High-Throughput Asset Pricing

Abstract

We use empirical Bayes (EB) to mine data on 140,000 long-short strate-
gies constructed from accounting ratios, past returns, and ticker symbols.
This “high-throughput asset pricing” produces out-of-sample performance
comparable to strategies in top finance journals. But unlike the published
strategies, the data-mined strategies are free of look-ahead bias. EB predicts
that high returns are concentrated in accounting strategies, small stocks,
and pre-2004 samples, consistent with limited attention theories. The intu-
ition is seen in the cross-sectional distribution of t-stats, which is far from
the null for equal-weighted accounting strategies. High-throughput meth-
ods provide a rigorous, unbiased method for documenting asset pricing
facts.
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1 Introduction

Data mining refers to searching data for interesting patterns. This search
leads to data mining bias, if many patterns are just chance results, as is surely the
case with stock return data. To address this problem, the asset pricing literature
recommends restricting the search to patterns consistent with theory (Cochrane
(2005) and Harvey (2017)). However, recent empirical evidence finds this method
is ineffective, even for theories published in top finance journals (Chen, Lopez-

Lira, and Zimmermann (2022)).

We offer a different solution. Instead of mining data less, we recommend
mining data rigorously. Rigorous data mining means conditioning interesting re-
sults on the fact that they come from searching through data. This conditioning
can be achieved using empirical Bayes (Robbins (1956), Efron and Morris (1973),
and Efron (2012)). Rigorous data mining also means that the search should
be systematic, as is commonly done in high-throughput biology and chemistry
(Yang et al. (2021)). Ironically, systematic search implies that asset pricing should

involve more data mining, not less.

We use empirical Bayes (EB) to mine for out-of-sample returns among
140,000 long-short trading strategies. The trading strategies are constructed from
systematically searching data on accounting ratios, past returns, and stock tick-
ers. Through this “high-throughput asset pricing,” we construct a portfolio with
out-of-sample returns that are comparable to the returns from the best journals

in finance.

Our data-mined portfolio is the simple average of the top 1% of strategies,
based on EB-predicted Sharpe ratios. It earns out-of-sample returns of 5.7% per
year over the 1983-2020 sample, compared to the mean return across 200 pub-
lished strategies in the Chen and Zimmermann (2022) dataset of 5.9% per year.
But unlike the published strategies, which were selected with knowledge of stock
return patterns that occurred in the 1980s and 1990s, our strategies can be con-
structed using only information available in real time. Thus, unlike the published

strategies, our data mined strategies are arguably free of look-ahead bias.

The composition of the top 1% portfolio provides insights into the nature of
return predictability. 91.0% of strategies in this portfolio are equal-weighted ac-
counting ratio strategies. Almost all of the remainder are equal-weighted past-
return strategies. Moreover, the returns of the top 1% strategy are concentrated

in the pre-2004 data. These facts are consistent with the theory that predictabil-



ity is largely due to limited attention and the slow incorporation of information

into stock prices (Peng (2005); Chordia, Subrahmanyam, and Tong (2014)).

Other facts shed light on the drivers of the recent decline in cross-sectional
predictability. We find that the returns of the top 5% and top 10% of portfolios are
also concentrated in the pre-2004 data. These strategies are enormous in num-
ber: the top 5% consists of 6,305 strategies, and the top 10% consists of 12,610.
As many of these strategies are unlikely to be found in academic journals, this
suggests that the key driver of the recent declines in predictability is improve-
ments in information technology (Chordia, Subrahmanyam, and Tong (2014)),
rather than investors learning from academic publications (McLean and Pontiff
(2016)). Consistent with this idea, we find that the top 20 strategies according
to predicted Sharpe ratios using data available in 1993 have themes rarely seen
in academic journals, like mortgage debt, growth in interest expense, and de-
preciation. Themes that were popular in academia in 1993, like book-to-market,

momentum, and sales growth are missing from this list.

Overall, high-throughput asset pricing provides not only a method for deal-
ing with look-ahead bias, but also a more rigorous method for documenting as-
set pricing facts. We post our strategy returns and code publicly, and encourage

future researchers to use these methods.

Unlike many big data methods, our EB formulas provide a transparent intu-
ition. In essence, our EB formulas measure the distance between the empirical
t-stat distribution and the standard normal null. Ticker-based strategies have t-
stats that are extremely close to the null, implying no predictability. In contrast,
equal-weighted accounting t-stats are too fat tailed to be consistent with the null,
implying strong predictability. Thus, just by visually inspecting the t-stat distri-
butions, one can see where predictability is concentrated.

EB provides highly accurate predictions in pre-2004 data. We construct
120 portfolio tests using the 140,000 data-mined strategies, and compare EB-
predicted returns with out-of-sample returns. In almost all of the 120 portfolios,

the EB predictions are within 2 standard errors of the out-of-sample mean.

Post-2004, EB has more difficulty with accuracy, though it still captures broad
patterns in out-of-sample returns. Compared to pre-2004, predicted returns are
closer to zero, and only equal-weighted accounting strategies show notable pre-
dicted returns. However, out-of-sample returns are even closer to zero than pre-

dicted. This difficulty might be expected given that the rise of information tech-



nology around 2004, which likely led to a structural break in predictability (Chor-
dia, Subrahmanyam, and Tong (2014) and Kim, Ivkovich, and Muravyev (2021)).
Our EB predictions are constructed using a simple 20-year rolling window, and
thus fail to account for this break. This difficulty suggests that a smart data miner
armed with theory might have understood the implications of the internet, and
could perhaps have performed much better than our theory-free EB mining pro-

Cess.

We also illustrate how improper use of multiple testing statistics can lead to
poor data mining results. We demonstrate this possibility using Harvey, Liu, and
Zhu’s (2016) recommended methodology for false discovery control. Harvey et
al. recommend applying Benjamini and Yekutieli’s (2001) Theorem 1.3 to con-
struct a t-stat hurdle that controls the FDR at the 1% level. Nearly all of our
140,000 trading strategies fail to meet this hurdle, suggesting that there are no
interesting patterns in this data. But in fact, simple out-of-sample tests show
there are thousands of strategies with notable out-of-sample returns. In contrast,
the Storey (2002) FDR control, recommended in Barras, Scaillet, and Wermers

(2010), captures the majority of notable portfolios.

