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Abstract We find that several well-documented underreaction-consistent stock return anomalies, such
as those based on stocks’ earnings-to-price ratios, returns on assets and past returns, arise and persist only
among stocks with smaller (institutional) investor bases, which are presumably stocks that are neglected
by investors. These results are driven by the short side of our long-short trading strategies (i.e., by the
seemingly overpriced stocks from the bottom quantiles of the anomaly variables), they appear even after
controlling for several stock characteristics (e.g., market capitalization and institutional ownership) and
potential risk factors, and they are considerably more pronounced during periods with more information
and/or less technology. Overall, these findings suggest that the incomplete dissemination of (negative)
information across investors helps in explaining the occurrence and the persistence of the anomalies.
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1. Introduction

In the highly influential Capital Asset Pricing Model (CAPM) of Sharpe (1964), Lintner (1965)
and Mossin (1966), the investor bases of all stocks would consist of all of the investors in the
market. In contrast, even today, the mean institutional investor base of the stocks listed on the
three major stock exchanges in the United States (US) consists of just around 5% of all of the
identifiable institutional investors in the market. Given this seemingly considerable discrepancy
between the CAPM and the data, in this paper, we examine empirically whether the size of
stocks’ investor bases helps in explaining several stock return anomalies.

The size of the investor base of a certain stock could be relevant in this respect because it is
presumably related to the degree to which investors know about and follow that stock. Indeed,
this seems logical because, even if investors do not regularly follow a given stock, they must at
least know about that stock before they can take their positions in it. More importantly, in the
CAPM, the result above would arise largely because of the assumption that, without incurring
any costs, all investors know about and follow all of the available securities. This implies that
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all of the available information about those securities is instantaneously disseminated across all
investors, which means that they take their positions while having complete information. Under
these and several other conditions (see, e.g., Fama & French, 2004; Perold, 2004), the CAPM
suggests that stock returns should be predictable only with their market betas.

In contrast to this prediction, during the last 50–60 years, approximately 450 stock charac-
teristics besides market beta have been found that seem to predict stock returns (see, e.g., Hou
et al., 2020). Despite the abundance of these so-called anomalies and their widespread use by
investment professionals, however, the reasons for them are still far from being clear. One such
reason could be that the assumption in the CAPM that all investors know about and follow
all of the available securities is significantly violated in reality.1 This could be so if investors
face costs of obtaining information (Merton, 1987) and/or if they have limited attention (Peng
& Xiong, 2006). Regardless of the exact constraint(s) on investors’ behavior, unlike in the
CAPM, all of the available information about all of the available securities would not be instan-
taneously disseminated across all investors, which means that they would have to take their
positions while having incomplete information. Under these conditions, the prices of stocks can
underreact to both positive and negative information for a prolonged period of time, which could
be the reason why their returns seem to be predictable with other stock characteristics than mar-
ket beta. Thus, to the extent that the size of the investor base of a certain stock is related to
the degree to which investors know about and follow that stock, underreaction-consistent stock
return anomalies should arise and persist mostly among stocks with smaller investor bases.

To test this prediction, we use data on the stocks listed on the New York Stock Exchange
(NYSE), the American Stock Exchange (AMEX) and NASDAQ from the end of the first quarter
of 1980 to the end of the first quarter of 2019. To our knowledge, data on the size of these
stocks’ complete investor bases are, at least to researchers, unavailable. Hence, as a proxy for
the size of the complete investor base of a certain stock, we use the size of the institutional
investor base of that stock, calculated as the number of institutional investors with long positions
in it. With respect to the stock return anomalies, we examine one valuation anomaly based on
the earnings-to-price ratios of stocks (as in Basu (1977)), one profitability anomaly based on
the returns on assets of stocks (as in Haugen and Baker (1996)) and one momentum anomaly
based on the past returns on stocks (as in Jegadeesh and Titman (1993)). These anomalies are
examined primarily because they are some of the very few underreaction-consistent anomalies
that have been repeatedly reproduced in the prior literature, even with very recent data (see, e.g.,
Hou et al., 2020; Linnainmaa & Roberts, 2018).

