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Abstract. We find that equity loan fees, which have been largely ignored by the anomalies 
literature, are the best predictor of cross-sectional returns. When compared with 102 other 
anomalies and other short-selling measures, the loan fee anomaly has the highest monthly 
long-short return (4.01%), the highest monthly Sharpe Ratio (0.66), and, unlike other anom
alies, exhibits strong persistence throughout the sample. Although prior work has shown 
that existing anomalies reside in high loan fee stocks, we find that 42% of loan fee outper
formance is due to unique information not contained in other anomalies. Future papers 
that examine cross-sectional predictors of returns should include the single most effective 
predictor: loan fees.
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1. Introduction
Several recent papers show that equity loan fees are 
related to future stock returns.1 The predictive ability of 
loan fees may not be surprising to those in the short- 
selling literature: short-sellers are well known to be 
informed traders, and high loan fee stocks represent 
investments that short-sellers are willing to pay the 
most for—that is, their very best ideas. Yet, despite the 
evidence on short selling, the literature on asset pricing 
anomalies has largely overlooked just how powerful 
loan fees are in determining the cross-section of returns. 
Of eight well-known meta-anomaly papers, only four 
examine short interest and zero examine loan fees.2 We 
show that equity loan fees are arguably the single stron
gest predictor of cross-sectional returns.

When we compare the loan fee anomaly to the 102 
anomalies in Green et al. (2017) (hereafter GHZ), as 
well as other measures of short-selling activity, we 
find that, during our 2013–2019 sample period, it has 
the highest average long-short monthly return 
(4.01%), the highest Sharpe Ratio (0.66), and the high
est percentage of months with a positive return 
(74.4%). We find similar results for portfolio values: $1 
invested in the top percentile of a composite anomaly 
portfolio, which is formed by combining the GHZ 
anomalies, would have finished with $1.47 by the end 
of our sample. The same dollar invested in the top per
centile of the loan fee anomaly portfolio would have 
finished with $18.76.3

Moreover, the loan fee anomaly is not only unique in 
its performance, but also in its persistence. Whereas 
most anomalies fade over time (McLean and Pontiff 
2016), the loan fee anomaly remains strong throughout 
our sample. When we sort all anomalies based on their 
past performance, the future performance of the best 
anomalies in GHZ is statistically indistinguishable from 
the worst. In contrast, the loan fee anomaly persists in 
its superior performance, outperforming the best anom
alies in the existing literature.

Because the existing literature shows that short sellers 
are informed traders and that anomalies tend to be con
centrated in hard-to-short stocks, it is natural to wonder 
whether the predictive performance of the lending fee is 
simply a combination of existing anomalies.4 With this 
in mind, we project loan fee on all 102 anomalies and 
decompose it into a fitted and a residual component— 
the fitted value measures the portion of loan fees that 
are spanned by existing anomalies, while the residual 
measures the unique information in loan fees that is dis
tinct from existing anomalies. When we form a long- 
short trading strategy based on the fitted loan fee, we 
find that this aggregation of anomalies returns 2.15% 
per month, which places it among the top 5% of the 
GHZ anomalies. When we examine the residual loan 
fee, we find it returns 1.64% per month, outperforming 
most of the GHZ anomalies. In other words, short sell
ers’ best ideas appear to be, in part, ideas about how to 
selectively reweight existing anomalies.
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Although these results show there is unique informa
tion in the loan fee signal, a difference in levels does not 
tell us how much of the relation between loan fee and 
returns is explained by each component. Using a regres
sion approach, we find that the fitted loan fee explains 
58% of one-month-ahead return variation, while the 
residual explains 42%. Similarly, when we use a princi
pal components approach, we find the fitted loan fee 
explains 32% of one-month-ahead return variation, 
while the residual explains 68%. These results suggest 
that a substantial component of a short seller’s best ideas 
are not spanned by existing anomalies. In other words, 
existing anomalies are missing information about some 
of the most mispriced stocks, but short sellers’ best ideas 
contain this valuable information.

As an example of the type of information that could 
be contained in the residual loan fee, we repeat the anal
ysis in the context of securities fraud class-action law
suits. The existing literature finds that short sellers are 
skilled at uncovering financial fraud (Karpoff and Lou 
2010). Consistent with this, we find that loan fee predicts 
the occurrence of lawsuits related to financial miscon
duct. Moreover, we also find that the residual compo
nent of loan fees explains more of short sellers’ best 
ideas about financial lawsuits than the fitted component 
of loan fees, suggesting again that their best ideas are 
not spanned by existing anomalies.

In light of the way that loan fee aggregates both exist
ing and unique information, we then examine whether 
the loan fee anomaly outperforms other well-known sta
tistical techniques for combining signals. We find that it 
does. When we compare loan fee to anomaly signals that 
were aggregated using GHZ Net, Ordinary Least Squares 
(OLS), Principal Components Regression (PCR), Partial 
Least Squares (PLS), Elastic Net (ENET), and Group 
Lasso with a Generalized Linear Model (GLM), we find 
that it consistently outperforms all six other methods. In 
particular, the loan fee’s aggregation generates returns of 
4.01% per month, and the next best aggregation method, 
GLM, generates returns of 1.95% per month.

The primary contribution of our study is to point out 
that the anomalies literature has ignored perhaps the 
best return predictor in the data. For those interested in 
models of expected returns, this omission is critical. 
However, the loan fee is a transaction cost. For practi
tioners, a natural question arises: is the loan fee anomaly 
a profitable trading strategy after accounting for the cost 
of loan fees? We find the answer is “yes.” For each of the 
102 GHZ anomalies, we subtract the cost of borrowing 
the stocks in the short leg of the anomaly portfolio. We 
do the same for the loan fee anomaly. After this adjust
ment, we find that the loan fee anomaly continues to 
perform well relative to the 102 GHZ anomalies. Specifi
cally, the long-short return for the loan fee anomaly is 
0.75% per month, compared with �0.15% for the aver
age GHZ anomaly.

Finally, we examine a key question: why are loan fees 
so informative? A large literature shows that short sell
ers are, on average, informed traders. Ideally, we could 
view their expected return forecasts, but, unfortunately, 
no such database exists. We argue that equity loan fees 
are a better proxy for these forecasts than short interest. 
The intuition is simple: loan fee proxies for short sellers’ 
willingness to pay—a high loan fee for a stock indicates 
that some short sellers have a low enough expected 
return that they expect short selling to yield a profit, 
even after paying the loan fee. However, short interest 
may not always be high when short sellers have low 
expected returns. Short interest could vary in the cross- 
section due to variation in loan supply that has nothing 
to do with the expected return forecasts of short sellers 
(e.g., Cohen et al. 2007). When we examine loan supply 
in the context of loan fees and short interest, we find 
that this is indeed the case (see Table 13). In summary, 
whenever loan fees are high, it is likely that the marginal 
short seller has a low expected return forecast because 
they are choosing to pay this cost, but this need not be the 
case for short interest.5

Although loan fees represent a cost faced by short 
sellers, short sellers face other limits to arbitrage, includ
ing liquidity. For example, Hou et al. (2020) document 
that anomalies tend to live in small and illiquid stocks. 
Our finding is distinct from this. In robustness tests, 
when we run a horse race in a Fama and MacBeth (1973) 
regression examining the interaction between our com
posite anomaly variable and size, illiquidity, and loan 
fee, the loan fee interaction drives out the other two. Put 
differently, our finding about short sellers’ best ideas is 
distinct from the recognized association between anom
aly returns, size, and liquidity.

In other robustness tests, we also examine how our 
results hold up throughout the cross-section and in 
comparison with other measures of short selling. For 
the cross-section, we define microcap stocks as those 
with market capitalization below the 20th-percentile 
NYSE breakpoint, as in Fama and French (2008). We 
then re-examine our findings when we limit the sample 
to exclude microcap stocks. All of our conclusions 
hold—the loan fee anomaly remains the number one 
anomaly, outperforming all 102 GHZ anomalies. As for 
alternative measures of short selling, we compare the 
loan fee anomaly to four other well-known variables: 
short-interest (Asquith et al. 2005), days-to-cover (Hong 
et al. 2021), CME Beta (Drechsler and Drechsler 2016), 
and short interest ratio times return volatility (Hanson 
and Sunderam 2014). We find that loan fee is not only 
the superior predictor of returns, but also drives out the 
return predictability of these alternatives.

Our paper makes contributions to several strands of 
the asset pricing anomalies literature. Although this lit
erature began by examining individual anomalies (e.g., 
Fama and French 1992, Jegadeesh and Titman 1993, 
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Cooper et al. 2008), it has evolved into examining large 
sets of anomalies (e.g., McLean and Pontiff 2016, Green 
et al. 2017, Hou et al. 2020, Chen and Velikov 2023). Our 
first contribution is to identify loan fee as arguably the 
best cross-sectional predictor among a comprehensive 
set of anomalies. To date, the best predictor of cross- 
sectional returns, loan fee, has been left out of the sets 
examined in this literature (e.g., McLean and Pontiff 
2016, Green et al. 2017, Hou et al. 2020, Chen and Veli
kov 2023).

Our second contribution relates to the growing litera
ture that attempts to maximize the out-of-sample return 
predictability by combining existing anomalies using 
state-of-the-art econometric techniques (e.g., Lewellen 
2015, Gu et al. 2020). In particular, we compare loan fee 
to anomaly signals that were aggregated using GHZ 
Net, Ordinary Least Squares, Principal Components 
Regression, Partial Least Squares, Elastic Net, and 
Group Lasso with a Generalized Linear Model. We find 
that loan fee’s aggregation outperforms all six other 
methods. The consistent outperformance of loan fee rel
ative to these other methods suggests that the weighting 
inherent in loan fee, with its clear economic interpret
ability, outperforms other purely statistical techniques.

Moreover, as a third contribution, we show that loan 
fee incorporates valuable information not captured by 
existing anomalies. In other words, although it is true 
that loan fee contains the information in many existing 
anomalies, it is also true that short sellers’ best ideas 
contain unique information: loan fee is able to capture 
hard-to-quantify, idiosyncratic information that is not 
contained in existing anomalies.

Fourth, our findings are also related to the recent liter
ature on an investor’s “best ideas.” Most of this work 
has focused on mutual funds, showing that where a 
manager’s conviction is strongest, these best ideas are 
strongly related to the cross-section of returns (Jiang 
et al. 2014, Anton et al. 2021). We extend this literature 
to the domain of short sellers. In so doing, we have two 
advantages. First, the short-selling data cover a wide 
range of investors, not just mutual fund managers. Sec
ond, the investors who choose to short-sell are likely 
among the best-informed market participants. As a 
result, their best ideas should be included in any discus
sion of the best of ideas of investors.

The rest of the paper proceeds as follows. Section 2
describes our sample and outlines our methodology. 
Section 3 provides a detailed discussion of the existing 
literature. Section 4 displays our main results. Section 5
concludes.

2. Data, Methodology. and 
Summary Statistics

To examine short sellers’ best ideas, we combine data 
from Compustat, I/B/E/S, the Center for Research in 

Security Prices (CRSP), and equity lending data from 
the FIS Astec Analytics Short Lending Data.

2.1. Data and Sample Construction
Although there is a growing list of papers that examine 
large sets of anomalies, we use the 102 anomalies in 
Green et al. (2017) not only because their list includes 
the most widely cited anomalies (e.g., momentum (Jega
deesh and Titman 1993), asset growth (Cooper et al. 
2008), book-to-market ratio (Rosenberg et al. 1985), etc.) 
but also because Jeremiah Green provides the code used 
to construct each anomaly on his website.6 The public 
availability of the underlying data for 102 anomalies 
facilitates both replication of our results and additional 
exploration of anomaly findings.