Fortunately, this error can be avoided by rigorously studying the statistics.
According to Benjamini and Yekutieli (2001), their Theorem 1.3 is “very often un-
needed, and yields too conservative of a procedure.” This negative sentiment is
echoed in Efron’s (2012) textbook on large scale inference. In contrast, the EB
methods we use are recommended for settings like ours in Chapter 1 of Efron
(2012), as well as Chapters 6 and 7 of Efron and Hastie (2016).!

1.1 Related Literature

We add to Yan and Zheng (2017) and Chen, Lopez-Lira, and Zimmermann
(2022), who document that mining accounting data can produce substantial out-
of-sample returns. Accounting data is important: Chen et al. find that mining
ticker variables leads to out of sample returns of approximately zero. Thus, one
needs a method for identifying the predictive power of accounting data in real

time. Our empirical Bayes formulas provide one such method.

The literature on multiple testing in asset pricing features disagreement on

both the methods that should be used and the empirical extent of multiple test-

1A brief explanation of why Benjamini and Yekutieli (2001) Theorem 1.3 is excessively conser-
vative is found in Section 2.5 of Chen (2023).



ing problems. Chen and Zimmermann (2020); Chen and Velikov (2022); and
Jensen, Kelly, and Pedersen (2023) recommend empirical Bayes shrinkage. In
contrast, Harvey, Liu, and Zhu (2016); Harvey and Liu (2020); and Chordia, Goyal,
and Saretto (2020) recommend conservative false discovery controls, much more
conservative than the FDR methods in Barras, Scaillet, and Wermers (2010). We
show how empirical Bayes shrinkage and the recommended method from Bar-
ras, Scaillet, and Wermers (2010) leads to much more accurate inferences com-
pared to the recommended FDR method in Harvey, Liu, and Zhu (2016).

In contrast to the intuition that simplicity is a virtue, we find that studying
an enormous number of potential predictors leads to insights about the nature
of return predictability. A similar theme is found in Kelly, Malamud, and Zhou
(2024) and Didisheim et al. (2023), who illustrate the “virtue of complexity” in

the modeling of expected returns.

2 Data and Methods

We describe the data (Section 2.1) and how we rigorously mine it (Sections
2.2-2.3).

2.1 Dataon 140,000 Trading Strategies

Table 1 describes our data-mined strategies. The strategies are either based
on accounting ratios, past returns, or tickers. Accounting ratio strategies are
taken from Chen, Lopez-Lira, and Zimmermann (2022).2 The past return and
ticker strategies are inspired by Yan and Zheng (2017) and Harvey (2017), respec-
tively, but we generate our own strategies in order to ensure that the number
of strategies is comparable across data sources and to ensure that each type of

strategy consists of many distinct strategies.’
[Table 1, Overview of Trading Strategies, about here]

A key feature of these strategies is that they are not selected based on hav-
ing notable historical returns. Instead, they are constructed to systematically ex-

plore various types of data. So unlike most datasets in asset pricing (e.g. Ken

2We are grateful to that the authors make their data publicly available.
3Results that mine data following Yan and Zheng (2017) and Harvey (2017) are similar and can
be found in the first draft of our paper on arxiv.org or via our github site.



French’s size- and B/M-sorted portfolios; Chen and Zimmermann (2022)), ours
is arguably free of data mining bias. Indeed, Table 1 shows that the median sam-

ple mean return is close to zero for all sets of strategies.

In high-throughput research, the median measurement is relatively unim-
portant. What matters is that the extreme measurements show promise for, say,
a pharmaceutical intervention or cancer prediction. The extreme measurements
in Table 1 suggest that accounting and past return data show promise for predict-
ing returns. These data lead to mean returns that can exceed 5 percent per year
in absolute value.

For further details on the strategy definitions, see Appendix A or our github
site.

2.2 Empirical Bayes Overview

The 140,000 strategies in Table 1 contain the potential for significant data
mining bias. To understand the bias, decompose the sample mean return on

strategy i as follows:
Fi=[;+&; (1

where 7; is the sample mean return, f1; = E (7;) and &; = 7; — E (7).

Data mining involves selecting 7 which has a large 7;. To formalize this, sup-
pose r > 0 (e.g. r = 10% per year), and we search for a strategy i* that satisfies
i+ = r. Naively, one might think that r is an unbiased estimate of fi;+. However,

itis in general upward biased:

> E (fi=|Fi= = ). 2

Selecting for large 7; selects for large &;, leading to E (§;+|7;+ = r) > 0, and the bias
in Equation (2).

To data mine rigorously, one should estimate and remove the bias term
E (¢;+|7;+ = r). This bias is just a conditional expectation, so it can be computed

using Bayes rule given a probability model.

Let Q) represent a vector of parameters for the probability model behind



{Fi, ﬂi}é\il, where N is the total number of strategies. One can remove the bias
by computing

E(f+|Fx =1;Q) =1 — E (8 1Fi» = 1,Q) 3)

where Q) is a consistent (frequentist) estimate of the probability model param-
eters. This method, of applying frequentist estimates to Bayesian formulas is
known as “empirical Bayes” (Robbins (1956) and Efron and Morris (1973)).

For our main results, we use a slight generalization of Equation (3):
fi(r,0)=E(@ilfi=rt=0), (4)

where 7; is the (random) t-stat for strategy i and ¢ is a constant. We use Equation
(4) to search 140,000 long-short strategies for large expected returns. We will not
use economic theory to determine the probability model, and thus our search
is largely atheoretical. However, we recognize the bias that comes from such a
search (Equation (2)), and carefully correct for it. Thus, we describe our methods

as “rigorous data mining.”

2.3 Probability Model and Estimation

We model the t-stat on strategy i as follows:

fi=0;+8; (5)
5; ~Normal (0,1), (6)

where 7; = 7;/SE;, SE; is the standard error of 7;, and 0; = [1;/SE; is the stan-
dardized expected return. Equations (5) and (6) can be derived from dividing
Equation (1) by SE; and assuming the CLT holds. For simplicity, we assume SE;

is known.

