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This report was generated autonomously by an AI replication pipeline for the “Does Empirical Finance
Replicate?” project. It documents one attempt to reproduce the paper’s main analysis from the data and
methods described below. Individual replications may contain mistakes. Treat the numbers as estimates
to be checked, not as a verdict on the original paper. Original article: doi:10.1093/rfs/hhv043.

1 Summary

1.1 The Paper

Fama and French ask whether profitability and investment factors help explain returns on anomaly
portfolios that were not used to construct those factors. Their monthly time-series regressions use
25 value-weighted portfolios formed from independent sorts on Size and market beta, running
from July 1963 through December 2014. Table 4 reports the central pattern. Low-beta portfolios
load positively on RMW and CMA, and high-beta portfolios load negatively. These exposures off-
set what the market and SMB slopes predict, and together they explain the otherwise flat relation
between beta and average return.

1.2 Replication Findings

The replication preserves the central exposure pattern using the paper’s stated current-market
OLS beta. The Small-Low and Small-High RMW slopes are 0.055 and −0.592, while the corre-
sponding CMA slopes are 0.351 and −0.149. The five-factor average absolute alpha is 0.087 per-
cent per month, compared with 0.072 in the paper. The GRS statistic is 2.296 with a p-value of
0.0004, compared with 1.680 and 0.021 in the paper. Over 2015 through 2024, five-factor aver-
age absolute alpha rises to 0.187 and exceeds the three-factor value of 0.174. The later window
therefore does not preserve the paper’s clear five-factor advantage.

2 Data

The paper uses CRSP and Compustat firms listed on NYSE, AMEX, and NASDAQ with CRSP
share codes 10 or 11. The replication draws on the CRSP monthly stock file (crsp.msf), the CRSP
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name history (crsp.msenames), delisting returns (crsp.msedelist), and the CRSP value-weighted
market index (crsp.msi). A valid primary CRSP-Compustat link (crsp.ccmxpf lnkhist) identifies
securities present on Compustat at each June formation date. PERMNO is the stock identifier and
GVKEY is the Compustat identifier in that link table.

The build estimates beta for each June from concurrent monthly stock and market returns over
the preceding 60 calendar months, with at least 24 observations. Independent NYSE quintiles of
June market equity and beta define the 25 portfolios. Prior-month market equity weights subse-
quent monthly returns, including delisting returns.

The build produces 222,539 stock-year assignments for 19,669 distinct PERMNOs and 738 com-
plete portfolio months from July 1963 through December 2024. The in-sample analysis contains
618 months and 17,273 distinct stocks across its formation cohorts. The out-of-sample analysis
contains 120 months and 5,684 distinct stocks across the relevant 2014 through 2024 cohorts. Fama-
French factor and risk-free returns come from the monthly five-factor file (ff.fivefactors monthly).

3 Methodology

For portfolio i, the dependent variable is the monthly value-weighted portfolio return minus the
one-month Treasury bill rate,

Rit − RFt.

The target specification is

Rit − RFt = ai + bi(RMt − RFt) + siSMBt + hi HMLOt + riRMWt + ciCMAt + eit.

Within each estimation window, HMLO equals the intercept plus residual from a regression of
HML on Mkt-RF, SMB, RMW, and CMA. Each portfolio regression uses OLS with classical ho-
moskedastic standard errors. The Gibbons-Ross-Shanken statistic tests whether all 25 intercepts
jointly equal zero. The CAPM and the Fama-French three-factor model provide comparison spec-
ifications.

Key differences from the paper. The construction follows the method stated in the paper. Its
CRSP and Compustat inputs come from a later vintage, so historical corrections and link up-
dates can change portfolio assignments. The paper does not state whether a June formation beta
includes the June return. The replication reads “returns preceding June” literally and ends the
60-month beta window in May. The paper reports no cross-sectional stock count for Table 4, so
only the common 618-month regression count can be matched directly.
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4 Results

4.1 Table 2 Size-Beta Summary

Replication Paper

Model A|ai| GRS (p) A|ai| GRS (p)

CAPM 0.230 2.174 (0.001) 0.232 2.260 (0.000)
Three-factor 0.103 1.470 (0.067) 0.106 1.610 (0.032)
Five-factor HMLO 0.087 2.296 (0.000) 0.072 1.680 (0.021)

Classical OLS standard errors. No fixed effects. 618 months. 25 portfolios.
17,273 distinct stocks across the 1963 through 2014 formation cohorts.

Table 1: Summary asset-pricing tests. Alphas are in percent per month.

The CAPM and three-factor average absolute alphas closely match the paper. The five-factor value
rises from the paper’s 0.072 to 0.087. The five-factor model still reduces average absolute alpha
relative to the three-factor model, but its GRS rejection is stronger. A later data vintage and the
explicit May endpoint for beta estimation can alter membership near NYSE beta breakpoints and
change the residual covariance that drives GRS.

4.2 Table 4 Panel B Exposure Pattern

Factor Portfolio Repl. coef. Repl. t Paper coef. Paper t

RMW Small-Low beta 0.055 1.78 0.05 1.49
RMW Small-High beta -0.592 -14.18 -0.47 -11.67
RMW Big-Low beta 0.323 9.42 0.31 9.41
RMW Big-High beta -0.303 -5.13 -0.26 -3.96
CMA Small-Low beta 0.351 10.00 0.33 9.32
CMA Small-High beta -0.149 -3.14 -0.08 -1.90
CMA Big-Low beta 0.470 12.07 0.44 12.60
CMA Big-High beta -0.531 -7.90 -0.44 -6.16

Classical OLS standard errors. No fixed effects. 618 months per regression.
25 portfolios. 17,273 distinct stocks across the formation cohorts.

Table 2: Selected RMW and CMA slopes from Table 4 Panel B.

Every selected slope matches the paper’s sign and significance pattern. RMW turns from positive
for low-beta portfolios to negative for high-beta portfolios, and CMA does the same. The repli-
cated Small-High magnitudes are more negative than the paper’s, a difference that strengthens
rather than reverses the paper’s mechanism. The full coefficient and t-statistic matrices appear in
results/final-table.txt.
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4.3 Out-of-Sample Test

1963 through 2014 2015 through 2024

Model A|ai| GRS (p) A|ai| GRS (p)

CAPM 0.230 2.174 (0.001) 0.301 2.189 (0.004)
Three-factor 0.103 1.470 (0.067) 0.174 2.055 (0.007)
Five-factor HMLO 0.087 2.296 (0.000) 0.187 1.958 (0.012)

Classical OLS standard errors. No fixed effects. 25 portfolios.
618 in-sample months and 120 out-of-sample months. 5,684 distinct stocks.

Table 3: In-sample and out-of-sample model summaries.

The out-of-sample window reverses the average absolute alpha ranking of the three-factor and
five-factor models. Five-factor alpha dispersion equals 0.187, compared with 0.174 for the three-
factor model. Both models reject the joint zero-alpha null. The five-factor GRS statistic is slightly
lower, but neither metric supports the paper’s clear in-sample dominance after 2014.

5 Conclusion

The replication supports the paper’s central economic mechanism. Low-beta portfolio returns
load positively on profitability and conservative investment, while high-beta returns load nega-
tively. The five-factor model continues to reduce average absolute in-sample alpha relative to the
three-factor model. The later period does not preserve this ranking, and both models fail the joint
alpha test out of sample.
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