From Compustat, we collect a number of accounting 
data items that are necessary to compute asset pricing 
anomalies. From CRSP, we get data on monthly returns, 
including dividends, trading volume, share price, and 
shares outstanding for all common U.S. equities (i.e., 
assets with CRSP share codes of 10 or 11). We filter our 
sample to exclude extremely small stocks—those below 
the 5th percentile of the NYSE market capitalization 
breakpoints using data provided on Kenneth French’s 
website.7 In robustness checks, discussed in Section 4.7, 
we show that our main conclusions are unchanged if we 
exclude all stocks below the 20th percentile of NYSE 
size breakpoints, following Fama and French (2008).

Finally, we add securities lending data from FIS Astec 
Analytics Short Lending Data to our database. FIS Astec 
collects the data from banks and major securities lend
ing custodians and reports the data aggregated to the 
daily level. We use FIS Astec’s retail average loan rate, 
which is the daily average fee paid by the ultimate bor
rower of the shares, as our measure of the loan fee.8

2.2. Methodology
Although we discuss our methodology in greater detail 
in Section 4 below, here, we introduce two key compo
nents. First, in all of our analyses, we compare the loan 
fee anomaly to: (i) the set of 102 anomalies individually 
and (ii) an aggregate of these anomalies, which we call 
the “GHZ Net” anomaly (as in Engelberg et al. 2018a). 
The GHZ Net anomaly variable aggregates the signals 
for all of the anomalies compiled by Green et al. (2017) 
in the following way: for each stock-month observation, 
we calculate the number of long-side (Long) and short- 
side (Short) anomaly portfolios that a given firm belongs 
to and then calculate the difference between the Long 
and Short variables. For example, a stock that is in 17 
Long portfolios and 13 Short portfolios will have a Net 
� 17� 13 � 4. In general, stocks that are in many Long 
(Short) anomaly portfolios will have a “Net” anomaly 
value that is large and positive (negative).

Second, because the performance of any anomaly 
depends on how the Long and Short sides of the 

Engelberg et al.: The Loan Fee Anomaly 
Management Science, Articles in Advance, pp. 1–23, © 2024 INFORMS 3 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

26
07

:f
72

0:
19

01
:4

80
1:

:1
05

] 
on

 1
4 

M
ay

 2
02

5,
 a

t 1
1:

48
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



anomaly are defined (e.g., top and bottom percentile, 
decile, ventile, etc.), we report our results across four dif
ferent definitions of the anomaly portfolios. Specifically, 
we present results from calculating anomalies using: 

1. Top and bottom 1% (percentiles),
2. Top and bottom 2% (quinquagintiles),
3. Top and bottom 5% (ventiles), and
4. Top and bottom 10% (deciles).
In assigning stocks to portfolios, we need to address 

discreteness associated with any sorting variable. For 
the 1% example, we identify the set of stocks on each 
date that have a value greater than the 99th percentile 
and that have a value less than the 1st percentile. If there 
are no values greater than the 99th percentile (i.e., the 
99th percentile is also the minimum value), we include 
all stocks that have a value equal to the 99th percentile. 
We employ an analogous methodology for the 98th, 
95th, and 90th percentiles.

Because we are after short sellers’ best ideas, we are 
most interested in how stocks with the most extreme 
loan fees perform. The extreme loan fees are best cap
tured by the top/bottom 1% sample. However, the 
top/bottom 1% sample naturally relies on relatively few 
stocks to form each leg of the long/short portfolio and 
differs from the standard top/bottom 10% that is typi
cally used in the literature. As such, we also present all 
of our results using the top/bottom 10%. We report 
results using the top/bottom 2% and top/bottom 5% as 
further evidence of the robustness of our result to how 
we define the long/short portfolios. Our results are not 
sensitive to these definitions.

2.3. Summary Statistics
Table 1 presents summary statistics for our sample, 
which covers the period July 2013 through December 
2019. Panel A presents summary statistics for our key 
short-selling variables and demonstrates that short- 
selling variables exhibit large variation. The median 
Loan Fee is only 59 basis points per annum, yet the mean 

Loan Fee is 132 basis points per annum, and the 99th per
centile is 1,710 basis points per annum. The data show 
that short sellers are, at times, willing to pay a large fee 
to act on their beliefs. The data on short interest as a per
cent of shares outstanding (SIR) and days-to-cover 
(DTC) exhibit a similar pattern. In both cases, the mean 
is significantly higher than the median. Panel B provides 
summary statistics for the GHZ Net variable. We also 
provide summary statistics for the 102 anomalies in the 
GHZ data set in Table A1 in the Online Appendix.

3. Detailed Literature Review
By showing that the loan fee anomaly predicts returns 
more strongly than other anomalies, we touch on sev
eral extant literatures, including the literature on asset 
pricing anomalies and the literature on short sellers as 
informed traders.

First, in the area of anomalies, we join a growing body 
of work. Asset pricing anomalies have been documen
ted since at least Ball and Brown (1968). Although the lit
erature initially focused on individual anomalies, 
increasingly, the literature examines large sets of anom
alies at the same time in order to draw more general 
conclusions about asset pricing. Whereas Chen and 
Zimmermann (2022) find that most anomalies are repli
cable in-sample, a growing branch of the anomalies lit
erature examines the extent to which anomalies are 
robust out-of-sample and to data mining concerns. 
McLean and Pontiff (2016) find that anomalies tend to 
decrease in profitability after academic papers examin
ing them are first published and argue that this is due to 
informed trading postpublication. Harvey et al. (2016) 
argue that most anomalies reported in the asset pricing 
literature are the result of data mining. Similarly, Hou 
et al. (2020) find that most anomalies disappear once 
microcaps are excluded and returns are value- 
weighted.

One implication of our finding for this literature is 
that loan fee’s predictive performance is strong, stable, 
and persistent, suggesting that although anomalies 
based on systematic information may fade or be subject 
to data mining, there is a consistent amount of mispri
cing stemming from idiosyncratic information that 
remains in the market. Another implication for this 
branch of the literature is that some of the anomalies 
may simply be artifacts of the relationship between loan 
fees and returns. If that is the case, their tendency to 
fade postpublication or failure to pass multiple hypoth
eses testing significance threshold does not reflect 
informed trading or data mining, but, rather, time vary
ing and weak correlation with loan fees.

Another branch of the literature seeks to identify the 
characteristics that provide independent information 
about the cross-section of returns. Green et al. (2017) 
find that 12 characteristics out of 94 are reliable 

Table 1. Summary Statistics

Anomaly Mean St. Dev. 1st % Median 99th %

Panel A: Short selling related anomalies
Loan Fee 132.0 586.0 2.0 59.0 1,710.0
Days to Cover 7.2 33.2 0.7 5.1 32.4
Short Interest 5.7 6.3 0.2 3.4 29.9

Panel B: GHZ aggregate
GHZ Net �4.1 6.2 �21.0 �4.0 10.0

Notes. This table displays means, standard deviations (St. Dev.), and 
the 1st, 50th, and 99th percentiles of the anomaly sorting variables. 
The GHZ Net anomaly variable aggregates the signals for all of the 
anomalies compiled by Green et al. (2017); see Section 2 of the text for 
detailed variable definitions. The sample consist of all U.S. common 
equities above the 5th percentile NYSE size breakpoint over the 
period August 2004 to December 2019.
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independent predictors using linear regression. Frey
berger et al. (2020) use nonparametric methods and find 
that most of the 62 return predictors they study do not 
provide additional information. Our paper has two 
implications for this branch of the literature. First, some 
of the characteristics that these authors find to have 
independent information may no longer have such 
information once loan fees are included in the analysis. 
Second, loan fee should be added to the list of anomalies 
with independent information, given that 71% of loan 
fees’ return predictability comes from information not 
contained in existing anomalies. Future papers that 
wish to work with the consolidated set of anomalies 
from these papers should add loan fee to their list of 
anomalies.

Gu et al. (2020) use machine learning methods that 
allow for nonlinear interactions between signals to fore
cast returns. They find that variations of momentum, 
liquidity, and volatility are the best predictive signals. 
Our paper is particularly relevant to this strand of the 
literature that seeks to identify the strongest predictor of 
returns. We find that loan fee is overwhelmingly the 
strongest predictor of returns, especially when we focus 
on the top/bottom 1% of stocks for each signal. Loan fee 
also has an intuitive appeal as the strongest predictor of 
returns. Although a researcher can use sophisticated 
algorithms using firm characteristics to forecast 
expected returns, loan fee compiles the information of 
the market into a single price signal that reveals which 
stocks the market believes are overvalued.

In the short-selling literature, several papers show 
that measures of short-selling activity, including equity 
loan fees, are related to future stock returns. In particu
lar, papers such as Asquith et al. (2005), Cohen et al. 
(2007), Hong et al. (2021), and Jones and Lamont (2002) 
show that future returns are lower when short interest 
is high. Moreover, several papers document evidence 
that short sellers are informed investors who are skilled 
at processing information (Boehmer et al. 2008, Karpoff 
and Lou 2010, Engelberg et al. 2012, Henderson et al. 
2023). Of particular interest for this paper, several recent 
papers find evidence that equity loan fees contain infor
mation about future returns (Cohen et al. 2007, Blocher 
et al. 2012, Drechsler and Drechsler 2016, Blocher and 
Ringgenberg 2018, Engelberg et al. 2018b). Although the 
predictive ability of loan fees may not be surprising to 
those in the short-selling literature, the literature on 
asset pricing anomalies has largely overlooked just how 
powerful loan fees are in determining the cross-section 
of returns. For example, although there are several 
meta-anomaly papers that collectively examine hun
dreds of anomaly variables, we know of no meta- 
anomaly paper that examines loan fees.

A number of papers have connected short selling to 
various trading strategies. Dechow et al. (2001) show 
that firms with low ratios of fundamentals to market 

values (such as earnings and book values) have 
increased short interest. Similarly, Geczy et al. (2002) 
suggest that short selling can be driven by well- 
accepted patterns in stock prices, including size, book to 
market, and momentum effects. Stambaugh et al. (2012) 
argue that much of the profitability of anomalies comes 
from the short side, and Drechsler and Drechsler (2016) 
find that loan fees are an indication of profitability 
within anomaly strategies. Although these papers focus 
on how existing anomalies are affected by short-selling 
constraints, using a larger set of anomalies, we find that 
much of loan fee predictive ability lies outside existing 
anomalies.

4. Results
In this section, we examine loan fee as a cross-sectional 
predictor of returns. We start by comparing the perfor
mance of the loan fee anomaly to the performance of the 
102 stock return anomalies compiled and analyzed in 
Green et al. (2017).

4.1. Loan Fee Anomaly Performance
We first examine the time-series performance of the 
loan fee anomaly. To provide a simple comparison of 
the performance of the long-short loan fee anomaly rela
tive to the GHZ Net anomaly, Figure 1 plots the growth 
of $1 invested in both portfolios. The four panels of the 
figure compare this compound growth across our four 
different definitions of the long/short portfolios. In 
panel (a), which focuses on the most narrow definition 
(i.e., the long-short portfolio is formed on stocks in the 
top and bottom 1% of loan fee), we see that over the 
sample period, a dollar invested in the loan fee anomaly 
grows to $18.76, whereas a dollar invested in the GHZ 
Net anomaly grows to only $1.47. In the other three 
panels, the results are similar. As we repeat the analysis 
with the alternate bin methodologies (i.e., top and bot
tom 2%, top and bottom 5%, and top and bottom 10%), 
the performance difference shrinks, but in every case, 
the loan fee anomaly generates significantly higher prof
its than the GHZ Net anomaly variable.

In Table 2, we formally compare the loan fee anomaly 
to the GHZ set of anomalies. The table displays the aver
age one-month return (shown in Panel A) and the per
centage of 1-month returns that are positive (shown in 
Panel B), as well as the Sharpe Ratio (shown in Panel C). 
For Loan Fee, the table displays the average value 
(“Value”) and the rank across all 102 anomalies 
(“Rank”). The last column provides statistics for the dis
tribution of returns across all 102 of the GHZ anomalies 
(it shows the mean return, the 95th percentile, and the 
maximum return).

