit Coskewne
ConvDebt DelEqu . o
35 - Debtlssu Divind The other half are skewed right, but nearly all are < 40%
DelBread Earnincr
EarnSupB
FailureP
30 |-
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO_lIdio IntanEP Frontier
letDebtF RoE~ Mom12m IntanBM
umEarn| Sharels1 lom6ém Mom1813 DolVol
10 [ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VoISD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun
5 |- grcapx pchdepr ax SmileSlo P PM ) BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong| sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVol1 Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35t0 40 >40

Shrinkage (%) 10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
= ile return volatili
Aoncer 0P [ top quartile return volatility
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
Composit Coskewne
ConvDebt DelEqu
35 [~ Deblssu Divind
DelBread Earnincr
EarnSupB
FailureP
30 |-
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO ldio IntanEP Frontier
letDebtF RoE Mom1i2m IntanBM
umEarn| Sharels1 lom6m Mom1813 DolVol
10 |~ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VolSD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun Beta
5 |- grcapx pchdepr Tax SmileSlo P PM BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVolt Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35 to 40 >40

Shrinkage (%) 10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
= ile return volatili
Aoncer 0P [ top quartile return volatility
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
ChPM Changeln
8hTax 5 {Qorrlx(p qul
0mposi Coskewne . " . .
a5 | Sonubent DelEqu High volatility => high shrinkage
I~ Debtlssu ivin X . .
DelBread Earnincr = -
ICOA EamSupB More noise => higher chance of p-hacking
FailureP
30 |-
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO ldio IntanEP Frontier
letDebtF RoE Mom1i2m IntanBM
umEarn| Sharels1 lom6m Mom1813 DolVol
10 |~ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VolSD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun Beta
5 |- grcapx pchdepr Tax SmileSlo P PM BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVolt Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35 to 40 >40

Shrinkage (%) 10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
[
AbnAccr AOP | top quartile return volatility
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
8E$M ghan elnI
ax ompEqu . . .
Composit gOfé%w"ne But even IndIPO (48% shrinkage) has a good bias-adjusted return
ConvDel elEqu
35 [~ Deblssu Divind
DelBread Earnincr . . .
EamSupB bias-adjusted return = 1.04*(1-0.48)=0.54% monthly
FailureP
30 |-
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO ldio IntanEP Frontier
letDebtF RoE Mom1i2m IntanBM
umEarn| Sharels1 lom6m Mom1813 DolVol
10 |~ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VolSD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun Beta
5 |- grcapx pchdepr Tax SmileSlo P PM BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVolt Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35 to 40 >40

Shrinkage (%) 10/14



Main Result 1/2: Bias Adjustments are Modest

[Bias-Adjusted Return]; = (1 — Shrinkage;)[In-Sample Return];

50
= ile return volatili
Aoncer 0P [ top quartile return volatility
BPEBM Accruals
45 |- ChForeca Xp
Chlnv AnalystV
ChinvIA AssetGro
ChNAnaly BetaTail
ChNCOA ChAssetT
40 |~ ChNWC ChEQ
ChPM Changeln
ChTax CompEqul
Composit Coskewne
ConvDebt DelEqu . . . . . .
35 - beisu Dvind  Summary: shrinkage is modest, journal review dominates
EarnSupB
a0 L raweP  Consistent with McLean-Pontiff 2016
GrGMToGr
GrSaleTo
= ndMom
c ntrinsi AM
225 LTLevera AssetTur
Q S BM
(&) MeanRank CF
lomRev Divinit
MomSeas DivYield
20 |- OPLevera ExchSwit
GrSaleTo OperProf FirmAgeM
Herf OrderBac G Announce
ndRetBi PctAcc GHZlev CBOperPr
nvestme PctTotAc llliquid Cash
15 |- ntMom ConsReco
lom1m REV6 IntanCFP Forecast
RIO ldio IntanEP Frontier
letDebtF RoE Mom1i2m IntanBM
umEarn| Sharels1 lom6m Mom1813 DolVol
10 |~ PriceDel Sharels5 NetDebtP Mom36m High52 Accruals
Profitab Shortint NetEquit P%youl‘(\ IntanSP DelDRC
RevenueS Skew1 OScore RDIPO MaxRet EP
ShareRep VolSD Predicte SEO MomVol 10_Short
UpForeca XFIN Surprise SP OégCap MomémdJun Beta
5 |- grcapx pchdepr Tax SmileSlo P PM BetaSqua
ire pchgm_pc cfp Spinoff RDS RIO_BM BidAskSp NetPayou
invest retCong sfe VarCF RIO_Disp RIO_Turn IdioRisk OptVol2 AgelPO
realesta sgr std_dolv VolumeTr ShareVol Size OptVolt Price CredRatDG
roaq sinAlgo zerotrad std_turn tang ZScore VolMkt fgr5yrLa IndIPO
Oto5 5t0 10 10to 15 15t0 10 20to 25 25to0 30 30 to 35 35 to 40 >40

Shrinkage (%) 10/14



Main Result 2/2: Nearly All Anomalies were Real
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We can estimate the false discovery rate (FDR) (a la HLZ 2016)

True Return
o
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In-Sample t-stat

» Simulate true returns and t-stats using estimated parameters
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Main Result 2/2: Nearly All Anomalies were Real

We can estimate the false discovery rate (FDR) (a la HLZ 2016)

2

True Return

. false discovery

3 4 5 6 7 8 9 10
In-Sample t-stat

» Define false discoveries: true returns < 0 (equivalent to HLZ)
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Main Result 2/2: Nearly All Anomalies were Real

We can estimate the false discovery rate (FDR) (a la HLZ 2016)

2
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false discovery
— = naive hurdle: false discovery rate = 0.6%
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In-Sample t-stat
» Calculate false discovery rate (FDR) for a given t-stat hurdle

» Naive hurdle (1.96) implies a tiny FDR of 0.6%
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» Difference: focus on cross-sectional predictors in top-tier journals

Variable Counts

Harvey- Chordia-Goyal-  Our

Liu-Zhu Saretto Paper
Aggregate Risk Factor 113 0 0
X-Sectional Predictor 202 2,100,000 172
X-Sectional & Top Tier Pub 146 <500 151
Total 315 2,100,000 172

» Suggests p-hacking much worse among aggregate risk factors
and outside top journals
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» A structured, focused estimation finds

— Journal review has triumphed over p-hacking*

*in top-tier pubs predicting cross-sectional stock returns, for now
Consistent w/ McLean-Pontiff 2016, Jacobs-Miiller 2016, Yan-Zheng 2017

» Suggests a complete accounting for the typical anomaly return
— 13% publication bias (this paper)
— 35% mispricing that can be traded away (McLean and Pontiff 2016)
— 52% trading costs (Chen and Velikov 2017)
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