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Key Points 

• The proliferation of false discoveries is a pressing issue in Financial 
research. 

• For a large enough number of trials on a given dataset, it is 
guaranteed that a model specification will be found to deliver 
sufficiently low p-values, even if the dataset is random. 

• Most academic papers and investment proposals do not report the 
number trials involved in an empirical discovery. 

• The implication is that most published empirical discoveries in 
Finance are likely false. 

• This has severe implications, specially with regards to: 
– Peer review process. 

– Backtesting of investment proposals. 

• Question: What constitutes a legitimate discovery in Finance? 

http://ssrn.com/abstract=2249314
http://ssrn.com/abstract=2308659
http://ssrn.com/abstract=2308659
http://bcove.me/3bx07ov5
http://bcove.me/3bx07ov5


Decision under uncertainty 

The Neyman-Pearson testing framework made sense 80 years 
ago, when data and calculations were costly… Not anymore. 

Suppose that we test whether a factor explains performance: 
• Negative condition: The factor does not provide a poset of returns. 
• Positive condition: The factor provides a poset of returns. 



Applying the test multiple times 

• Suppose now that we are interested in analyzing multiple factors. 

• A curious problem then emerges: As we test more and more 
factors on the same dataset, each at the same significance level α, 
the overall probability of choosing at least one false factor grows. 

• This is called the multiple testing problem, and it is so pervasive 
and notorious that the American Statistical Society explicitly warns 
against it in its Ethical Guidelines (guideline #8): 

"Running multiple tests on the same data set at the same stage of 
an analysis increases the chance of obtaining at least one invalid 
result. Selecting the one "significant" result from a multiplicity of 
parallel tests poses a grave risk of an incorrect conclusion. Failure 
to disclose the full extent of tests and their results in such a case 
would be highly misleading." 

https://xkcd.com/882/


Backtest Overfitting 

0

1

2

3

4

5

6

7

0 100 200 300 400 500 600 700 800 900 1000

Ex
p

e
ct

e
d

 M
ax

im
u

m
 S

h
ar

p
e

 R
at

io

Number of Trials (N)

Variance=1 Variance=4

Expected Maximum 
Sharpe Ratio as the 
number of 
independent trials N 

grows, for 𝐸 𝑆𝑅 𝑛 = 0 
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Searching for empirical 
findings regardless of 
their theoretical basis 
is likely to magnify the 

problem, as V 𝑆𝑅 𝑛  

will increase when 
unrestrained by theory. 

This is a consequence of pure random behavior. We will observe better candidates even if there is 

no investment skill associated with this strategy class (𝐸 𝑆𝑅 𝑛 = 0). 
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The Backtest Overfitting Simulation Tool 

An “optimized” investment strategy (in 
blue) making steady profit while the 
underlying trading instrument (in green) 
gyrates in price. It is trivial to make 
Financial “discoveries” if enough 
variations are tried. 

http://datagrid.lbl.gov/backtest/index.php  

The same investment strategy performs 
poorly on a different sample of the same 
trading instrument. 

http://datagrid.lbl.gov/backtest/index.php
http://datagrid.lbl.gov/backtest/index.php


A Solution: The Deflated Sharpe Ratio 

• The Deflated Sharpe Ratio (DSR) corrects the inflationary effect of 
multiple trials, non-normal returns and shorter sample lengths: 

 

𝐷𝑆𝑅 ≡ 𝑃𝑆𝑅 𝑆𝑅 0 = 𝑍
𝑆𝑅 − 𝑆𝑅 0 𝑇 − 1

1 − 𝛾 3𝑆𝑅 +
𝛾 4 − 1
4
𝑆𝑅 2

 

where 

𝑆𝑅 0 = 𝑉 𝑆𝑅 𝑛 1 − 𝛾 𝑍
−1 1 −
1

𝑁
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DSR is a Probabilistic Sharpe Ratio where the rejection threshold is 
adjusted to reflect the multiplicity of trials. 

 

http://ssrn.com/abstract=2460551


Some Myths on Prevention of False Discoveries 
• Myth #1: p-values give the probability that a finding is the 

result of random chance. 

– FALSE: p-values are a statement about hypothetical study 
replications using imaginary “well-behaved” data. 

• Myth #2: Holding-out part of the sample for cross-validation 
prevents false discoveries. 

– FALSE: Hold-out or cross-validation does not control for the 
number of trials, thus it is equally exposed to selection bias. 

• Myth #3: Simpler models on longer series are more likely to be 
correct. 

– FALSE: The Backtest Overfitting Simulation Tool is an extremely 
simple model, and yet it will deliver a “winning” strategy on 
random series, of any length, every time. 

 

http://www.scientificamerican.com/article/scientists-perturbed-by-loss-of-stat-tools-to-sift-research-fudge-from-fact/
http://www.scientificamerican.com/article/scientists-perturbed-by-loss-of-stat-tools-to-sift-research-fudge-from-fact/
http://ssrn.com/abstract=2326253
http://ssrn.com/abstract=2326253
http://datagrid.lbl.gov/backtest/index.php
http://datagrid.lbl.gov/backtest/index.php
http://datagrid.lbl.gov/backtest/index.php
http://datagrid.lbl.gov/backtest/index.php
http://datagrid.lbl.gov/backtest/index.php


Why is this a problem, particularly in Finance? 

• Most other fields have access to laboratories, where 
experiments can be reproduced under controlled conditions. 

– Ever wondered why retraction rates are so low in Finance? 

– We will never know what caused the Flash Crash, because we 
cannot replay that day in absence of Mr. Sarao’s spoofing. 

• Competition among investment managers means that the 
ratio of signal-to-noise in financial series is low. 

– Investment professional arbitrage away most significant factors. 

– This increases the probability that academics “discover” a chance 
configuration, rather than an actual signal. 

This “competition” argument is specific to Finance: Researchers 
from most other fields study immutable laws. 

http://www.lbl.gov/about/
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0044118
http://retractionwatch.com/2012/12/12/why-arent-there-more-retractions-in-business-and-economics-journals/
http://www.bloomberg.com/news/articles/2015-04-22/flash-crash-arrest-lays-bare-regulatory-lapses-at-all-levels
http://www.bloomberg.com/news/articles/2015-04-22/flash-crash-arrest-lays-bare-regulatory-lapses-at-all-levels
http://www.bloomberg.com/news/articles/2015-04-22/flash-crash-arrest-lays-bare-regulatory-lapses-at-all-levels
http://www.bloomberg.com/news/articles/2015-04-22/flash-crash-arrest-lays-bare-regulatory-lapses-at-all-levels


What can be done? 

• p-values should no longer be the preeminent publication hurdle. 

– Be skeptic of Econometric analysis without strong theoretical basis. 

– We need a new widely accepted statistical method to replace the p-
values. Harvey et al., Bailey et al. propose such frameworks. 

• Journals need to control for the number of trials: 

– Researchers should declare their testing plan in advance. 

– Researchers should make all results available to referees. 

– Editors should require researchers to test their theory on a new dataset 
provided by the journal. 

– Journal must control for the probability of false positives across 
publications. In other words, at some point journals will cease to 
accept papers on a particular subject, from any author, until new 
unpolluted datasets become available. 

• If Financial firms do not use a particular discovery, it is likely false. 

http://ssrn.com/abstract=2528780
http://ssrn.com/abstract=2326253
http://www.quantresearch.info/Favorites.htm


THANKS FOR YOUR ATTENTION! 
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