Given that the underlying mechanism that we seek to investigate is ultimately related to
the degree of information dissemination across investors, several features of our analyzes are
important to note. First, the size of the institutional investor base of a certain stock is highly
correlated with several other characteristics of that stock, such as its stock exchange, market
capitalization and institutional ownership, of which the last two have already been found to help

1Quite a few empirical observations seem to support this conjecture. First, most individual and institutional investors
have been found to have stock portfolios with only a fraction of all of the available stocks (see, e.g., Goetzmann
& Kumar, 2008; Griffin & Xu, 2009). Of course, these findings can be attributed to other factors as well, some of
which are taxes and/or transactions costs. There is additional evidence, however, that, in contrast to the principles of
portfolio optimization in the CAPM, most investors allocate larger stock portfolio weights to stocks with which they
are more likely to be familiar, such as stocks that are more local to them (see, e.g., Coval & Moskowitz, 1999; Ivković
& Weisbenner, 2005) or stocks that receive more attention in the financial media (see, e.g., Barber & Odean, 2008).
Second, many firms do take costly actions with the goal of introducing their stocks to investors. For example, firms list
their stocks on one or more stock exchanges and they pay others, such as investment banks, to promote them. Lastly,
several instances have been documented in which stock prices seem to react to certain information more strongly when
that information is more likely to be obtained by a larger number of investors (see, e.g., Huberman & Regev, 2001).
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in explaining stock return anomalies in the context of other underlying mechanisms (see, e.g.,
Griffin & Lemmon, 2002; Nagel, 2005). Therefore, to control for the effects of these other stock
characteristics, our analyzes exclude the stocks with the smallest market capitalizations and,
instead of using the raw size of stocks’ institutional investor bases, our main analyzes exploit the
residuals from estimating cross-sectional regressions of this variable on the aforementioned other
stock characteristics.2 Second, our analyzes entail institutional investors, which, on average,
are likely to have more resources (e.g., technology) and, hence, fewer difficulties in obtaining
information than other investors (e.g., individuals). Finally, our analyzes involve stock return
anomalies based on stocks’ earnings and past returns, which are probably some of the most
scrutinized pieces of information by the financial media and/or by investors in general. Thus,
considering all of these aspects of our analyzes, it is worth noting that they are likely to be biased
toward finding statistically and economically insignificant results.

Despite this bias, however, the results from our analyzes do support our prediction. In fact, they
indicate that the stock return anomalies arise and persist only among stocks with smaller investor
bases. Specifically, among the stocks with the smallest residual institutional investor bases, the
raw quarterly return on a long-short trading strategy based on the earnings-to-price ratios of
stocks is 2.23%. In contrast, among the stocks with the largest residual institutional investor
bases, the return is not even positive; it is − 0.11%. Consequently, the differential between these
returns is 2.34%. The corresponding return differentials for the strategies based on stocks’ returns
on assets and past returns are 1.88% and 2.72%, respectively. These patterns keep appearing after
controlling for various other stock characteristics and potential risk factors, they also appear over
longer holding periods and they are highly statistically significant (even from the perspective of
Harvey et al. (2016)). Hence, they are consistent with the hypothesis that the incomplete dissem-
ination of information across investors helps in explaining the occurrence and the persistence of
the anomalies.

In addition to these main findings, our analyzes indicate that the effect of the residual size
of stocks’ institutional investor bases on the stock return anomalies arises almost completely on
the short side of the trading strategies (i.e., among the seemingly overpriced stocks in the bottom
quantiles of the anomaly variables). This suggests that the prices of less-known and less-followed
stocks (hereinafter, neglected stocks) underreact to negative information more than they underre-
act to positive information, which makes intuitive sense in a theory predicated on the incomplete
dissemination of information across investors. That is, if managers, for whatever reason (e.g.,
their compensation and/or reputation), prefer the prices of their firms’ stocks to be higher rather
than lower, then it is reasonable to assume that their incentives for disseminating negative infor-
mation would be weaker than their incentives for disseminating positive information (Kothari
et al., 2009). In that case, they are likely to expend less of their resources (e.g., time and/or
effort) into disseminating the former than into disseminating the latter. To do so, they could, for
instance, reduce their voluntary disclosures and/or their presence in the financial media. Under
these conditions, therefore, the dissemination of negative information across investors can be
more incomplete than the dissemination of positive information.