We then model the standardized expected return as a mixture of normals:

~ Normal (/,tgya,a'é’a) with prob A,

s~

l

(7)
Normal (,ugy b 05, b) otherwise

Mixture normals are parsimonious, easy to understand, and yet allow for skew-

ness and fat tails. We then estimate Q = [/.tg’a,O'g & ,ug,b,az »Aa| using quasi-



maximum likelihood. Plugging in the estimate Q into Bayes rule (Equation (4))

yields our expected return estimates.

We compute Bayes rule using the distr package (Ruckdeschel et al. (2006)) for
generality.? But closed form solutions for mixture normal setting can be found in

Section 3.3 and Appendix B.2.

The quasi-likelihood is also computed using distr. Estimation of € is done
using nloptr (Johnson (2007)). For further details see Appendix B or our github
site.

We estimate the models using the past 20 years of long-short returns, sepa-
rately for each year spanning 1983-2019 and for each strategy “family” and for
each year. There are six families of strategies formed by crossing the three types
of signals (accounting, past returns, tickers) with two portfolio formation meth-

ods (equal-weighted and value-weighted).

3 Performance of the Best Data Mined Strategies

We show that rigorous data mining leads to research-like out-of-sample re-
turns (Section 3.1) and take a look at which kinds of strategies are identified by
data mining (Section 3.2). We also provide intuition for how rigorous mining

works (Section 3.3).

3.1 Out-of-Sample Returns

Can rigorous data mining generate out-of-sample returns? To answer this
question, we examine portfolios that take advantage of the most extreme EB pre-

dictions.

Each year, we sign strategies to have positive EB predicted returns, and then
form portfolios that equally-weight strategies in the top X% of predicted Sharpe
ratios. The predicted Sharpe ratio is defined as the EB predicted return (Equa-
tion (4)) divided by the in-sample return volatility. We examine X = 1, 5, and
10. For comparison, we also examine a portfolio that equally-weighs published

strategies from the Chen and Zimmermann (2022) dataset.

Table 2 shows the result. The top 1% of data-mined strategies perform simi-

4We expect to use other parametric assumptions for Equation (7) in future revisions for ro-
bustness.



larly to strategies published in top finance journals. Over the full 1983-2020 sam-
ple, the top 1% portfolio earns 5.70% per year, compared to the 5.88% return from
published strategies. The Sharpe ratio from data mining is smaller, at 1.46 vs
2.03 for published strategies. However, unlike the data-mined strategies, which
are formed using only information available in real-time, the published strate-
gies contain look-ahead bias. Indeed, if we focus on strategies in top journals
that were published pre-2004, the performance is very similar to the data-mined

strategies in terms of either mean returns or Sharpe ratios.
[Table 2, Returns of Long-Short Portfolios Data-Mined, about here]

The data-mined returns are robust. The top 5% and top 10% of data-mined
strategies also perform well and are statistically significant, indicating that the
performance of the top 1% is not driven by outliers. Out-of-sample performance
is also seen in both the 1983-2004 and 2005-2020 subsamples. And across all
samples, the performance of data mining is comparable to the performance of

strategies from finance journals.

Figure 1 takes a closer look by plotting the value of $1 invested in each port-
folio over time. The top 1% data-mined portfolio has similar performance to
published strategies throughout the figure. All portfolios show little relatively lit-
tle cyclicality during the recessions of 1991, 2009, and 2020. Indeed, the returns

are fairly consistent throughout the chart, with an important caveat.
[Figure 1, Cumulative Long-Short Returns, about here]

The caveat is that returns are concentrated in the pre-2004 sample. This is
seen in the flattening of the solid line in Figure 1 around 2004 and in the mid-
dle and lower panels of Table 2. The top 1% portfolio returns 8.17% per year
from 1983-2005, compared to just 2.03% from 2005-2020. A similar decay is seen

across all portfolios, both data-mined and academic.

Overall, we find that one can find long-short returns comparable to those
from the best journals in finance, just by mining data, with little thought about
the underlying economics. Moreover, rigorous data mining can discriminate
between data sources that have no information about future returns, like stock
market tickers, from data that is rich in information, like accounting ratios. Un-
like the published strategy returns, our returns can be found using only infor-
mation available in real-time. These results show that high-throughput meth-

ods provide a bias-free approach to studying stock market predictability. Our



strategy returns and code are public, and we encourage future researchers to use

these methods.

3.2 The Composition of the Top 1%

Table 3 takes a closer look at the top 1% strategies produced by rigorous data
mining. Panel A shows that 91.0% of the top 1% come from the equal-weighted
accounting family and 8.6% come from equal-weighted past returns. The other
strategy families comprise a negligible part of the top 1%. Ticker strategies are

completely absent from the top 1%.
[Table 3, Description of Top 1% Data-Mined Strategies, about here]

Taken with Table 2, these results show that cross-sectional predictability is
concentrated in accounting data, small stocks, and pre-2004 samples. These styl-
ized facts offer a parsimonious description of the “factor zoo.” Theories that wish
to capture the big picture of cross-sectional predictability should be consistent
these facts. For example, slow diffusion of economic information is consistent,
as this diffusion would be especially slow in small stocks and before the internet
era. In this way, high throughput asset pricing provides a way to not only identify

out-of-sample returns, but to also provide insight into the underlying economics.

Panel B shows that many of the top 1% strategies are quite far from the predic-
tors noted in the academic literature. In 1993, academics were focused on pre-
dictors like book-to-market, 12-month momentum, and sales growth (Fama and
French (1992); Jegadeesh and Titman (1993); Lakonishok, Shleifer, and Vishny
(1994)). None of these predictors are in the top 20 strategies based on predicted
Sharpe ratios from rigorous data mining. Instead, the common themes from
data mining include shorting stocks with high or growing debt, as well as buy-
ing stocks with high depreciation, depletion, and amortization. Another theme

is buying stocks with high returns in quarters # minus 17 and 18.