Across all four bin methodologies, it is clear that the 
loan fee anomaly is a top performer. In Panel A, the 
long-short loan fee anomaly is ranked first for average 
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one-month return, percentage of one-month returns 
that are positive, and average monthly Sharpe Ratio for 
the top and bottom 1% and 2% portfolios. Across the 
four different percentile definitions of the long/short 
portfolios, we see that the average return of loan fee 
ranges between 4.01% and 0.98%, whereas the average 
for the GHZ set of anomalies ranges between 0.17% and 
0.06%, and the maximum return across those anomalies 
ranges between 2.60% and 1.15%. We also calculate the 
skewness and kurtosis of the loan fee anomaly relative 
to the GHZ set of anomalies, which is reported in Table 
A2 of the Online Appendix.

Instead of analyzing the anomalies individually, there 
is a growing literature that explores potential optimal 
combinations of them (e.g., Gu et al. 2020) using 
advanced statistical techniques to maximize the realized 
returns of composite anomaly signals. In a sense, loan 
fee is an alternative combination of market signals 
determined by the revealed preference of arbitrageurs. 
With this in mind, Table 3 compares loan fee to some of 
these more advanced aggregation methods. The first 
combination method is the simplest, GHZ Net, which 
weights each of the anomalies equally in its portfolio 
formation. The remaining five methods, Ordinary Least 

Squares, Principal Components Regression, Partial 
Least Squares, Elastic Net, and Group Lasso with a Gen
eralized Linear Model, follow the estimation methodol
ogy in Gu et al. (2020).9

In this comparison, we show the returns, percentage 
of positive returns, and Sharpe Ratios for the long-short 
portfolio returns, as well as the rank of each combina
tion method among the seven different methods (loan 
fee and the six combination methods). We find that loan 
fee almost always dominates the ranking of the other 
combination methods, with the return of the loan fee 
anomaly almost always larger—often much larger— 
than the other combination methods. For example, look
ing at the top and bottom 1% portfolios, we find that the 
loan fee’s return is 4.01%, whereas the maximum of the 
other returns, GLM, is smaller at 1.95%. Similarly, in the 
rankings of combination methods, loan fee almost 
always comes in as number one. This broad finding is 
shared across all three panels of Table 3, where we com
pare returns, percentage of returns that are positive, and 
Sharpe Ratios, respectively.

The performance of loan fee raises an interesting 
question: to what extent does loan fee’s dominant per
formance come from a more effective combination of 

Figure 1. (Color online) Growth of $1 Invested in Anomaly Portfolios 

(a) Top/Bottom 1% (b) Top/Bottom 2%

(c) Top/Bottom 5% (d) Top/Bottom 10%

Notes. The figure plots the growth of $1 invested in the loan fee anomaly portfolio (black line) and the GHZ Net anomaly portfolio (orange line). 
The GHZ Net anomaly variable aggregates the signals for all of the anomalies compiled by Green et al. (2017). Panel (a) displays results when 
portfolios are formed by sorting stocks on the top and bottom 1% of anomaly variables, while panels (b), (c), and (d) display results when portfo
lios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%, respectively.
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existing anomalies versus information outside of exist
ing anomalies? Although we explore this question in 
detail below in Section 4.3, we first explore in finer detail 
the relation between loan fees and existing anomalies.

In Table 4, we report the top 20 anomalies by long- 
short performance across our four long-short portfolio 
percentile definitions, including not only the average 
long-short performance, but also the performance of the 
long and short legs and the short-leg rank separately. 
Separating the performance of the two legs shows that 
the outperformance of the loan fee anomaly is driven by 
the short side of the anomaly. The performance of the 
short leg ranks in the top 10 across all four definitions, 
and the performance of the long leg appears to be 
average compared with other anomalies in the top 20. 
Examining the list of other anomalies across the four 
definitions does not identify a clear set of “superior” 
anomalies. Comparing the top 20 lists for all four long- 
short portfolio definitions, 45 different anomalies 
appear, and seven anomalies are consistently ranked in 
the top 20 across all four definitions.10

Table 5 and Figures 2 and 3 examine the performance 
of the loan fee anomaly over time. In Table 5, the aver
age 12-month rolling performance rank of the long- 

short loan fee portfolio relative to the rest of the GHZ 
anomaly set is reported. The loan fee anomaly is consis
tently in the top 20 and remains first over a number of 
multimonth periods. Figure 2 plots the rolling 12-month 
average performance of the long-short Loan Fee and 
GHZ Net portfolios, and long and short legs of those 
portfolios are depicted separately in Figure 3. Figure 2
confirms this overall outperformance of the Loan Fee 
anomaly relative to the aggregation of all GHZ anoma
lies via the GHZ Net portfolio. Across the four different 
long/short percentile definitions, Loan Fee outperforms 
between 74% and 94% of months.

Table 5 shows one time period when the Loan Fee 
anomaly exhibits closer to average performance: late 
2018/early 2019. The late 2018/early 2019 periods coin
cided with large negative market returns and relatively 
large increases in volatility. Figures 2 shows that for all 
three periods, the performance of both the Loan Fee and 
the GHZ Net portfolios declined and generated near 
zero returns. Additionally, Figure 3 and Table 4 show 
that this outperformance is generated by the short leg of 
the strategy. In contrast to the comparison with individ
ual GHZ anomalies, Figure 2 shows that the Loan Fee 
long-short portfolio outperformed the GHZ Net portfo
lio in 2018 and 2019 over three of the long-short percen
tile definitions.

Figure 4 depicts the persistence of the Loan Fee anom
aly as compared with the set of GHZ anomalies. To con
struct these figures, we calculate the average return for 
each anomaly over the previous two years and then 
form deciles based on this past performance. We then 
evaluate the performance of each decile over the follow
ing year. We also show the Loan Fee anomaly by itself.

Comparing the average GHZ anomaly which lands 
in the top decile to the Loan Fee anomaly in the top dec
ile, the returns going forward are very different. 
Whereas the average top-decile GHZ anomaly mean 
reverts and, after a year, is statistically indistinguishable 
from the performance of the average bottom-decile 
anomaly, the Loan Fee anomaly persists in its superior 
performance, outperforming the average GHZ anomaly 
across all deciles.11 In other words, the high-performing 
GHZ anomaly today is unlikely to be a high-performing 
GHZ anomaly in the following year, but the Loan Fee 
anomaly is consistently a top performer.

Another way of looking at this idea is in Figure 5, 
where we examine anomaly performance today condi
tional on being in the top decile of performers over the 
prior two years. In other words, we take the top- 
performing decile of anomalies over the prior two years, 
and we examine the likelihood of remaining in the 
top decile over the next year. The top left panel (Top/ 
Bottom 1%) says that among the GHZ anomalies, a top- 
decile performer over the past two years has an 11% 
chance of being a top-decile performer over the next one 
year and a 17% chance of being a bottom-decile 

Table 2. Performance of Long/Short Portfolio for Loan Fee 
and GHZ Anomalies

Anomaly definition

Loan Fee GHZ set of anomalies

Value Rank Mean 95th % Maximum

Panel A: Average of 1-month return
Top/bottom 1% 4.01% 1 0.17% 1.46% 2.60%
Top/bottom 2% 2.75% 1 0.10% 1.14% 1.82%
Top/bottom 5% 1.56% 2 0.06% 0.89% 1.77%
Top/bottom 10% 0.98% 4 0.06% 0.77% 1.15%

Panel B: Percentage of 1-month returns that are positive
Top/bottom 1% 74.4% 1 50.6% 59.0% 65.4%
Top/bottom 2% 69.2% 1 50.0% 60.3% 65.4%
Top/bottom 5% 62.8% 1 50.3% 60.3% 61.5%
Top/bottom 10% 62.8% 4 49.8% 60.3% 67.9%

Panel C: Monthly Sharpe Ratio
Top/bottom 1% 0.66 1 0.02 0.22 0.32
Top/bottom 2% 0.58 1 0.02 0.20 0.29
Top/bottom 5% 0.40 1 0.01 0.22 0.32
Top/bottom 10% 0.30 3 0.02 0.22 0.32

Notes. The table reports the performance of the Loan Fee anomaly 
relative to the GHZ anomalies. For each anomaly, we construct a 
long/short portfolio, and the performance of each anomaly is 
evaluated using three metrics: the average one-month return (Panel 
A), the percentage of one-month returns that are positive (Panel B), 
and the monthly Sharpe Ratio (Panel C). For each of these, we also 
rank each anomaly variable relative to the entire set of anomalies. 
Loan Fee is measured by the average retail loan rate on the last trading 
day of the month. The GHZ set of anomalies is the set of 102 
anomalies studied in Green et al. (2017). In each panel, we present 
results when portfolios are formed by sorting stocks on the top and 
bottom 1% of anomaly variables (“Top/Bottom 1%”), as well as 
when portfolios are formed by sorting stocks on the top and bottom 
2%, 5%, and 10%.
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performer. Looking across all the decile bins in the four 
figures, the distribution is relatively flat, suggesting that 
conditioning on relatively strong past performance has 
little predictability for future performance among the 
GHZ anomalies.

On the other hand, when looking at the distribution 
of the Loan Fee anomaly into future performance deciles, 
we see a striking difference: the Loan Fee anomaly has an 
81% chance of remaining in the top decile. Furthermore, 
there is a steep decline in the probability of moving into 
lower deciles, and there is a 0% chance of moving into 
the bottom half of the decile bins. Overall, this contrasts 
strongly with the top-performing GHZ anomalies, indi
cating that there is significantly more performance per
sistence in the Loan Fee anomaly than the average top- 
performing GHZ anomaly.

4.2. Alternative Short-Selling Predictors
The best-ideas concept began in the mutual fund litera
ture, which proposed measures based on portfolios and 
concentration to capture fund managers’ best ideas. 
There are a number of possible analogues in the short- 
selling literature. A natural choice is short interest, 
which measures the percentage of a stock’s shares out
standing that is held short. When short interest is high, 
it is likely that many short sellers have large positions 
betting against the stock of interest.

Both of these approaches are quantity-based mea
sures of best ideas, with the motivating assumption that 
a manager holds more of a stock that she likes. An alter
native would be a price-based measure—that is, the 
more a manager pays to hold a position, the more she 
likes it. The natural price-based measure that exists on 
the short side is loan fee.