Apart from these explanations for our results, one alternative explanation for them could be
that stocks with smaller residual institutional investor bases are stocks with higher transaction
costs, especially in terms of short selling. In the theory of Miller (1977), the prices of such
stocks would underreact predominantly to negative information not because many investors do

2To be clear, we are interested in analyzing the effects of the size of the institutional investor bases of stocks, while
holding all else equal, including their institutional ownership. For instance, consider two otherwise similar stocks, both
with an institutional ownership of 45%, where one of them has 25 institutional investors while the other has 180 such
investors. Our interest then is in exploring if the variation of this kind helps in explaining the stock return anomalies.
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not know about them and do not follow them, but because many pessimistic investors with
negative opinions find it too costly to take short positions in them. Transaction costs in general,
however, and those of short selling in particular, have been found to be higher among stocks with
smaller market capitalizations and/or lower institutional ownership (see, e.g., D’Avolio, 2002;
Stoll & Whaley, 1983). Thus, it is important to reiterate that our results emerge after exclud-
ing the stocks with the smallest market capitalizations and after controlling for these stock
characteristics. This is also the case even when controlling for the share turnover of stocks,
which has conventionally been thought of as being closely related to transaction costs. Hence,
although we cannot definitively rule out that this underlying mechanism, which has found empir-
ical support before (see Nagel, 2005), contributes toward our results, it is unlikely that they are
driven by it.

To explore our interpretation of the results further, we additionally seek to examine whether
they vary with the amount of information in the market. If our results truly reflect the incomplete
dissemination of information across investors, then it seems sensible to expect that they would
be more pronounced during periods when there is more information to be disseminated. In line
with this reasoning, we find a strong seasonality in the return differentials presented above in
that they are almost fully realized during the first two calendar quarters; that is, when the trad-
ing strategies are implemented at the end of the first and the fourth calendar quarters, which
is when nearly all of the public information for a given current or most recent calendar year
(which is equivalent to the fiscal year of most firms in the US) is available. In light of these
results, it is worth noting that the underlying mechanism of the kind discussed here could help in
explaining the so-called turn-of-the-year (or January) effect (see, e.g., Keim, 1983; Reinganum,
1983).

Our analyzes also involve investigating if the results differ over time. Considering the various
technological developments during our sample period (e.g., in terms of computing power and/or
the internet), it is likely that the costs of acquiring information faced by investors have decreased
and/or that the constraints on their attention have weakened over that period. If this is true,
then investors could know about and follow an increasing number of stocks over time. Thus, it
seems plausible that the dissemination of information across investors would have been more
incomplete during the earlier part of our sample period than during its later part. In congruence
with these arguments, we find that our results are considerably more pronounced over the first
half of that period. It is important to note that, since the stock return anomalies that we study have
indeed been reproduced with very recent data (see Linnainmaa & Roberts, 2018), these results
are unlikely to reflect the finding in McLean and Pontiff (2016) that, on average, such anomalies
become less pronounced after their original publication in the academic literature.

Last but not least, in a placebo test, we have examined the accrual anomaly of Sloan (1996) as
well, which is one of the best-known accounting-based stock return anomalies and for which a
commonly proposed explanation in the prior literature has been the overreaction of stock prices
to new information. However, if this explanation is correct and if our results truly reflect the
underreaction to new information of the prices of stocks, then the size of their investor bases
should be irrelevant for this anomaly. As expected, this is exactly what we find, which serves
both as an additional support for our story, but also as an important caveat to it.

Overall, our paper contributes to the empirical asset pricing literature on cross-sectional
stock return anomalies.3 Specifically, it provides an explanation for several well-documented

3See, for example, Hong et al. (2000), Griffin and Lemmon (2002), Nagel (2005), Fama and French (2008), Stam-
baugh et al. (2012), Hou et al. (2015), Edelen et al. (2016), Fama and French (2016), Harvey et al. (2016), Keloharju
et al. (2016), McLean and Pontiff (2016), Novy-Marx and Velikov (2016), Cao et al. (2017), Stambaugh and Yuan (2017),
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underreaction-consistent anomalies, which evolves around the size of stocks’ investor bases.
Indeed, while several papers find that this stock characteristic has implications for stock returns
(see, e.g., Bodnaruk & Ostberg, 2009; Richardson et al., 2012), to our knowledge, no paper has,
thus far, empirically examined its implications for stock return anomalies. Hence, for researchers
who study such anomalies, especially those consistent with the underreaction of stock prices
to new information, the implication of our findings is that they should consider the size of the
investor bases of stocks in their analyzes.

