FFactors or Fake?

A New Look at Anomalies
and the Replication Crisis

There are a lot
of anomalies!

testing. The commonly
used "sieves" are weak.

Methodology

Single Testing

Fi : normal “risk factor”, e.g, Mkt, FF3, FF6
a; : candidate “anomaly”
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Rather than merely accepting or rejecting a null

hypothesis, the marginal likelihood approach
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“Prospecting” is still

not easy. There aren't
that many
anomalies.
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,all @;), computationally intensive!

e Start with: f; = {a;} U F, filter out priced components
] e Move to: f;r = {b;,br} UF, filter out priced components

\

.. until the set of remaining (non-)anomalies stabilizes

fi = (F;, a;) : set of factors, consist with
Mkt/FF3/FF6 + 1 anomaly

Sequential Multiple Testing

Local False Discovery Rate (Ifdr)
Ifdr for a;: the posterior prob. that it is not anomalous | Algorithm Stepwise Local FDR Filtering Algorithm

f can be decomposed asiisk factors® and
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Highlights / Summary

Empirical Results

Data: Nov 1971 ~ Dec 2024, 153 U.S. factors from Jensen, Kelly, and Pedersen (2023, JF) . A Bayesian framework that incorporates both

Tablel: Proportion of Non-Anomalies Under Single Testing single and multiple testing to efficiently screen

Figurel: Number of Non-Anomalies ldentified Under

N\cjv Ts:k Regi: b;:;tneg Regimejv%/:g?:eazk; o Sequential Multiple Testing and Different F, ou.t candidate anomalies that are Iinevitably
Mkt 405 458 556 490 451 654 @ Mkt FF3 @ FFe Priced (not anomalies)
FF3 33.3 392 627 458 516 647 160 e In single testing, our approach parallels the
FF6 621 582 569 582 523 66.7 @ 140 - - traditional alpha test, which can also be
Table2: Proportion of Non-Anomalies Under Multiple Testing Tg 120 Implemented with regime identification.

No break One break Two breaks S 100 « In multiple testing, we propose a Bayesian

winele  [Regimel Regimes  Regim=l Regimes Reginse § 80 false discovery rate procedure. Result of the

Mkt 425 46.4 68.0 543 693 778 E 80 sequential process is closed to the full scan.
FF3 36.0 399 686 458 732 752
FEF6 654 732 719 739 850 856 40 - Many “anomalies™ arise from ignhoring risk

1 2 3 4 5 6 7
# of anomalies at a time

factor instability / model misspecification /
multiple testing / power of testing methods.

One-at-a-time, g=0.1

o )| Feel free to follow my homepage for the upcoming draft.