In Table 6, we examine the predictive power of both 
price- and quantity-based measures. Specifically, we 
run OLS panel regressions of one-month-ahead returns 
on Loan Fee (column (1)) and Short Interest (column (2)). 
We include time fixed effects in all models, and t-statis
tics calculated using Driscoll-Kraay standard errors are 
shown below the estimates.12

Two important facts emerge. First, when comparing 
columns (1) and (2), it is clear that Loan Fee is a stronger 
predictor of future returns than Short Interest, with a 
one-standard-deviation increase in Loan Fee correspond
ing to a 0.36% decrease in future returns (the analogous 
decrease in future returns for Short Interest is 0.22%). 
Second, in a multivariate, horse-race regression (column 
(3)), we find that Loan Fee reduces the importance of 
Short Interest (which becomes insignificant), whereas 
Loan Fee remains strongly statistically significant. Given 
these results, when we compare price- and quantity- 
based measures, we find that the price-based measure, 
Loan Fee, is a stronger predictor of future returns. In 

Table 3. Performance of Loan Fee Anomaly vs. Alternate Signal Combination Methods

Anomaly definition

Loan Fee GHZ Net OLS PCR PLS ENET GLM

Value Rank Value Rank Value Rank Value Rank Value Rank Value Rank Value Rank

Panel A: Average of 1-month return
Top/bottom 1% 4.01% 1 0.70% 5 0.35% 6 0.12% 7 0.98% 3 0.77% 4 1.95% 2
Top/bottom 2% 2.75% 1 0.82% 4 0.67% 5 0.33% 6 1.27% 3 0.04% 7 1.51% 2
Top/bottom 5% 1.56% 1 0.51% 5 0.69% 4 0.34% 6 0.78% 3 0.30% 7 1.08% 2
Top/bottom 10% 0.98% 1 0.30% 5 0.49% 3 0.21% 7 0.43% 4 0.25% 6 0.76% 2

Panel B: Percentage of 1-month returns that are positive
Top/bottom 1% 74.4% 1 50.0% 7 52.6% 5 51.3% 6 59.0% 3 55.1% 4 61.5% 2
Top/bottom 2% 69.2% 1 59.0% 3.5 53.8% 5.5 51.3% 7 59.0% 3.5 53.8% 5.5 67.9% 2
Top/bottom 5% 62.8% 1 56.4% 4 59.0% 3 48.7% 7 51.3% 6 53.8% 5 60.3% 2
Top/bottom 10% 62.8% 1 55.1% 4 60.3% 3 51.3% 6 46.2% 7 52.6% 5 61.5% 2

Panel C: Monthly Sharpe Ratio
Top/bottom 1% 0.66 1 0.11 5 0.07 6 0.02 7 0.15 3 0.13 4 0.33 2
Top/bottom 2% 0.58 1 0.14 5 0.17 4 0.05 6 0.21 3 0.01 7 0.30 2
Top/bottom 5% 0.40 1 0.11 5 0.21 3 0.06 7 0.14 4 0.08 6 0.25 2
Top/bottom 10% 0.30 1 0.08 6 0.19 3 0.05 7 0.09 4 0.08 5 0.20 2

Notes. The table reports the performance of the loan fee anomaly relative to alternate methods for combining the GHZ anomalies. For each 
anomaly variable, we construct a long/short portfolio, and the performance of each anomaly variable is evaluated using three metrics: the 
average one-month return (Panel A), the percentage of one-month returns that are positive (Panel B), and the monthly Sharpe Ratio (Panel C). 
For each of these, we also rank each anomaly variable relative to the others. Loan Fee is measured by the average retail loan rate on the last 
trading day of the month. The GHZ Net anomaly variable combines the signals for all of the anomalies compiled by Green et al. (2017); see 
Section 2 of the text for a detailed description of GHZ Net. The remaining five variables combine the GHZ signals using five different estimation 
methods from Gu et al. (2020): Ordinary Least Squares, Principal Components Regression, Partial Least Squares, Elastic Net, and Group Lasso 
with a Generalized Linear Model. See Section 4 of the text for a detailed explanation of how each of these estimation methods are implemented. 
In each panel, we present results when portfolios are formed by sorting stocks on the top and bottom 1% of anomaly variables (“Top/Bottom 
1%”), as well as when portfolios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%.
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other words, loan fees more successfully capture short 
sellers’ best ideas.

Of course, the literature also examines a number of 
other measures that could proxy for a short seller’s best 
ideas. These include Days-to-Cover (Hong et al. 2021), 
SIR × RetVol (a measure of arbitrage risk, à la Hanson 
and Sunderam 2014), and CME Beta (Drechsler and 

Drechsler 2016).13 In columns (4), (5), and (6), we exam
ine these additional measures not only individually, 
but also in a horse-race regression with Loan Fee. Indi
vidually, each of the measures predicts future returns: 
the corresponding estimates are �0.13%, �0.03%, and 
0.16% for Days-to-Cover, SIR × RetVol, and CME Beta, 
respectively. However, considering these other short- 

Table 5. (Color online) The 12-Month Rolling Rank of Loan Fee Anomaly Among the GHZ Set of Anomalies

Anomaly 
definition

2014 2015 2016

Top/bottom 1% 14 3 4 1 1 1 1 1 1 1 1 2 2 2 2 3 4 4 7 11 8 6 13 14 8 14 11 4 5 13
Top/bottom 2% 11 1 8 3 2 1 1 1 1 3 3 3 2 2 2 2 3 3 7 7 3 8 9 17 9 14 4 10 12 15
Top/bottom 5% 9 1 6 3 3 3 3 3 4 6 4 4 4 4 3 3 4 5 10 10 7 9 11 12 12 25 9 15 21 12
Top/bottom 10% 10 1 9 3 3 4 7 4 5 17 9 11 6 7 5 6 7 10 17 14 13 12 13 20 18 41 15 24 33 29

2017 2018 2019
Top/bottom 1% 11 3 3 5 10 7 3 3 3 12 27 19 5 5 3 3 4 4 11 5 6 5 3 4 3 3 2 1 1 2 1 1 1 1 1 1
Top/bottom 2% 16 3 5 6 15 4 3 3 3 7 26 25 6 6 3 6 6 4 10 5 6 5 3 5 12 9 3 7 3 8 6 7 5 3 5 6
Top/bottom 5% 8 3 2 5 16 11 11 7 6 16 27 27 15 10 9 16 12 9 25 10 15 11 8 13 25 31 15 11 6 6 7 12 9 5 17 16
Top/bottom 10% 18 18 8 11 30 22 24 12 20 19 28 34 28 24 23 55 55 46 66 43 57 48 29 32 48 42 19 14 6 6 7 7 6 2 8 4

Notes. The table reports the rolling rank of the average long/short return for the loan fee anomaly among the GHZ anomalies. The average long- 
short return is calculated over the year prior to the date that appears in the table. We present results when portfolios are formed by sorting stocks 
on the top and bottom 1% of anomaly variables (“Top/Bottom 1%”), as well as when portfolios are formed by sorting stocks on the top and 
bottom 2%, 5%, and 10%.

Figure 2. (Color online) Rolling 12-Month Average of Anomaly Returns 

(a) Top/Bottom 1% (b) Top/Bottom 2%

(c) Top/Bottom 5% (d) Top/Bottom 10%

Notes. The figure plots the rolling 12-month mean performance of the loan fee anomaly portfolio (black line) and the GHZ Net anomaly portfolio 
(orange line) over time. The GHZ Net anomaly variable aggregates the signals for all of the anomalies compiled by Green et al. (2017). Panel (a) 
displays results when portfolios are formed by sorting stocks on the top and bottom 1% of anomaly variables, while panels (b), (c), and (d) dis
play results when portfolios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%, respectively.
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selling variables does not change our conclusion: Loan 
Fee remains the best predictor of future returns and 
drives out the predictability of the alternatives.14 Over
all, loan fees capture short sellers’ best ideas.

In Table 7, we repeat the analysis of Table 2 in order to 
compare the long-short returns of the Loan Fee anomaly 
with the four short-selling related variables (i.e., Days-to- 
Cover, Short Interest Ratio, SIR × RetVol, and CME Beta). 
All four of the short-selling-related variables perform 
well. For the Top/Bottom 10% portfolio, the long-short 
return for each of the short-selling-related variables is 
ranked no worse than 16th among the GHZ anomalies. 
However, the Loan Fee anomaly performs even better, 
outperforming the Top/Bottom 10% long-short return 
for each of the four variables by at least 0.24%. The Loan 
Fee anomaly also delivers a higher monthly Sharpe Ratio 
more than that of each of the four short-selling-related 
variables, regardless of whether the Top/Bottom 1%, 2%, 
5%, or 10% is used to form the long-short portfolios.

4.3. The Loan Fee Anomaly and Unique 
Information

Although the results of the two previous sections show 
that loan fee is a strong predictor of cross-sectional 

returns, other papers have made a similar point (i.e., 
Stambaugh et al. 2012, Drechsler and Drechsler 2016). 
These papers focus on whether loan fee and other short- 
selling constraints explain previously discovered anoma
lies. Unlike these papers, we ask to what extent the loan 
fee anomaly captures information already contained in 
existing anomalies versus capturing information outside 
of those anomalies. As a first step in addressing this ques
tion, we identify the short portfolio in each period for 
both the Loan Fee and the GHZ Net anomalies across our 
four cutoffs (the bottom 1%, 2%, 5%, and 10%). We then 
calculate the average performance of those stocks 
uniquely identified by each anomaly (i.e., “Only Loan Fee” 
and “Only GHZ Net”) and the overlapping portfolio 
(“Both”). The results are plotted in Figure 6.

Looking first at the 1% short portfolio, we see there is 
only 6% overlap in the stocks identified by the Loan Fee 
and GHZ Net anomalies. As we increase the cutoff, we 
find that the overlap grows monotonically, maxing out 
at a 17% stock overlap for the decile cutoff. Looking at 
the performance, those stocks included in the short port
folios of both the Loan Fee and GHZ Net anomalies 
exhibit the greatest underperformance. Comparing the 

Figure 3. (Color online) Rolling 12-Month Average of Anomaly Long and Short Returns 

(a) Top/Bottom 1% (b) Top/Bottom 2%

(c) Top/Bottom 5% (d) Top/Bottom 10%

Notes. The figure plots the rolling 12-month mean performance of the loan fee anomaly portfolio (black line and gray line) and the GHZ Net 
anomaly portfolio (orange line and light orange line) over time, and it breaks out the performance by long- and short-legs of the portfolios. The 
GHZ Net anomaly variable aggregates the signals for all of the anomalies compiled by Green et al. (2017). Panel (a) displays results when portfo
lios are formed by sorting stocks on the top and bottom 1% of anomaly variables, while panels (b), (c), and (d) display results when portfolios are 
formed by sorting stocks on the top and bottom 2%, 5%, and 10%, respectively.
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Figure 4. (Color online) Anomaly Performance Persistence 

(a) Top/Bottom 1% (b) Top/Bottom 2%

(c) Top/Bottom 5% (d) Top/Bottom 10%

Notes. The figure displays the persistence of the loan fee anomaly relative to the set of GHZ anomalies. Each date, we look back two years and 
take the average return for each anomaly, and we form deciles based on these past performance levels. We then plot the mean return of each dec
ile over the next year (black lines). We also plot the mean return for the loan fee anomaly (blue line). Panel (a) displays results when portfolios 
are formed by sorting stocks on the top and bottom 1% of anomaly variables, while panels (b), (c), and (d) display results when portfolios are 
formed by sorting stocks on the top and bottom 2%, 5%, and 10%, respectively.

Table 6. Panel Regression of One-Month-Ahead Returns on Short-Selling Variables

Explanatory variable

Dependent variable: One-month ahead monthly returns

(1) (2) (3) (4) (5) (6) (7)

Loan Fee �0.36% �0.32% �0.32%
�4.52*** �5.09*** �4.62***

Short Interest Ratio �0.22% �0.10% �0.20% �0.11%
�2.04** �1.06 �2.00** �1.01

Days-to-Cover �0.13% 0.02%
�2.67*** 0.26

SIR × RetVol �0.03% 0.02%
�0.57 0.52

CME Beta 0.16% 0.07%
1.44 0.73

Time fixed effects Yes Yes Yes Yes Yes Yes Yes
Observations 191,416 191,416 191,416 191,416 191,416 191,416 191,416
R2 14.251% 14.191% 14.258% 14.169% 14.192% 14.174% 14.261%

Notes. The table shows results from OLS panel regressions of one-month-ahead monthly returns on standardized values of Loan Fee, Short 
Interest Ratio, Days-to-Cover, SIR × RetVol, and CME Beta with time fixed effects. Days-to-Cover is short interest divided by average daily trading 
volume over the previous month. Short Interest Ratio (SIR) is short interest divided by market capitalization. SIR × RetVol is Short Interest Ratio 
times the daily return volatility over the previous month. CME Beta is the estimated beta on the cheap minus expensive factor from Drechsler 
and Drechsler (2016). The cheap minus expensive portfolio is constructed by going long stocks in the “Bottom 10%” portfolio and short stocks in 
the “Top 10%” portfolio for the Loan Fee anomaly. We proxy for a stock’s beta with the CME factor by estimating its beta with the stocks in the 
CME portfolio over the 36 months prior to portfolio construction. Specifically, to estimate the beta for stock i in month t, we (1) identify the 
stocks in each leg of the CME portfolio in month t; (2) fix the set of stocks in the CME portfolio and calculate the long-short returns of the 
portfolio over the prior 36 months; and (3) regress the returns of stock i on the three-factor Fama-French model plus CME factor from (2). t- 
statistics calculated using Driscoll-Kraay standard errors are shown below the coefficient estimates.