Finally, it is crucial to emphasize that even though our findings suggest that several promi-
nent stock return anomalies reflect a mispricing, this mispricing seems to be concentrated among
stocks with smaller investor bases. Moreover, the mispricing appears to have diminished sig-
nificantly during the last 20 years or so. Therefore, probably the most important implication of
our paper is that stock markets seem to be even more informationally efficient than previously
documented (see, e.g., Hou et al., 2020; Linnainmaa & Roberts, 2018).

2. Data

2.1. Institutional Investor Base Size

To our knowledge, data on the size of the complete investor bases of the stocks in the US are, at
least to researchers, unavailable. As a matter of fact, the number of investors with long positions
in a certain stock from Compustat (i.e., Compustat variable CSHR) is obtained from the 10-K
form of that stock’s issuing firm, in which only the number of investors who keep their shares
in their own accounts, but not in the accounts of their nominees, is reported. Hence, as a proxy
for the size of the complete investor bases of stocks, in our analyzes, we use the size of their
institutional investor bases, for which more complete data are available in the Thomson Reuters
Institutional Holdings (13F) Database.

These data, which have been widely used by researchers (see, e.g., Edelen et al., 2016;
Lewellen, 2011; Nagel, 2005), are described in more detail in Gompers and Metrick (2001).
Here, it suffices to say that the data are obtained from 13F forms, which have been required
at the end of each calendar quarter by the US Securities and Exchange Commission (SEC)
since the late 1970s from all (domestic and foreign) institutional investors with equity portfo-
lios worth at least 100 million US dollars (USD). Institutional investors with such portfolios
are required to report all of their long stock positions of at least 10,000 shares or USD
200,000.

Despite being highly detailed, the database from Thomson Reuters has several limitations.
First, it does not contain institutional investors that do not meet the aforementioned require-
ments. However, even though these investors could be quite numerous, many of them are likely
to be considerably less wealthy than those that do meet the requirements. Thus, while this lim-
itation prevents us from identifying all of the institutional investors in a given stock, it prompts
us to focus on the most economically relevant institutional investors in that stock. Second, the
database does not contain institutional investors that know about and follow a certain stock, but
that have neither long nor short positions in that stock. This limitation, however, which admit-
tedly could lead to a large error in the identification of such investors, is difficult to overcome.
Finally, the database does not contain institutional investors that have only short positions in a
stock. Nevertheless, considering the many potential impediments to taking such positions and
their relatively low number and value in the US (D’Avolio, 2002; Dechow et al., 2001; Duffie

Birru (2018), Engelberg et al. (2018), Linnainmaa and Roberts (2018), Calluzzo et al. (2019), Guo et al. (2020), Hou
et al. (2020) and Chen et al. (2023).
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et al., 2002; Koski & Pontiff, 1999),4 the error in the identification of the size of the institutional
investor bases of stocks due to this limitation is likely to be small.

Notwithstanding these limitations, we believe that the data from Thomson Reuters do allow
for a highly precise identification of the size of stocks’ institutional investor bases. Therefore,
calculated using these data, the main explanatory variable in our analyzes, InsIBSi,t, denotes the
institutional investor base size of a stock and it is defined as the number of institutional investors
with long positions in stock i at the end of quarter t.

2.2. Other Data

The data on all of the other stock characteristics used in our analyzes are from the Center for
Research in Security Prices (CRSP) and Compustat. To make these data compatible with those
from Thomson Reuters, we use observations at the end of calendar quarters and, when merging
firms’ stock market data with their quarterly accounting data, we assume that the latter become
publicly available three months after each firm’s fiscal quarter-end. This implies that, at the end
of calendar quarter t, we use the quarterly accounting data on stock i’s issuing firm from its fiscal
quarter that ends three to six months before the end of calendar quarter t.

Thus, using the data from CRSP and Compustat, we calculate three variables related to the
valuation, profitability and momentum stock return anomalies that we examine. For stock i at
the end of quarter t, the denotations and the definitions of these variables are as follows (see
also the Appendix). First, E/Pi,t denotes the earnings-to-price ratio of the stock and it is defined
as the ratio of the earnings before extraordinary items and after preferred dividends (Compustat
variable IBCOMQ) at the end of quarter t to Mi,t (i.e., the market capitalization of the stock).
Second, ROAi,t denotes the return on assets of the stock and it is defined as the ratio of the
earnings before extraordinary items (Compustat variable IBQ) at the end of quarter t to the mean
of the total assets (Compustat variable ATQ) at the end of quarters t and t − 1. Lastly, RETi,t:t−4

denotes the past return on the stock and it is defined as the total return (CRSP variable RET)
from the end of quarter t − 4 to the end of quarter t (similarly as in Jegadeesh and Titman (1993),
the return over the last month in quarter t is excluded from the calculation and, in the case of
a delisting, the delisting return (CRSP variable DLRET), adjusted as in Shumway (1997) and
Shumway and Warther (1999), is included in it). Higher values of these (or similarly calculated)
variables have been found to predict higher stock returns.