Based on textbook risk-based or behavioral asset pricing, one might expect
that these data-mined predictors will average zero returns out-of-sample. But
this is not the case. The realized Sharpe ratios for these strategies in the 10 years

after 1993 averages around 1.0 (“SR OOS” column).



3.3 Shrinkage Intuition

Unlike many big data and machine learning methods, empirical Bayes has a
transparent intuition. The intuition can be seen in a special case of the prediction

Equation (4). If §; ~ Normal (0, 05), we have

1
1 -/, <
Var (£;)

it = (8)

where Var (7;) is an estimate of the cross-strategy variance of t-stats.

This expression says that rigorous mining involves shrinking sample mean
returns 7; toward zero at a rate of \#@) \//zﬁ(f,-) measures how far the data
are from the null of 7; ~ Normal(0,1). If there is no predictability, then 7; ~
Normal (0,1), \7&(@) ~ 1, and all 7#; are shrunk to zero. But if data are far from
the null, then a large 7; is a signal of large fi;—even if 7; is found from searching

tens of thousands of strategies, unguided by economic theory.

Figure 2 shows that equal-weighted accounting strategies (upper left) are far
from the null using data from 1964 to 1983. Equal-weighted past return strategies
(middle left) also show a notable deviation. In contrast, the other strategy fami-
lies are quite close to the null. Indeed, for both families of ticker-based strategies,

the null is a very good fit for the data.
[Figure 2, Distribution of t-stats in 1983, about here]

Accordingly, Equation (8) implies that the bulk of the high return strate-
gies will be found in equal-weighted accounting and equal-weighted past-return
strategies. This intuition is consistent with Panel A of Table 3, which shows that

the vast majority of the best data-mined strategies come from these families.

Compared to data available in 1983, all strategy families are closer to the null
using data from 1985-2004, as seen in Figure 3. All value-weighted families are
very close to the null, implying that predictability in large stocks is essentially
gone. The long left tail in equal-weighted past return strategies also disappears.
Only equal-weighted accounting strategies are visually far from the null. These

results imply that predictability is concentrated in the earlier part of the sample.
[Figure 3,Distribution of t-stats in 2004, about here]

The intuition in Figures 2 and 3 is so simple that one might even skip the

quasi-maximum likelihood estimation. Just looking at these charts, and the dis-
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tance between the data and the null, one can already tell that predictability is
concentrated in small stocks, accounting data, and the earlier sample. That is,
one can already tell where predictability is concentrated, if one understands the

intuition in Equation (8).

4 Empirical Bayes Prediction Accuracy Across the

Cross-Section

This section takes a closer look at the EB predictions and accuracy. We see

when and where EB predictions are successful and when they struggle.

4.1 EB Prediction Accuracy 1983-2004

To examine accuracy, we use out-of-sample portfolio sorts. For each year
and each strategy family, we form 20 portfolios by sorting strategies into equal-
sized groups based on the past 20 years of mean returns. We then predict the
mean returns for each portfolio by averaging the EB predictions (Equation (4)),
which are also based on the past 20 years of data. Finally, we form a portfolio
that equally-weighs strategies in each group and hold for one year (the “out-of-
sample” periods).

Figure 4 shows the in-sample, predicted, and out-of-sample returns for each
portfolio, averaged the out-of-sample periods from 1983 to 2004. For all six fam-
ilies, there are sizable in-sample returns (dashed line) in the extreme in-sample
groups. For accounting strategies, in-sample returns are as extreme as -11% per
year. A naive read of this result is that one can flip the long and short legs and
find +11% returns out-of-sample. Past return strategies see a similar +10 per-
cent return in the extreme groups. Even ticker-based strategies show in-sample

long-short returns of up to 4 percent per year.
[Figure 4, Empirical Bayes Predictions 1983-2004, about here]

However, the predicted returns are typically much closer to zero. In fact, for
both ticker-based strategy families, the predicted return (solid line) is almost ex-
actly zero for all 40 in-sample groups. This result is intuitive given how close
the ticker t-stats are to the null of no predictability (Figure 2). This closeness

implies that the extreme returns can be entirely accounted for by luck, and so
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shrinkage should be 100% (Equation (8)). Significant shrinkage is also seen in
value-weighted accounting strategies (top right panel). Rigorous data mining
recommends that the extreme returns of around -8% and +9% (dashed line) be

shrunk down to about -3% and +2 (solid line), respectively.

Rigorous mining predicts much higher returns in equal-weighted account-
ing strategies (upper left panel). For these strategies, the predicted returns are
actually not far from the in-sample return. This result is consistent with Chen
and Zimmermann (2020), who find shrinkage of only 12% for published anoma-
lies, which are largely equal-weighted and based on accounting variables. Pre-

dictability is also seen in both families of past return strategies.

These predictions are borne out in out-of-sample returns (markers with error
bars). The first group of EW accounting strategies returns -8 percent per year out-
of-sample from 1983-2004, almost exactly the same as the EB prediction. Similar

accuracy is seen throughout all 120 bins in Figure 4.

These results show that rigorous data mining offers economic insights that
are difficult to derive from theory. While theories of slow information diffusion
may tell you that predictability is concentrated in small stocks, accounting sig-
nals, and pre-2004 data, they are unlikely tell you how much predictability there
is. In contrast, empirical Bayes provides quantitative, accurate estimates of the

precise amount of predictability.

4.2 EB Prediction Accuracy 2004-2020

We split our OOS tests in the mid-2000s, motivated by the idea that there was
likely a structural break during this period due to the rise of information technol-
ogy (Chordia, Subrahmanyam, and Tong (2014)). Comparing the distribution of
t-stats available in 1983 vs 2004 supports the idea that the structure of financial

markets changed (see Section 3.3).
[Figure 5, Empirical Bayes Predictions 2004-2020, about here]

This structural change can be seen by comparing Figure 5 (EB predictions
2004-2020) to Figure 4 (EB predictions 1983-2004). In all panels, the predicted
returns shift closer to zero post-2004. Most notably, the predictability that was
present in past return strategies pre-2004 is largely gone. Consistent with these
predictions, the past return portfolios show a flat or even negative relationship

between out-of-sample and in-sample returns post-2004. A similar weakening of
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EB predictions and flattening of out-of-sample returns is seen in the accounting
VW family.