*Statistical significance at the 10% level; **Statistical significance at the 5% level; ***statistical significance at the 1% level.
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stocks uniquely identified by both anomalies, we see 
those included in the Only Loan Fee short portfolio 
underperform the Only GHZ Net short portfolio by 
between 2.61% and 0.44% monthly, depending on the 
cutoff.

This set analysis is suggestive that loan fees contain 
information unique to short sellers. To better under
stand both the information contained in loan fees (that 
represents a selected reweighting of existing anomalies) 
versus information that is potentially unique to the loan 
fee anomaly, we begin by regressing Loan Fee on each 
anomaly variable separately and show the strongest 
and weakest coefficients in Table 8.

In the table, we calculate the long/short return for 
each anomaly using the direction indicated by the 
anomaly’s correlation with Loan Fee. For example, idio
syncratic return volatility is positively correlated with 
Loan Fee. Because the Loan Fee anomaly goes long low 
loan fee stocks and short high loan fee stocks, we also go 
long low idiosyncratic return stocks and short high idio
syncratic return stocks, given Loan Fee’s positive correla
tion with idiosyncratic volatility. We call this the “loan 
fee indicated direction.” As another example, Return on 
Assets (ROA) is negatively correlated with the Loan Fee, 

so we calculate the long/short return in the Loan Fee 
indicated direction for ROA by constructing a portfolio 
that is short low ROA stocks and long high ROA 
stocks.15

Table 8 shows that anomalies that have the strongest 
correlation with Loan Fee outperform those with the 
weakest correlation. For example, focusing on the last 
column of Panel A, we see that the anomalies with the 
strongest correlation have an average long/short return 
in the Loan Fee indicated direction of 0.4%, compared 
with an average return of 0.1% for the weakest corre
lated anomalies in Panel B and the overall average of 
0.1% in Panel C. In other words, the anomaly variables 
that Loan Fee is highly correlated with perform better in 
long-short portfolios than the anomaly variables it has 
little correlation with. This is evidence that the Loan Fee 
anomaly represents selective exposure to the best- 
performing anomalies.

In order to quantify the contribution of this selective 
exposure to the Loan Fee anomaly, we next consider a 
multivariate setting. Whereas Table 8 examines the uni
variate relation between the Loan Fee anomaly and the 
GHZ set of anomalies, in Table 9, we project Loan Fee on 
all of the 102 GHZ anomalies at the same time in order 

Table 7. Performance of Long/Short Portfolio for Short-Selling-Related and GHZ Set of Anomalies

Anomaly definition

Loan Fee Days to Cover SIR SIR × Ret. Vol. CME Beta GHZ anomalies

Value Rank Value Rank Value Rank Value Rank Value Rank Mean 95th % Max.

Panel A: Average of one-month return
Top/bottom 1% 4.01% 1 0.46% 41 1.27% 9 1.44% 7 0.43% 43 0.17% 1.46% 2.60%
Top/bottom 2% 2.75% 1 0.74% 15 1.26% 5 1.33% 5 0.80% 14 0.10% 1.14% 1.82%
Top/bottom 5% 1.56% 2 0.65% 8 0.79% 7 0.86% 7 0.52% 13 0.06% 0.89% 1.77%
Top/bottom 10% 0.98% 4 0.46% 16 0.58% 10 0.74% 9 0.53% 13 0.06% 0.77% 1.15%

Panel B: Percentage of one-month returns that are positive
Top/bottom 1% 74.4% 1 60.3% 4 56.4% 22 57.7% 13.5 53.8% 37 50.6% 59.0% 65.4%
Top/bottom 2% 69.2% 1 64.1% 2 56.4% 16.5 56.4% 16.5 53.8% 32.5 50.0% 60.3% 65.4%
Top/bottom 5% 62.8% 1 64.1% 1 51.3% 47.5 56.4% 20 55.1% 25.5 50.3% 60.3% 61.5%
Top/bottom 10% 62.8% 4 60.3% 6 52.6% 37.5 51.3% 43 55.1% 22 49.8% 60.3% 67.9%

Panel C: Monthly Sharpe Ratio
Top/bottom 1% 0.66 1 0.11 30 0.20 10 0.16 19 0.05 49 0.02 0.22 0.32
Top/bottom 2% 0.58 1 0.22 5 0.25 4 0.18 10 0.12 23 0.02 0.20 0.29
Top/bottom 5% 0.40 1 0.26 4 0.19 8 0.15 12 0.10 22 0.01 0.22 0.32
Top/bottom 10% 0.30 3 0.21 7 0.16 10 0.15 14 0.14 16 0.02 0.22 0.32

Notes. The table reports the performance of the Loan Fee anomaly relative to four other short-selling-related anomalies and the GHZ anomalies. 
For each anomaly, we construct a long/short portfolio and calculate its return. The performance of each anomaly is evaluated using three 
metrics: the average one-month returns (Panel A), the percentage of one-month returns that are positive (Panel B), and the monthly Sharpe Ratio 
(Panel C). For each of these, we also rank each anomaly variable relative to the entire set of anomalies. Loan Fee is measured by the average retail 
loan rate on the last trading day of the month. Days-to-Cover is short interest divided by average daily trading volume over the previous month. 
Short Interest Ratio (SIR) is short interest divided by market capitalization. SIR × RetVol is Short Interest Ratio times the daily return volatility over 
the previous month. CME Beta is the estimated beta on the cheap minus expensive factor from Drechsler and Drechsler (2016). The cheap minus 
expensive portfolio is constructed by going long stocks in the “Bottom 10%” portfolio and short stocks in the “Top 10%” portfolio for the Loan 
Fee anomaly. We proxy for a stock’s beta with the CME factor by estimating its beta with the stocks in the CME portfolio over the 36 months 
prior to portfolio construction. Specifically, to estimate the beta for stock i in month t, we (1) identify the stocks in each leg of the CME portfolio 
in month t; (2) fix the set of stocks in the CME portfolio and calculate the long-short returns of the portfolio over the prior 36 months; and (3) 
regress the returns of stock i on the three-factor Fama-French model plus CME factor from (2). The GHZ anomalies are the 102 anomalies studied 
in Green et al. (2017). In each panel, we present results when portfolios are formed by sorting stocks on the top and bottom 1% of anomaly 
variables (“Top/Bottom 1%”), as well as when portfolios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%.
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Figure 5. (Color online) GHZ Decile Portfolio Transition Probabilities 

(a) Top/Bottom 1% (b) Top/Bottom 2%

(c) Top/Bottom 5% (d) Top/Bottom 10%

Notes. The figure examines anomaly performance today conditional on being in the top decile of performers over the prior four years. On each 
date, we take the top-performing decile of anomalies over the prior two years, and we examine the likelihood of remaining in the top decile over 
the next year. The figure displays probabilities for remaining in the top decile or transitioning to the second decile, third decile, etc. Panel (a) dis
plays results when portfolios are formed by sorting stocks on the top and bottom 1% of anomaly variables, while panels (b), (c), and (d) display 
results when portfolios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%, respectively.

Figure 6. (Color online) Set Analysis: Performance and Overlap of Loan Fee and GHZ Net Anomaly 

Notes. The figure displays the performance of the unique components of the loan fee anomaly and the GHZ Net anomaly, as well as the perfor
mance when stocks are in both portfolios at the same time. We identify the short portfolio in each period for both the loan fee and the GHZ net 
anomalies across our four cutoffs (the bottom 1%, 2%, 5%, and 10%). We then calculate the average performance of those stocks uniquely identi
fied by each anomaly (i.e., “Only Loan Fee” and “Only GHZ Net”) and the overlapping portfolio (“Both”).
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to construct a fitted loan fee and a residual loan fee. Spe
cifically, we estimate an OLS panel regression with time 
fixed effects over the full sample with Loan Fee as the 
dependent variable and the standardized set of anoma
lies as the independent variables. The fitted value repre
sents the component of Loan Fee that is spanned by 
existing anomalies, whereas the residual measures the 
component of Loan Fee that is unique. This decomposi
tion of Loan Fee into its fitted and residual components is 
calculated in two different ways: (1) by projecting the 
loan fee on all 102 GHZ anomalies and (2) by using a 
principal components approach (PCA) and selecting the 
first 10 components to define the fitted component.16

Table 9 shows that long/short portfolios formed 
based on either the fitted value or the residual perform 
well relative to the set of GHZ anomalies. Focusing on 
the Top/Bottom 1% portfolios, we find that the fitted 
loan fee constructed by projecting Loan Fee on all 102 
GHZ anomalies (PCA analysis) has a long/short return 

of 2.15% (1.52%), and it is ranked third (sixth) when 
compared with the GHZ set, which confirms our prior 
conclusion that Loan Fee is selectively correlated with 
high-performing anomalies. The residual from the Loan 
Fee projection (PCA decomposition) has a long/short 
return of 1.64% (2.97%), and when we replace the fitted 
value with the residual in the comparative ranking with 
the GHZ set, we find that it is ranked sixth (first); in 
other words, the unique component of the Loan Fee 
anomaly outperforms all but six of the individual GHZ 
anomalies in the case of the projection residual, and all of 
the individual GHZ anomalies in the PCA residual. This 
indicates that short sellers have valuable information 
that is not contained in the existing set of anomalies.

To get a sense of the unique component’s relative con
tribution to the Loan Fee anomaly, we turn to a regres
sion setting. In Table 10, we regress one-month-ahead 
monthly returns on Predicted Loan Fee (columns (2) and 
(5)), Residual Loan Fee (columns (3) and (6)), and both of 

Table 8. Univariate Projection of Loan Fee on GHZ Set of Anomalies

Rank Anomaly Coef. t-stat

Long/Short return for portfolios from top/bottom (%):

1% 2% 5% 10%

Panel A: Anomalies that are strongly correlated with loan fee
1 Idiosyncratic return volatility 0.9 25.9 1.7 1.4 0.9 0.7
2 Bid-ask spread 0.8 24.4 0.5 0.7 0.6 0.8
3 Return volatility 0.7 22.4 0.7 0.7 0.5 0.5
4 Return on assets �0.7 �23.4 0.2 0.3 �0.1 0.0
5 Earnings volatility 0.6 26.1 1.4 1.3 0.7 0.6
6 Scaled earnings forecast �0.6 �16.0 0.8 0.5 0.2 0.1
7 Maximum daily return 0.5 19.8 0.9 1.0 0.6 0.5
8 Cash flow to debt �0.5 �25.2 0.8 0.4 0.2 0.3
9 Earning to price �0.5 �20.6 0.2 0.6 0.3 0.2
10 Size �0.5 �21.1 0.8 0.5 0.3 0.4

Mean 0.8 0.7 0.4 0.4
Median 0.8 0.6 0.4 0.5

Panel B: Anomalies that are weakly correlated with loan fee
1 Industry sales concentration 0.0 �0.9 �0.4 �0.6 �0.5 �0.5
2 Sales to inventory 0.0 1.3 �0.7 �0.6 �0.4 �0.3
3 1-month momentum 0.0 �0.4 �0.7 0.1 0.3 0.2
4 Change in number of analysts 0.0 �0.7 �0.6 �0.5 �0.2 0.0
5 Sin stocks 0.0 2.6 �0.4 �0.4 �0.4 �0.4
6 Change in tax expense 0.0 �2.0 �0.4 �0.4 �0.2 �0.1
7 Change in 6-month momentum 0.0 0.7 �0.5 �0.6 �0.3 �0.1
8 Dividend initiation 0.0 3.0 0.4 0.4 0.4 0.4
9 Abnormal earnings announcement volume 0.0 �2.4 1.3 0.6 0.3 0.1
10 Secured debt indicator 0.0 3.1 0.2 0.2 0.2 0.2

Mean �0.2 �0.2 �0.1 0.0
Median �0.4 �0.4 �0.2 0.0

Panel C: Summary statistics for 102 GHZ anomalies
Mean 0.2 0.1 0.1 0.1
Median 0.2 0.2 0.1 0.1

Notes. The table displays coefficient estimates and t-statistics for univariate regressions of Loan Fee on individual anomaly sorting variables. 
Panel A shows results for the anomalies that are most strongly related to Loan Fee, as given by the t-statistic on the univariate regression, while 
Panel B shows results for the anomalies that are most weakly related to Loan Fee, as given by the t-statistic on the univariate regression. Panel C 
displays results using all of the GHZ anomalies. In the four rightmost columns, we show long-short returns to each anomaly using our four 
different sorting cutoffs (1%, 2%, 5%, and 10%). At the bottom of each panel, “Mean” and “Median” display the mean and median return for 
each panel.
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them simultaneously (columns (4) and (7)). When we 
look at the R2s in these regressions from the projection 
decomposition, we find that the fitted component 
explains 58% of the total return predictability, whereas 
the unique component explains 42%. Using the 
decomposition from our PCA, the unique component 
explains 68%, whereas the fitted component only 

explains 32%.17 These results confirm that a substan
tial portion of short seller’s best ideas come from valu
able information that is not contained in the existing 
set of anomalies.

The previous results suggest that there is substantial 
information in loan fees which is not captured via tradi
tional anomaly variables. Indeed, the majority of return 

Table 9. Performance of the Unique vs. Common Information in Loan Fee Anomaly

All 102 GHZ anomalies First 10 principal components
Loan Fee Fitted fee Resid. fee Fitted fee Resid. fee GHZ anomalies

Anomaly definition Value Rank Value Rank Value Rank Value Rank Value Rank Mean 95th % Max.
Panel A: Average of one-month return

Top/bottom 1% 4.01% 1 2.15% 3 1.64% 6 1.52% 6 2.97% 1 0.17% 1.46% 2.60%
Top/bottom 2% 2.75% 1 2.18% 1 2.02% 1 1.08% 8 2.67% 1 0.10% 1.14% 1.82%
Top/bottom 5% 1.56% 2 1.24% 3 0.77% 7 0.72% 7 1.17% 3 0.06% 0.89% 1.77%
Top/bottom 10% 0.98% 4 0.97% 4 0.28% 25 0.58% 10 0.36% 20 0.06% 0.77% 1.15%

Panel B: Percentage of one-month returns that are positive
Top/bottom 1% 74.4% 1 64.1% 2.5 62.8% 3 53.8% 37 60.3% 4 50.6% 59.0% 65.4%
Top/bottom 2% 69.2% 1 61.5% 2.5 65.4% 1.5 55.1% 26 65.4% 1.5 50.0% 60.3% 65.4%
Top/bottom 5% 62.8% 1 55.1% 25.5 59.0% 10 52.6% 38.5 57.7% 14.5 50.3% 60.3% 61.5%
Top/bottom 10% 62.8% 4 53.8% 30 53.8% 30 47.4% 61.5 52.6% 37.5 49.8% 60.3% 67.9%

Panel C: Monthly Sharpe Ratio
Top/bottom 1% 0.66 1 0.34 1 0.22 7 0.16 19 0.31 2 0.02 0.22 0.32
Top/bottom 2% 0.58 1 0.36 1 0.33 1 0.12 23 0.34 1 0.02 0.20 0.29
Top/bottom 5% 0.40 1 0.23 6 0.19 7 0.10 24 0.23 6 0.01 0.22 0.32
Top/bottom 10% 0.30 3 0.21 7 0.09 26 0.09 25 0.09 25 0.02 0.22 0.32

Notes. The table shows monthly long-short returns and corresponding ranks from portfolios formed on the Loan Fee anomaly, GHZ Net, and all 
GHZ anomalies, as well as the Fitted Loan Fee and Residual Loan Fee. For the “All 102 GHZ Anomalies” specification, the Fitted Loan Fee and 
Residual Loan Fee are constructed by projecting Loan Fee on all of the 102 GHZ anomalies at the same time. For the “Principal Components (10)” 
specification, the Fitted Loan Fee and Residual Loan Fee are constructed by first conducting a principal components analysis on the 102 GHZ 
anomalies and then projecting loan fee on the first 10 principal components. The number of principal components was selected based on an 
evaluation of the scree plot, which is shown in the Online Appendix. We then examine the performance of the fitted value (“Fitted Loan Fee”) and 
residual (“Residual Loan Fee”) from this regression. Panel A displays the average of one-month returns, Panel B displays the percentage of one- 
month returns that are positive, and Panel C displays the monthly Sharpe Ratio. In each panel, we present results when portfolios are formed by 
sorting stocks on the top and bottom 1% of anomaly variables (“Top/Bottom 1%”), as well as when portfolios are formed by sorting stocks on 
the top and bottom 2%, 5%, and 10%.

Table 10. Loan Fee R2 Decomposition

Explanatory variable

All 102 GHZ anomalies First 10 principal components

(1) (2) (3) (4) (5) (6) (7)

Loan Fee �0.36%
�4.52

Predicted Loan Fee �0.58% �0.58% �0.52% �0.52%
�2.17 �2.18 �1.21 �1.21

Residual Loan Fee �0.29% �0.29% �0.33% �0.33%
�3.37 �3.33 �3.90 �3.88

Time fixed effects Yes Yes Yes Yes Yes Yes Yes
Observations 191,416 191,416 191,416 191,416 191,416 191,416 191,416
R2 0.1087% 0.0717% 0.0511% 0.1228% 0.0361% 0.0768% 0.1129%
R2 as percent of (4) — 58% 42% 100% — — —
R2 as percent of (7) — — — — 32% 68% 100%

Notes. The table displays results from OLS panel regressions of one-month-ahead monthly returns on Loan Fee (column (1)), the Predicted Loan 
Fee (columns (2) and (5)) derived from the corresponding regression in Table 9, the Residual Loan Fee (columns (3) and (6)) derived from the 
corresponding regression in Table 9, and both of them simultaneously (columns (4) and (7)). t-statistics calculated using Driscoll-Kraay standard 
errors are shown below the coefficient estimates. In the third to last row of the table, we display the within R2 for each regression. In the last two 
rows, we display the within R2 for each model as a percent of the R2 in column (4) or (7).
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predictability resides in Residual Loan Fee rather than Fit
ted Loan Fee. A natural question arises: what kind of 
information is it?

Of course, it would be difficult to identify all of the 
information in Residual Loan Fee because it includes a 
huge range of possible sources of idiosyncratic informa
tion. However, we can see an example of what this idio
syncratic information might look like by examining a 
setting where short sellers are well informed. The prior 
literature shows that short sellers are skilled at detecting 
financial misconduct (e.g., Karpoff and Lou 2010, Fang 
et al. 2016), and to the extent that this kind of informa
tion is orthogonal to the predicted information, it can 
serve as an example of a source of this idiosyncratic 
information.18

In order to examine financial misconduct, we use a data
base of shareholder class-action lawsuits about securities 
fraud (i.e., 10b-5 lawsuits) that comes from ISS Securities 
Class Action Services. The database covers all years in our 
loan fee sample period, including 940 lawsuits filed against 
737 companies. We observe the date the class period 
began, the date the class period ended, the date the class- 
action lawsuit was filed, and the date it was resolved.

Table 11 shows that a meaningful fraction of short 
sellers’ best ideas are related to class-action lawsuits.19

Row (1) of Table 11 reports the percentage of general 
collateral stocks that are in any stage of a class-action 
lawsuit, which we define as the period from when the 
class period starts to when the case is resolved. Stocks in 
the top 10% of loan fees are twice as likely as general col
lateral stocks to be in some phase of a class-action law
suit. When we focus more narrowly on short sellers’ 

very best ideas, the results are even stronger. We find 
that 23.5% of the highest loan fee stocks are in some 
phase of a class-action lawsuit, compared with only 
6.2% of general collateral stocks.

We also find more association between Residual Loan 
Fee and these class-action lawsuits than Fitted Loan Fee. 
The two nonbold rows of Table 11 answer the question: 
among stocks that are in any phase of a class-action law
suit that have a high loan fee, what fraction have a high 
fitted loan fee, and what fraction have a high residual 
loan fee? When we examine stocks in the top 10% of 
loan fees in any phase of a class-action lawsuit, we find 
little difference in the propensity for those stocks to 
have a fitted loan fee or residual loan fee in the top 10%. 
However, as we narrow in on stocks in the top 1% of 
loan fee in any phase of a class-action lawsuit, we find 
that 17.1% have a fitted loan fee in the top 1%, and 
87.4% have a residual loan fee in the top 1%. In other 
words, among short sellers’ very best ideas, the unique 
information component contained in loan fees predicts 
lawsuits much better than information that overlaps 
with existing anomalies.

Row (2) and (3) of Table 11 repeat the analysis for two 
periods within the class-action lawsuit. The first period 
is the Class Period, which begins when shareholders 
allege the company first made false or misleading state
ments and ends when the company corrected the state
ments. The second period is when the lawsuit is in 
progress, which begins when the lawsuit is filed and 
ends when it is resolved. In both these periods, we find 
that both of our conclusions hold: (1) specials stocks are 
more likely to be in these two phases of a class action 

Table 11. Loan Fee and 10b-5 Class-Action Lawsuits

Pct. stocks by lawsuit stage

GC stocks (%) Special stocks (%)

Loan Fee < Loan Fee >

90th ptile. 90th ptile. 95th ptile. 98th ptile. 99th ptile.

(1) Pct. of Stocks in Any Stage of Class-Action Lawsuit 6.2 12.5 15.1 20.5 23.5
Pct. of (1) that Fitted Loan Fee captures — 61.2 44.6 26.9 17.1
Pct. of (1) that Residual Loan Fee captures — 61.2 86.2 97.0 87.4

(2) Pct. of Stocks within Class Period of Alleged Fraud 2.8 5.6 6.7 9.7 10.4
Pct. of (2) that Fitted Loan Fee captures — 61.5 44.3 28.5 17.6
Pct. of (2) that Residual Loan Fee captures — 62.5 87.6 96.9 87.7

(3) Pct. of Stocks with Lawsuit in Progress 3.2 7.2 8.7 11.7 14.3
Pct. of (3) that Fitted Loan Fee captures — 59.5 42.7 25.8 16.9
Pct. of (3) that Residual Loan Fee captures — 62.3 88.2 97.5 87.8

Notes. The rows in bold of the table show the average percentage of stocks in a stage of a 10b-5 class-action lawsuit for general collateral and 
special stocks. “Any Stage of Class-Action Lawsuit” includes the time from the class period start to when the lawsuit is resolved. “Class Period 
of Alleged Fraud” includes the time from when the class period starts to the class period ends. “Lawsuit in Progress” includes the time from 
when the lawsuit is filed to when the lawsuit is resolved. The nonbold rows show what percentage of stocks that have a high Loan Fee and are in 
the indicated phase of the lawsuit also have a high Fitted Loan Fee or Residual Loan Fee. The threshold for having a high Fitted Loan Fee or Residual 
Loan Fee is defined using the same percentile cutoff that is used for defining a high Loan Fee in the corresponding column. For example, the top 
panel, rightmost column indicates that, on average, 23.5% of stocks with a Loan Fee greater than the 99th percentile are in some stage of a class- 
action lawsuit. Among the 23.5% of high Loan Fee stocks that are in some phase of a lawsuit, 17.1% have a Fitted Loan Fee greater than the 99th 
percentile, and 87.4% have a Residual Loan Fee greater than the 99th percentile.
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lawsuit than general collateral stocks, and (2) the resid
ual component of loan fee captures short sellers’ best 
ideas about financial misconduct than fitted loan fee.

Class-action lawsuits are one setting where the prior 
literature has shown that short sellers have an informa
tion advantage. We find that a meaningful fraction of 
short sellers’ best ideas stems from this informational 
advantage. Moreover, this advantage comes from the 
component of loan fees that is orthogonal to existing 
anomalies, suggesting that their information is unique.