An exception to this pattern is the family of equal-weighted accounting ra-
tio strategies (top left). In this chart, the shrinkage is still relatively small, with
EB predictions implying returns as extreme as -9 percent per year. This predic-
tion and others in this panel miss the mark: the out-of-sample returns are much

closer to zero throughout this panel.

This poor accuracy is natural given the fact that the estimations use a rolling
window consisting of the past 20 years of data. This fixed window implies that,
for much of the period 2004-2020, our estimates rely on data from a time when
accounting statements needed to be retrieved by traditional (snail) mail for in-

vestors without special access to the SEC reading room (Bowles et al. (2023)).

This result implies an important role for economic theory: when structural
breaks occur, there is no way for data mining to provide a clear understanding of
the economy, no matter how rigorously the mining is done. Theory is sometimes
used this way in economics and finance, but this is typically not the case. Instead,
theory is typically used to understand patterns found in long samples of data,
spanning many decades. In our view, the future of theory is bright for theorists
who study structural breaks, even in the era of big data. Indeed, a smart data
miner armed with theory might have understood the implications of the internet
for stock return predictability, and could perhaps have performed much better

than our theory-free EB mining process.

5 Comparison with False Discovery Controls

Our main analysis corrects for data mining bias using empirical Bayes shrink-
age, following Chen and Zimmermann (2020); Chen and Velikov (2022); and
Jensen, Kelly, and Pedersen (2023). An alternative approach is to use false dis-
covery controls, following Harvey, Liu, and Zhu (2016); Harvey and Liu (2020);
and Chordia, Goyal, and Saretto (2020). This section examines how our results

would differ if we use this alternative.
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5.1 Harvey, Liu, and Zhu (2016)’s Multiple Testing Controls

Harvey, Liu, and Zhu (2016) (HLZ) recommend using Benjamini and Yeku-
tieli’s (2001) Theorem 1.3 to control for multiple testing. This theorem provides
an estimate of the t-stat hurdle required to ensure an FDR below g*, where g* is
selected by the researcher. HLZ recommend g* = 1%, though they also examine
q* =5%.

We describe this as the “HLZ method” because the original paper that proves
this theorem does not recommend using it. Benjamini and Yekutieli (2001) de-
scribe their theorem as “very often unneeded, and yields too conservative of a
procedure.” In his textbook on large scale inference, Efron (2012) agrees, stat-
ing that the theorem represents a “severe penalty” and is “not really necessary.”
Moreover, the statistics literature uses the “BY algorithm” to refer to Benjamini

and Yekutieli (2005), which is an entirely different procedure.

Itis important to examine the HLZ method, since it is arguably the most pop-
ular multiple testing control in finance. Several followups to the influential HLZ
paper use this method, including Harvey and Liu (2020) and Chordia, Goyal, and
Saretto (2020); and Jensen, Kelly, and Pedersen (2023).

We implement HLZ’s recommendation as follows: for each year and each

strategy family, we solve

h =min{ .[Pr(|t1|>h|91=0) T = *} 9)
HLZa" =520 1" " | Share of |7;| > h BY13 =4
where
N1
TBY13 = ) Z (10)
i=1

and N is the number of strategies in the year-family. If there is no & > 0 that
satisfies the constraint, we set hyy 7 4+ = the maximum |7;| + 1 (we do not reject
the null for any strategy). Benjamini and Yekutieli’s (2001) Theorem 1.3 proves
that this algorithm implies a false discovery rate < g*, though the bulk of the
paper studies Theorem 1.2, which uses 7y 3 = 1 instead of Equation (10).

We evaluate HLZ’s recommendation using out-of-sample portfolio sorts, as
in Section 3. For each year and each strategy family, we sort strategies into 20
groups based on the in-sample t-statistic. We then form portfolios that equally

weight strategies in each group and hold for one year.
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Figure 6 shows the result. It shows the time-series average of the out-of-
sample portfolio returns, as well as the time-series average of hyrz 4+, for g* =
1% or 5%. Only one of the 120 portfolios survives HLZ’s recommended g* = 1%
multiple testing control (the most negative t-stat in the equal-weighted account-
ing family). This portfolio has notable out-of-sample returns of -6% per year and
is highly statistically significant. So in this way, one can judge HLZ’s recommen-

dation as successful.
[Figure 6, Multiple Testing Following HLZ, about here]

However, HLZ’s recommendation misses out on numerous portfolios with
notable and statistically significant out-of-sample returns. The roughly 10 ac-
counting strategies with significant returns would be missed by applying HLZ'’s
recommendation. It would also lead to missing the past return portfolio with
8 percent out-of-sample returns. Overall, the HLZ method does not effectively
separate strategies with high out-of-sample returns from those with low out-of-
sample returns. In contrast, Figures 4 and 5 show that empirical Bayes shrinkage

does a good job forecasting returns throughout the cross-section.

5.2 Storey (2002)’s FDR Control

Harvey, Liu, and Zhu (2016)’s recommendation is an extremely conservative
variant of the Benjamini and Hochberg (1995) method. Much of the statistics
literature goes in the opposite direction, modifying Benjamini and Hochberg
(1995) to be more aggressive. Indeed, finance papers that came before HLZ em-

phasized more aggressive FDR controls.

For example, Barras, Scaillet, and Wermers (2010) recommend the Storey
(2002) FDR control, which can be written as

Pr(11| > hl6; =0)
Share of |7;| > h

hStorey,q* = min{ . T Storey = q* } (11)

h>0

where

Share of |f;| <1.0 _ Share of |#;| < 1.0
Pr(|f]<1.06; =0) 0.68

TTStorey = (12)

and the cutoff of 1.0 is selected for ease of interpretation. Like HLZ’s preferred

15



method (Equations (11)-(12)), Equations (11)-(12) amount to modifying the Ben-
jamini and Hochberg (1995) with a constant factor. But while HLZ’s constant fac-
tor of Y ¥ 1 ~log N > 1 leads to a much more conservative hurdle, orey < 1.0
leads to a more aggressive approach. In particular, Equation (12) says Zstorey is
found by dividing the share of |7;| < 1.0 in the data by the classical “one sigma”
area of 68%. This ratio amounts to a conservative estimate of the probability
that 8; = 0,% and this approach to sharpening Benjamini and Hochberg (1995) is
found in many other FDR controls (Benjamini and Hochberg (2000), Efron, Tib-
shirani, et al. (2001), Genovese, Roeder, and Wasserman (2006), and Benjamini,
Krieger, and Yekutieli (2006)).