4.4. The Dependence of Existing Anomalies on 
Loan Fees

The previous results are evidence that the majority of 
Loan Fee’s return predictability is not dependent on 
existing anomalies. In Table 12, we ask the opposite 
question (à la Drechsler and Drechsler 2016): to what 
extent are existing anomalies dependent on high loan 
fee stocks? We examine a set of double sorts in Table 12. 
In Panel A, we sort stocks independently into general 
collateral (GC) and special portfolios and by decile of 
the GHZ net score. In Panel B, we perform conditional 
sorts: we first sort stocks into GC and special portfolios, 
and then, within those two portfolios, sort stocks into 
deciles by their GHZ net score. Either double-sort 

procedure generates the same takeaway: although there 
is no difference in performance between the top and bot
tom GHZ deciles amongst GC stocks, there is a differ
ence of 0.42% or 0.97%, depending on the double-sort 
method, between the top and bottom GHZ net deciles 
only among the high loan fee stocks. This suggests that 
the informative component of the aggregate GHZ Net 
anomaly signal resides largely within the on-special 
stocks. In other words, we find that anomalies live in 
high loan fee stocks.

4.5. The Information in Loan Fees and 
Short Interest

Ultimately, we are interested in short sellers’ expected 
return forecasts for each stock. Unfortunately, to the 
best of our knowledge, there is no database containing 
this measure. However, we argue that Loan Fee is the 
best proxy for short sellers’ expected return forecasts. 
The intuition is simple: Loan Fee proxies for short sell
ers’ willingness to pay. In other words, a high loan fee 
for a given stock indicates that some short sellers have a 
low enough expected return so that short selling will 
yield a profit, even after paying the loan fee. Consider 
an example: if short sellers borrow shares of stock ABC 
at a loan fee of 15% per annum, this implies that those 

Table 12. Double Sorts: One-Month Return of Loan Fee and GHZ Net Anomaly

Decile

General collateral (GC) Special stocks
Return on 

GC – special (%)Mean no. of stocks Mean return (%) Mean no. of stocks Mean return (%)

Panel A: Independent double sort
1 155 0.83 82 �0.22 1.05
2 199 0.75 42 0.05 0.70
3 211 0.87 28 0.14 0.73
4 207 1.03 21 0.67 0.36
5 241 0.99 23 1.17 �0.17
6 194 0.98 17 0.93 0.04
7 250 0.88 21 0.43 0.45
8 199 0.99 18 0.23 0.76
9 236 0.94 19 0.70 0.23
10 207 0.79 22 0.20 0.59
L/S — �0.04 — 0.42 —

Panel B: Conditional double sort
1 211 0.78 29 �0.68 1.46
2 212 0.82 29 0.03 0.79
3 196 0.80 29 �0.10 0.90
4 229 1.07 30 0.33 0.74
5 193 0.96 29 �0.05 1.01
6 202 0.92 30 0.59 0.33
7 248 0.85 29 0.58 0.27
8 186 1.03 30 1.10 �0.07
9 217 0.94 29 0.46 0.48
10 206 0.78 29 0.29 0.49
L/S — 0.00 — 0.97 —

Notes. The table displays monthly mean returns from dual-sorts formed on the Loan Fee anomaly portfolio and the GHZ Net anomaly portfolio. 
In Panel A, we independently sort stocks into GC and special portfolios, and we sort by decile of the GHZ Net score. In Panel B, we first sort 
stocks into GC and special portfolios, and then, within each of these groups, we sort by decile of the GHZ Net score. In both panels, L/S indicates 
the long-short return earned from buying stocks in decile ten and short-selling stocks in decile one.
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short sellers have an expected return for that stock that 
is below �15% per annum, so that, after loan fees, their 
trade has a positive expected profit.

Notice that the same cannot be said for short interest. 
Consider a stock with high short interest, but a small 
loan fee—say, 0.1% per annum. It is possible that all 
short sellers who have taken a short position expect a 
return of �0.2%. In this case, it is rational for short sell
ers to take such a position, so many do, and short inter
est becomes very high, but this would not forecast a 
large future price drop. In summary, when loan fees are 
high, it likely that the marginal short seller has an 
exceedingly low expected return. When short interest is 
high, no such necessary condition exists.

We explore this idea in Table 13, which shows return 
data double sorted by both short interest and loan fees. 
The table also reports median loan supply, the median 
percentage of the supply of shares available to borrow 
that have not been lent out.20 For both Panels A and B, 
the rows represent the different deciles of Short Interest 
for stocks, while the Loan Fee variable is used to separate 
the sample of stocks into two groups: general collateral 
and special. Looking first at the general collateral stocks, 
we see that sorting stocks by Short Interest deciles 

generates a return difference of 0.42% per month, 
whereas the same sort among special stocks generates a 
return difference of 1.19%. Both of these suggest that 
sorting stocks by Short Interest has predictive power for 
future returns. However, looking at the difference in 
returns between general collateral and special stocks, 
we see that Loan Fee has predictive power within Short 
Interest deciles. Although the difference in returns varies 
across Short Interest deciles, the average is 0.50%.

Looking at the median Short Interest and Loan Supply 
within each decile and across general collateral and spe
cial stocks gives some insight into this result, consistent 
with our discussion above. Although the median Short 
Interest is the same or similar across general collateral 
and special stocks, the median Loan Supply is much 
lower for the special stocks, suggesting that although 
short-selling demand for these stocks is similar, the sup
ply is very different. Panel B shows economically similar 
results using a conditional double sort.

4.6. Performance Net of Loan Fees
Our Loan Fee anomaly analysis has found large gross 
profits, which is evidence that high loan fee stocks are 
overpriced. In this section, we examine whether the 

Table 13. Double Sorts: One-Month Return of Short Interest and Median Loan Supply

General collateral (%) Special (%)

Decile Mean return
Median 

Short Interest
Median 

Loan Supply Mean return
Median 

Short Interest
Median 

Loan Supply L/S
Panel A: Independent double sort

1 0.95 1 69 1.09 0 27 �0.14
2 1.14 1 92 �0.43 1 41 1.57
3 1.06 2 84 �0.63 2 52 1.69
4 0.90 2 73 0.07 2 19 0.84
5 0.82 3 61 0.59 3 14 0.23
6 0.87 4 53 1.38 4 14 �0.51
7 0.73 5 50 0.77 5 15 �0.04
8 0.73 7 47 0.28 8 14 0.45
9 0.60 11 46 0.30 11 17 0.30
10 0.53 17 48 �0.10 22 30 0.63
L/S 0.42 — — 1.19 — — 0.50

Panel B: Conditional double sort
1 0.95 1 70 1.12 1 25 �0.17
2 1.15 1 92 �0.03 2 32 1.18
3 1.06 2 83 �0.03 4 19 1.09
4 0.96 2 75 1.32 6 13 �0.37
5 0.83 3 63 �0.03 9 15 0.87
6 0.93 4 54 0.05 12 18 0.88
7 0.61 5 51 �0.33 15 21 0.94
8 0.87 6 47 0.56 19 26 0.31
9 0.66 9 46 �0.60 24 30 1.26
10 0.51 14 47 �0.40 33 41 0.91
L/S 0.44 — — 1.52 — — 0.69

Notes. The table displays monthly mean returns from dual-sorts formed on the Loan Fee anomaly portfolio and Short Interest portfolio. Short 
Interest is calculated as a percentage of shares outstanding. In Panel A, we independently sort stocks into GC and special portfolios, and we sort 
by decile of the Short Interest. In Panel B, we first sort stocks into GC and special portfolios, and then, within each of these groups, we sort by 
decile of the Short Interest. In both panels, L/S indicates the long-short return earned from buying stocks in decile one and short-selling stocks in 
decile 10. For each decile, we also report the median Loan Supply. The Loan Supply for each stock is estimated by dividing the Short Interest by the 
utilization reported in the FIS Astec data for each stock.
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Loan Fee anomaly is profitable net of fees. As Novy- 
Marx and Velikov (2016) put it: “ … the existence of 
anomalies indicates suboptimal behavior on the part of 
some individual traders, but does not suggest irrational
ity on market participants more broadly. The existence 
of anomalies that can be profitably traded consequently 
presents a stronger test of market efficiency.”

Chen and Velikov (2023) find that most anomaly 
strategies earn abnormal returns close to zero after 
accounting for transaction costs. At the same time, our 
GHZ anomaly results are also gross of loan fees, so it is 
not clear, ex ante, how including these costs in the analy
sis will affect the performance ordering of the strategies. 
To address this, we repeat the performance comparison 
of Table 2 after subtracting borrowing costs, and the 
results are shown in Table 14. Although the magnitude 
of returns is smaller after subtracting transaction costs, 
it appears that the adjustment affects all of the anoma
lies in almost the same way. As a result, the Loan Fee 
anomaly continues to be one of the top performers 
across all methodologies and metrics. For example, 
across our four portfolio cutoffs (the bottom 1%, 2%, 
5%, and 10%), we find the Loan Fee anomaly has a 
Sharpe Ratio that ranks 14th, 9th, 12th, and 11th, respec
tively. Similarly, when we examine the average of one- 
month returns, we find the Loan Fee anomaly ranks no 
worse than 15th. Considering these results, the Loan Fee 
anomaly continues to outperform the GHZ Net anomaly 
after adjusting for the fact that loan fees are a cost that 
must be paid by short sellers.

4.7. Robustness
In a first set of robustness tests, we examine whether the 
Loan Fee anomaly result is simply a recasting of the well- 
known relation between anomalies and size or illiquid
ity (Hou et al. 2020), which also exists in our data. In 
Table 15, we run Fama and MacBeth (1973) regressions 
with Loan Fee, Size, Illiquidity, GHZ Net, and their interac
tion terms. When we interact GHZ Net with Size (col
umn (6)) and with a measure of illiquidity (Bid-Ask 
Spread; column (7)), we find the expected relation from 
the literature: anomalies perform better among small 
and illiquid stocks. However, in column (10), when we 
also include an interaction between GHZ Net and spe
cialness, this interaction drives out the previous two. In 
other words, we find no statistically detectable relation
ship between returns and the interaction of Size/Illiquid
ity and the aggregate anomaly variable after accounting 
for its relation with Loan Fee.

In a second set of robustness tests, we also examine 
how our results hold up throughout the cross-section. 
Specifically, we repeat the analysis of Table 2, but first 
raise the NYSE market capitalization cutoff from the 5th 
to the 20th percentile. Table A7 in the Online Appendix 
reports these results. Although the average return of the 
Loan Fee anomaly long/short portfolio declines from 
4.01% to 2.78% for the top/bottom 1% categorization, it 
is still the best-performing anomaly, as measured by 
average one-month returns or monthly Sharpe Ratio, 
and it has the highest percentage of positive one-month 
returns. This top ranking is maintained, in part, because 

Table 14. Performance of Long/Short Portfolio Net of Short-Selling Costs

Anomaly definition

Loan Fee GHZ Net GHZ anomalies

Value Rank Value Rank Mean 95th % Max.