Also unlike HLZ’s choice of g* = 1%, the statistics literature tends to pre-
fer using g* = 5% or 10% in applications from genetics to functional imaging
(Efron (2012) and Benjamini (2020)). We argue that an even larger g* is preferred
for cross-sectional asset pricing, since the consequences of a false discovery are
much smaller compared to medical research. We examine g* = 20%, implying
an investor which is satisfied as long as more than 80% of her trading strategies

are true discoveries.

Figure 7 evaluates the effectiveness of using ¢* = 10% and 20% using out-of-
sample portfolio sorts. We use the same evaluation as we did for HLZ’s method.
But the results are quite different. Both versions of the Storey method do a good
job of separating low from high out-of-sample returns. The majority of portfolios
with economically meaningful returns are declared as discoveries using either
choice of g*. The g* = 20% hurdle (dashed line) captures more of the economi-

cally notable portfolios.
[Figure 7, Multiple Testing Following Storey, about here]

Both hurdles, however, miss out on the past return portfolio which gener-
ates a notable return of about 3% per year over the full sample (equal or value
weighted). This miss is likely related to the symmetry built into FDR methods. In
contrast, EB shrinkage can handle these asymmetries, and predicts high returns
for these portfolios, at least pre-2004 (Figure 4). More broadly, EB shrinkage al-

lows for closer connection with the economics more generally. One can use the

5To see this, start with the law of total probability
Pr(|%1<1.0) =Pr(|%| < 1.016; = 0)Pr(f; = 0) + Pr(|%;] < 1.010; #0) Pr(H; #£0),

Solve for Pr(0; = 0), and note that Pr(|7;] < 1.00; # 0) Pr(9; #0) = 0.
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predicted returns and Sharpe ratios as inputs for portfolio selection and asset

pricing, neither of which is possible using FDR methods.

6 Conclusion

We show that a solution to data mining bias is to mine data rigorously. We
systematically search data on accounting variables, past returns, and ticker sym-
bols for large out-of-sample returns. We adjust large in-sample returns for data
mining by conditioning our estimates on the search. This conditioning leads to
accurate predictions of out-of-sample returns throughout the cross-section of
strategies. Through this “high-throughput asset pricing,” we find mean returns
comparable to those found in top finance journals. But unlike the published

strategies, ours are arguably free of data mining bias.

High-throughput asset pricing finds that returns are concentrated in ac-
counting strategies, small stocks, and pre-2004. These facts are consistent with
the theory that anomaly returns are due to mispricing and the slow diffusion of
information. While these results could potentially be gleaned from a deep read
of the anomalies literature, our methods provide a scientific method for docu-

menting these stylized facts.

Data mined forecasts are less accurate post-2004, likely because the rise of
the internet that led to a structural break in financial markets. This idea suggests
that an important role for theory is to both understand when structural breaks

should occur and provide guidance on how to deal with them.
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A Data Handling Details

A.1 60,000 Accounting Ratio Strategies

We examine 60,000 accounting ratio strategies constructed by Chen, Lopez-
Lira, and Zimmermann (2022). Inspired by Yan and Zheng (2017), Chen et al.
construct 30,000 accounting ratio signals as follows. Let X be one of 240 ac-
counting variables from Compustat (+ CRSP market equity) and Y be one of 65
accounting of these 240 variables that is positive for at least 25% of firms in 1963.
Apply two transformations: X/Y and AX/lagY to get 240 x 65 x 2 = 30,000 sig-
nals. Then form equal-weighted and value-weighted long-short decile strategies,
leading to 60,000 strategies.

These strategies are downloaded from Andrew Chen’s website. We are grate-
ful to the others for making their data public.

A.2 38,000 Past Return-Based Strategies

Inspired by Yan and Zheng (2017) , we construct past-return strategies as fol-
lows: Choose 4 quarters out of the past 20 quarters. Compute the first four cen-
tral moments using the returns in these quarters. This leads to (240) x4 =19,380

signals.

Add to this the return over any of the past 20 quarters, as well as the mean
return over the past 2 and past 3 quarters. This adds 20 + 2 signals, for a total of
19,380 + 22 = 19,402 signals.

Finally, form equal-weighted and value-weighted long-short decile strate-
gies.

We chose this approach, rather than the approach in Yan and Zheng (2017)
for three reasons. The first is that we want to have a strategy list that is compa-
rable in length to the length of our accounting ratio strategies. Yan and Zheng’s
method leads to “only” 4,080 signals. The second is that, while Yan and Zheng’s
methods are inspired by momentum and short-run reversal, we want to ensure
that our methods do not incorporate knowledge that would come from reading
finance publications. Last, we chose to reduce the amount of overlap across the

different signals, which should lead to better properties of our EB estimator.

Earlier versions of our paper use Yan and Zheng’s method and found similar
results. These results can be found at arxiv.org.
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A.3 38,000 Ticker-Based Strategies

Inspired by Harvey (2017), we sort stocks into 20 groups based on the alpha-
betical order of the first ticker symbol. We then long any two of those groups
and short two. Repeat using the 2nd, 3rd, and 4th ticker symbols. This yields
(%)) x 4 = 19,380 long-short portfolios.

We chose not to follow Harvey (2017)’s approach in order to have a similar
number of strategies as our accounting-based strategies. Harvey’s method leads
to “only” 6,000 ticker-based strategies.

Earlier versions of our paper used Harvey’s method and found similar results.

These results can be found at arxiv.org.