Panel A: Average of one-month return
Top/bottom 1% 0.75% 15 0.09% 41 �0.15% 0.99% 2.01%
Top/bottom 2% 0.55% 11 0.36% 19 �0.18% 0.87% 1.32%
Top/bottom 5% 0.37% 7 0.12% 25 �0.16% 0.53% 1.71%
Top/bottom 10% 0.30% 11 0.01% 33 �0.12% 0.43% 1.04%

Panel B: Percentage of one-month returns that are positive
Top/bottom 1% 58.4% 4.5 48.1% 53 48.3% 57.1% 63.6%
Top/bottom 2% 49.4% 45 53.2% 15.5 47.3% 55.8% 61.0%
Top/bottom 5% 50.6% 32 50.6% 32 47.3% 55.8% 61.0%
Top/bottom 10% 49.4% 38.5 53.2% 18 47.3% 57.1% 61.0%

Panel C: Monthly Sharpe Ratio
Top/bottom 1% 0.12 14 0.01 42 �0.04 0.16 0.24
Top/bottom 2% 0.11 9 0.06 25 �0.04 0.12 0.26
Top/bottom 5% 0.09 12 0.02 26 �0.05 0.12 0.31
Top/bottom 10% 0.09 11 0.00 34 �0.05 0.15 0.25

Notes. The table examines the performance of the Loan Fee anomaly and the GHZ anomalies after subtracting short-selling costs. For each 
anomaly, we construct a long/short portfolio, calculate its return, and subtract from the return the realized short-selling cost for the stocks in the 
short leg of the portfolio. The performance of each anomaly is evaluated using three metrics: the average one-month returns (Panel A), the 
percentage of one-month returns that are positive (Panel B), and the monthly Sharpe Ratio (Panel C). For each of these, we also rank each 
anomaly variable relative to the entire set of anomalies. The GHZ set of anomalies is the set of 102 anomalies studied in Green et al. (2017). In 
each panel, we present results when portfolios are formed by sorting stocks on the top and bottom 1% of anomaly variables (“Top/Bottom 1%”), 
as well as when portfolios are formed by sorting stocks on the top and bottom 2%, 5%, and 10%.
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raising the market capitalization cutoff also affects the 
performance of the set of GHZ anomalies. For example, 
the average one-month return of the GHZ Net anomaly 
declines from 0.70% to �0.16%. The average return 
across the GHZ set of anomalies also declines from 
0.17% to 0.05%. Overall, excluding the bottom 20% of 
stocks by market capitalization does not materially 
change our performance results.

5. Conclusion
Comprehensive loan fee data are a relatively new addi
tion to finance academic research, beginning with 
D’Avolio (2002). Unlike other well-known anomalies, 
such as momentum or size, we do not have a century’s 
worth of data to analyze. Nevertheless, the time-series 
of loan fee data are growing, and, in modern data, we 
find loan fee to be the single best predictor of cross- 
sectional returns.

Given the evidence that short sellers are informed 
and that loan fees represent how much those informed 
traders are willing to pay to hold their position, we view 
this predictability as evidence of a short seller’s best 
ideas. When short sellers are willing to pay the most to 
bet against a stock, those stocks predictably have the 
largest negative future returns.

We also find that these best ideas are unique. Only 
58% of the loan fee anomaly can be explained by short 
sellers’ selective exposure to existing anomalies; the 
remaining 42% is unique information held by these 
informed traders. This result is also borne out in the set
ting of securities fraud class-action lawsuits, where, 

again, the residual component is a better predictor than 
the fitted.

Given the uniqueness of loan fee as both a convic
tion and a cost, we do not anticipate the loan fee 
anomaly to disappear like other anomalies have 
(McLean and Pontiff 2016, Calluzzo et al. 2019). When 
we compare the persistence of the loan fee anomaly 
with other high-performing anomalies, we find more 
evidence of mean reversion among those high- 
performing anomalies and less evidence with the 
loan fee anomaly.

Interestingly, in the debate about the robustness of 
cross-sectional predictors over time after accounting for 
data mining, the single most effective predictor has 
been left out of the discussion. Given the newness of 
these data, this is understandable. We hope this paper 
encourages future work to examine it.
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Table 15. Loan Fee Anomaly and GHZ Net: Fama-MacBeth Regressions (Quantiles)

Explanatory variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Special �0.64%** �0.50%** �0.42%** �0.32%** �0.32%*
�2.29 �2.24 �1.96 �2.05 �1.89

GHZ Net 0.31% 0.08% 0.25% 0.14% 0.06% 0.04% 0.02%
0.95 0.29 0.83 0.69 0.24 0.19 0.10

Size 0.44% 0.45% 0.28% �0.03%
1.14 1.15 0.69 �0.07

Bid-Ask Spread �0.75% �0.70% �0.55% �0.54%
�1.20 �1.18 �0.92 �0.82

Special × GHZ Net 0.87%* 0.82%* 0.72%* 0.66%*
1.78 1.73 1.88 1.68

Size × GHZ Net �0.67% �0.17% �0.29%
�1.21 �0.35 �0.53

Bid-Ask Spread × GHZ Net 0.74% 0.30% 0.17%
0.81 0.34 0.18

Notes. The table reports results from Fama and MacBeth (1973) cross-sectional regressions of one-month-ahead stock returns on the indicated 
independent variables. “Special” is an indicator variable that takes a value of 1 if the stock has an average retail loan rate greater than 1% per 
annum, and 0 otherwise. Quantiles are used for each of the remaining independent variables (GHZ Net, Size, and Bid-Ask Spread). The quantiles 
are calculated within the month and are shifted so that the median within the month has value zero. t-statistics are calculated using Newey West 
standard errors. Note that the coefficient on the Special indicator variable in column (1) is not directly comparable to the coefficient in columns 
(5), (8), (9), and (10). The coefficient in column (1) reports the average effect of specialness on returns, whereas the other columns report the 
average effect of specialness on returns conditional on the stock having a median GHZ Net score. The average effect of specialness on returns is 
�0.63%, �0.55%, �0.43%, and �0.42% for columns (5), (8), (9), and (10), respectively.

*Significant at 10%; **significant at 5%; ***significant at 1%.
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Endnotes
1 See, for example, Cohen et al. (2007), Blocher et al. (2012), Drechs
ler and Drechsler (2016), Blocher and Ringgenberg (2018), Engel
berg et al. (2018b), etc.
2 For example, McLean and Pontiff (2016), Green et al. (2017), Har
vey et al. (2016), Freyberger et al. (2020), Kozak et al. (2020), Chen 
and Zimmermann (2022), Gu et al. (2020), and Hou et al. (2020).
3 The Loan Fee anomaly similarly outperforms the GHZ composite 
anomaly portfolio after accounting for transaction costs (see Table 14).
4 For the former result, see, for example, Boehmer et al. (2008). For 
the latter result, see Stambaugh et al. (2012) and Drechsler and 
Drechsler (2016).
5 To see this, consider a simple model in which the demand to short 
is either high or low and the supply of shares to borrow is either 
high or low. Thus, there are four possibilities: (i) low demand and 
low supply, (ii) low demand and high supply, (iii) high demand 
and high supply, and (iv) high demand and low supply. In cases (i) 
and (ii), when demand is low, both short interest and loan fees will 
be low. In case (iii), when the demand to short is high and supply is 
high, short sellers will borrow as many shares as possible, and they 
will continue to borrow shares until the loan fee reaches a point that 
further shorting is no longer profitable. Thus, both short interest 
and loan fees will be high. Finally, when the demand to short is 
high and supply is low (case (iv)), short sellers will again continue 
borrowing shares until shorting is no longer profitable, but this will 
occur at a low number of shares because of the limited supply. 
Thus, short interest will be low, but loan fees will be high.
6 https://sites.google.com/site/jeremiahrgreenacctg/home.
7 https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_ 
library.html.
8 We use the FIS Astec data in our analyses because they provide 
the loan fee for each stock and date; however, in unreported analy
ses, we find that our conclusions are unchanged when we use an 
alternative database with a longer time period, but a coarser mea
sure of loan fees.
9 We estimate the parameters of each model in June of each year 
and fix the parameters for the next year. In June 2004, the first year 
in which we estimate the model, we use the prior 30 years of data 
and split the sample into an 18-year training sample and a 12-year 
validation sample. The hyperparameters of each model are selected 
to maximize the R2 of the model in the validation sample based on 
estimation during the training sample. For the subsequent years, 
we roll forward the validation sample by one year and expand the 
training sample by one year. Our set of anomaly variables is the 94 
GHZ anomalies that Gu et al. (2020) use from Green et al. (2017). 
We do not include the macroeconomic predictors and industry 
fixed effects that Gu et al. (2020) add to the list of predictors. As in 
Gu et al. (2020), we use the quantiles values of the anomalies when 
estimating the model. We implement the estimation methods using 
the code provided by Gu et al. (2020) on Dacheng Xiu’s website, 
but make two adjustments. First, we use monthly demeaned 
returns for estimating the model and evaluating validation sample 
R2, so that the procedure maximizes the cross-sectional variation in 
returns. Second, in some years, for elastic net, the validation sample 
R2 was negative for all values of the penalty parameter, which 
meant that the optimal model was one with a penalty parameter so 
high that the model placed zero weight on every GHZ signal and 
resulted in a 0% long-short return for that year. To be conservative, 
we reran the estimation constraining the optimization so that the 
range over which we searched for the optimal penalty parameter 
was wide enough not to constrain the optimization for any of the 
years not affected by this issue, but no wider. The results of the 
constrained optimization were stronger, and they are what is 
reported in Table 3.

10 Absolute accruals, Dispersion in forecasted EPS, Financial state
ment score (MS), Idiosyncratic return volatility, R&D to market cap
italization, Percent change in sales minus percent change in 
accounts receivable, and Industry adjusted book to market.
11 We conduct a t-test for a difference in means of the one-month 
return for the top decile and bottom decile. We find the difference 
in means is statistically insignificant at the 10% level using Newey 
and West (1987) standard errors.
12 We repeat this analysis in Online Appendix Table A3 after win
sorizing the variables at the 1st and 99th percentiles; the conclusions 
are unchanged.
13 Drechsler and Drechsler’s (2016) CME Beta is a covariance (esti
mated as a stock’s covariance with a long-short loan fee portfolio), 
whereas Loan Fee in this paper is a characteristic—as noted in Daniel 
and Titman (1997), this is an important distinction.
14 Days-to-Cover is Short Interest divided by average daily trading vol
ume over the previous month. SIR × RetVol is Short Interest divided 
by market capitalization times the daily return volatility over the pre
vious month. CME Beta is the estimated beta on the cheap minus 
expensive factor from Drechsler and Drechsler (2016). The cheap 
minus expensive portfolio is constructed by going long stocks in the 
“Bottom 10%” portfolio and short stocks in the “Top 10%” portfolio 
for the Loan Fee anomaly. We proxy for a stock’s beta with the CME 
factor by estimating its beta with the stocks in the CME portfolio over 
the 36 months prior to portfolio construction. Specifically, to estimate 
the beta for stock i in month t, we (1) identify the stocks in each leg of 
the CME portfolio in month t; (2) fix the set of stocks in the CME port
folio and calculate the long-short returns of the portfolio over the prior 
36 months; and (3) regress the returns of stock i on the three-factor 
Fama-French model plus CME factor from (2).
15 In other words, for anomalies that are positively correlated with 
loan fee, we always go long in stocks with a low value of the anom
aly variable and short stocks with a high value. For anomalies that 
are negatively correlated with loan fee, we always go long in the 
high value and short in the low value.
16 The choice to use a cutoff of 10 components in our principal com
ponents analysis is motivated by the scree plot shown in Figure A1 
of the Online Appendix. We also repeat the PCA approach using 
cutoffs of one and six components with similar results. This addi
tional analysis is reported in Table A4 of the Online Appendix.
17 We also repeat the analysis using different cutoffs for the decom
position using principal components. These results are reported in 
Table A5 of the online Appendix.
18 Although the idiosyncratic nature of such information is plausi
ble, prior work also suggests that previously documented anoma
lies may also help forecast class-action lawsuits. DuCharme et al. 
(2004), for example, find that abnormal accruals are positively asso
ciated with the incidence of shareholder class-action lawsuits.
19 In Table A6 of the Online Appendix, we show that the results are 
similar in a regression framework.
20 In our data, we find that loan supply significantly varies across 
stocks and within the same stock across time. For example, the 
median stock, on average, has a loan supply of 51% of shares out
standing, while the interquartile range is 30% to 105%. This sug
gests that short interest can be low for different reasons: it could be 
low because short sellers do not want to short, but it could also be 
that they want to short, but low loan supply makes it difficult.
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