B Theory and Estimation Details

B.1 Estimation Details

We construct the quasi-likelihood using the distr package in R (Ruckdeschel
et al. (2006)) and optimize using the BOBYQA algorithm in the nloptr package
(Johnson (2007)). BOBYQA is a derivative-free bound-constrained optimization

based on quadratic approximations of the objective.

We also use distr to compute the prediction formula (Equation (4)). To ensure

numerical stability, we split the integrals into many smaller parts.

B.2 Closed-form Prediction Formulas

This section provides details closed forms for the prediction Equation (4) un-
der the mixture normal assumption. Our results actually uses distr to numeri-

cally compute these values, but these formulas are helpful for intuition.

Add some notation for describing the mixture:

- a with prob 1,
b withprobA,=1-1,
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The prediction of 0; conditional on #; = f and Z = z can be found using

0(t,2)=E(0ilfi=t,7 =z) (13)
Cov(0;, %17 = 2)
Var (%17 = z)
Var (% Z = z) - Cov (8;, ;11 Z = z)

i+ (~f0.) a4

= + ——— r—[i (15)
Mo,z r(ti| A ) ( /J'B,z)

= + |1 - = t—[i (16)
Ho,z I(fi| ) ( HH,Z)

Then average across the possible values of Z (use iterated expectations):

6= ) Pr(Z=zlt;=1)0(12)

z€(a,b)

where the probabilities are found using Bayes formula

Pr(Z=zlfj=1t)= JNorm (”ﬂ&z’@(mz =2z)) Az
l > 2e{a,b} fNorm (th,Z’r@(Z”Z = Z’)) Az

and fxorm (t1fg,z, Var (71 Z = z)) is a normal density function with mean fig . and
variance Var (7;|Z = z).
To recover the bias-adjusted prediction about returns, just rescale:

(7, %) =0(7) 2. (17)

i
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Figure 1: Cumulative Long-Short Returns from Rigorous Data-Mining. We use
empirical Bayes to mine 140,000 long-short strategies for large out-of-sample re-
turns. Each year, we sign strategies to have positive returns based on EB pre-
dictions and then form portfolios that equal-weight strategies in the top X% of
predicted Sharpe ratios based on Equation (4). We hold for one year and repeat.
Interpretation: Rigorous data mining generates notable out-of-sample perfor-
mance. Returns experience a break around the early-2000s, around the time
when internet access became widespread.
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Figure 2: Distribution of t-stats from long-short deciles strategies: 1983.
“Data” are t-stats testing the null of expected return = 0 from 1964-1983 for
140,000 trading strategies (Table 1). “Model” is Equations (5)-(7). “Null” is a stan-
dard normal. “EW” and “VW” are equal- and value-weighting, respectively. In-
terpretation: Equal-weighted accounting and equal-weighted past return strate-
gies are far from the null, indicating true predictability. The models fit the data
well.
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Figure 3: Distribution of t-stats from long-short deciles strategies: 2004.
“Data” are t-stats testing the null of expected return = 0 from 1985-2004 for
140,000 trading strategies (Table 1). “Model” is Equations (5)-(7). “Null” is a stan-
dard normal. “EW” and “VW” are equal- and value-weighting, respectively. In-
terpretation: Compared to 1983 (Figure 2), t-stats from 2004 are much closer to
the null, indicating diminished predictability. Equal-weighted accounting strate-
gies still show true predictability, however.
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Figure 4: Empirical Bayes Predictions and Out-of-Sample Returns: 1983-2004.
For each year and each family of strategies, we sort strategies into 20 groups
based on the past 20 years of returns (“In-Samp”) and predict returns using Bayes
rule (Equation (3), “Predicted”). We form equal-weighted portfolios of strategies
in each group and hold for one year (“O0S,” error bars are two standard errors).
Interpretation: Pre-2004, empirical Bayes shrinkage provides accurate forecasts
of out-of-sample returns, unlike using the naive rule of in-sample return = out-
of-sample return. Rigorous data mining removes data mining bias.
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Figure 5: Empirical Bayes Predictions and Out-of-Sample Returns: 2004-2020.
For each year and each family of strategies, we sort strategies into 20 groups
based on the past 20 years of returns (“In-Samp”) and predict returns using Bayes
rule (Equation (3), “Predicted”). We form equal-weighted portfolios of strategies
in each group and hold for one year (“O0S,” error bars are two standard errors).
Interpretation: Compared with pre-2004 (Figure 4), post-2004 predicted returns
are closer to zero. Out-of-sample returns are even closer to zero, consistent with
a structural break in predictability around 2004.
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Figure 6: Multiple Testing Controls Following Harvey, Liu, and Zhu (2016): For
each year and each strategy family, we calculate t-stat hurdles (vertical lines)
following Harvey, Liu, and Zhu (2016), who recommend using Benjamini and
Yekutieli (2001), Theorem 1.3 with g* = 1% or g* = 5%. We compare with out-
of-sample returns of the strategies sorted into 20 bins based on in-sample t-
statistics (markers). Hurdles, in-sample t-stats, and out-of-sample returns are
calculated each year from 1983-2020, and then averaged across years. Error bars
are two standard errors. Interpretation: Most strategies with substantial out-of-
sample returns fail to pass the hurdles recommended by Harvey, Liu, and Zhu
(2016). These hurdles are excessively conservative.
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Figure 7: Multiple Testing Controls Following Storey (2002): For each year and
each strategy family, we calculate t-stat hurdles (vertical lines) following Storey
(2002) (Equations (11)-(12)), using g* = 10% based on the genetics literature
(Efron (2012); Benjamini (2020)) and g* = 20% because false discoveries are less
of a concern in cross-sectional predictability. We compare with out-of-sample
returns of the strategies sorted into 20 bins based on in-sample t-statistics (mark-
ers). Hurdles, in-sample t-stats, and out-of-sample returns are calculated each
year from 1983-2020, and then averaged across years. Interpretation: The Storey
FDR control does a fairly good job of separating low from high out-of-sample re-
turns.
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Table 1: Overview of 140,000 Long-Short Strategies

Table describes the 136,192 strategies used throughout the paper. Data and code
for these strategies are posted publicly. Interpretation: Unlike datasets of pub-
lished strategies (e.g. Chen and Zimmermann (2022)), these strategies are ar-
guably constructed without data-mining bias.

Panel A: Accounting Strategies

Description: Make ratios from 242 accounting variables by (1) dividing one
variable by another and (2) taking first differences and then dividing. Long /
short the extreme deciles. Data is from Chen, Lopez-Lira, and Zimmermann

(2022).
Mean Return (% ann)
# strategies : ) .
5 pctile 50 pctile 95 pctile
EW 29,314 -7.0 -1.1 3.7
VW 29,314 -4.5 -0.4 3.9

Panel B: Past Return Strategies

Description: Choose 4 quarters out of the past 20 and compute one of the
first four central moments, yielding (%) x 4 = 19,380 signals. Add the return
over any of the past 20 quarters and mean returns over the past 2 and past 3
quarters to arrive at 19,402 signals. Long / short the extreme deciles.

Mean Return (% ann)

# strategies

5 pctile 50 pctile 95 pctile
EW 19,402 -5.3 -0.4 2.1
VW 19,402 -3.4 0.1 4.3

Panel C: Ticker Strategies

Descrption: Sort stocks into 20 groups based on alphabetical order of the
first ticker symbol. Long two of those groups and short two. Repeat using
the 2nd, 3rd, and 4th ticker symbols. This yields (%) x 4 = 19,380 long-short
portfolios.

Mean Return (% ann)

# strategies

5 pctile 50 pctile 95 pctile
EW 19,380 -0.9 0.0 0.8
VW 19,380 -2.2 -0.2 1.6
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Table 2: Returns of Long-Short Portfolios Data-Mined with Empirical Bayes

We use empirical Bayes to mine 140,000 long-short strategies for large out-of-
sample returns. Each year, we sign strategies to have positive returns based on
EB predictions and then form portfolios that equal-weight strategies in the top
X% of predicted Sharpe ratios based on Equation (4). We hold for one year and
repeat. 'Pub Anytime’ is a portfolio that equally weights strategies from Chen and
Zimmermann (2022). 'Pub Pre-2004’ equally weighs strategies published before
2004. Interpretation: Rigorous data mining generates out-of-sample returns
comparable to those from the best journals in finance, even if the data includes
signals with zero out-of-sample mean returns, like ticker-sorted portfolios.

Num Strats Mean Return /-stat Sharpe Ratio

Combined (% ann) (ann)
1983-2020
DM Top 1% 1278 5.70 9.00 1.46
DM Top 5% 6389 4.03 8.27 1.34
DM Top 10% 12777 2.77 7.16 1.16
Pub Anytime 203 5.88 12.54 2.03
Pub Pre-2004 82 5.23 9.57 1.55
1983-2004
DM Top 1% 1262 8.17 8.84 1.88
DM Top 5% 6305 5.74 7.82 1.67
DM Top 10% 12610 4.20 7.22 1.54
Pub Anytime 201 8.18 11.84 2.52
Pub Pre-2004 81 7.56 9.20 1.96
2005-2020
DM Top 1% 1301 2.29 3.10 0.78
DM Top 5% 6504 1.68 3.22 0.80
DM Top 10% 13007 0.81 1.95 0.49
Pub Anytime 207 2.71 5.44 1.36
Pub Pre-2004 82 2.03 3.59 0.90
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Table 3: Description of the Top 1% Data-Mined Strategies

Panel A shows the fraction of strategies that comes from each signal family,
pooled across all sample years. Panel B lists the definitions of the strategies
with highest predicted Sharpe Ratios (SR pred) using data from 1974-1993. SR
OOS is the realized Sharpe ratio 1994-2003. Sharpe ratios are annual. Interpre-
tation: The top 1% strategies are largely equal-weighted accounting strategies.
Equal-weighted past return strategies comprise a non-trivial minority. The top
20 strategies are distant from strategies in the academic literature yet they per-
form well out-of-sample.

Panel A: Average Fraction of Signals in the Top 1%

Acct EW Acct VW Past Ret EW Past Ret VW Ticker EW Ticker VW

91.0%

0.3%

8.6%

0.1% 0.0% 0.0%

Panel B: Top 20 Strategies in 1993 based on Signed Predicted Sharpe Ratio

Rank P?eR d OS g S Signal Family Signal Name
1 1.56 1.32 AcctEW - Alnterest paid net / Lag(Common equity)
2 1.51 0.84 AcctEW - Debt due in 2nd year / Depr, depl & amort
3 1.43 0.92 AcctEW - Debt mortgages & other sec / Sales
4 1.37 1.60 AcctEW - Debt mortgages & other sec / Depr, depl & amort
5 1.37 1.64 AcctEW - Alnterest paid net / Lag(Stockholders equity)
6 1.35 0.54 Past Ret EW + Return in quarters ¢ minus 5, 9, 17, and 18
7 1.35 0.68 AcctEW - Debt due in 3rd year / Depr, depl, and amort
8 1.35 0.69 AcctEW - Debt mortgages & other sec / Cost of goods sold
9 1.34 1.00 AcctEW - Alnterest paid net / Lag(Inventories)
10 1.33 0.62 AcctEW - Debt mortgages & other sec / Operating expenses
11 1.33 0.47 PastRetEW  + Return in quarters ¢ minus 17
12 1.32 0.62 PastRetEW  + Returnin quarters f minus 9, 17, 18 and 19
13 1.30 0.43 AcctEW - ALiabilities / Lag(Depr & amort)
14 1.29 0.44 PastRetEW  + Returnin quarters f minus 9, 13, 17, and 18
15 1.29 1.24 AcctEW - Alnterest paid net / Lag(Equity liquidation value)
16 1.29 0.68 PastRetEW  + Returnin quarters ¢t minus 3,9, 17, and 18
17  1.25 0.49 AcctEW - Debt due in 4th year / Depr, depl & amort
18 125 1.01 AcctEW - Stock issuance / Gross profit
19 125 0.55 AcctEW - Debt due in 2nd year / Depr & amort
20 1.24 151 AcctEW - ALiabilities / Lag(Depr, depl & amort)
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