We examine the stock return anomalies based on these variables because of several reasons.
First, these anomalies are consistent with the underreaction of stock prices to new information.
Second, they are some of the very few such anomalies that have been reproduced repeatedly in
the prior literature, even when using very recent data. Indeed, despite the abundance of claimed
anomalies in the US, the vast majority of them have been found to be either irreplicable or
irreproducible (see, e.g., Hou et al., 2020; Linnainmaa & Roberts, 2018).5 Finally, the calculation
of the variables above does not lead to great loss of data due to missing values on the necessary
CRSP and Compustat variables.

4Dechow et al. (2001) document that, from 1976 to 1993, more than 98% of the stocks listed on the NYSE and AMEX
had less than 5% of their outstanding shares sold short. Moreover, although investors can effectively take short positions
by using derivatives (e.g., futures and/or options), Koski and Pontiff (1999) report that around 80% of the US equity
mutual funds in their sample do not use such securities at all.
5Hou et al. (2020), for example, find that 65% of the 452 stock return anomalies that they analyze are not statistically
meaningful at the 5% level when using the standard critical t-value of ± 1.96. In addition, at the same level, when
compared to the critical t-value proposed by Harvey et al. (2016) of ± 2.78, which reflects an adjustment for multiple
testing, 82% of those anomalies are found to be statistically unimportant.
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3. Empirical Analyzes, Results and Potential Explanations

3.1. Sample, Descriptive Statistics and Correlations

In our analyzes, we use a sample of primary common stocks listed on the NYSE, AMEX and
NASDAQ from the end of the first quarter of 1980 to the end of the first quarter of 2019. As in
the prior literature (e.g., Fama & French, 2008; Hou et al., 2020; Nagel, 2005), these stocks are
required to have nonnegative book values of common equity. Moreover, since the stocks with
the smallest market capitalizations have been found to be highly influential when studying stock
return anomalies (see, e.g., Fama & French, 2008; Hou et al., 2020), following Nagel (2005), we
exclude the stocks in the bottom cross-sectional quintiles of Mi,t (which are determined using
the stocks listed only on the NYSE and AMEX). Finally, the stocks are required to have non-
missing values on InsIBSi,t, E/Pi,t, ROAi,t and RETi,t:t−4. Therefore, after imposing all of these
requirements, our final sample consists of 419,131 stock-quarter observations, covering a total
of 13,245 stocks over 157 quarters.

Table 1 presents descriptive statistics and correlations. In Panel A, the presented statistics are
the time-series means of the cross-sectional statistics. The mean stock has 135.13 institutional
investors, as can be seen from the mean of InsIBSi,t. The median of this variable, however, shows
that the median stock has a quite smaller institutional investor base, with 84.66 institutional
investors, meaning that InsIBSi,t is positively skewed.

Next, Panel B presents the means of InsIBSi,t over time and across stock exchanges and
industries, where the industries are determined using the first two digits of the Standard Indus-
trial Classification code. Regardless of their stock exchanges and industries, stocks’ institutional
investor bases seem to have increased during the last 40 years. Of course, this could be so simply
because of the increased number of institutional investors in the stock market over that period
(Lewellen, 2011; Sias et al., 2006). Across the stock exchanges, however, there are notable dif-
ferences between the means of the size of stocks’ institutional investor bases. For example, at the
end of 2000Q1, the means of InsIBSi,t among the stocks listed on the NYSE, AMEX and NAS-
DAQ are 163.45, 32.34 and 61.61, respectively. Although present, the variation in the means
of this variable across the four industries with the most stocks (i.e., the manufacturing, utility,
finance and service industries) seems to be much smaller.

Finally, Panel C presents Pearson correlations, where the presented correlations are the time-
series means of the cross-sectional correlations. These correlations reveal positive associations
between the size of the institutional investor bases of stocks and their market capitalizations and
institutional ownership. In particular, the correlations of InsIBSi,t with ln(Mi,t) and InsOWNi,t,
respectively, are 0.85 and 0.38. Stocks with larger institutional investor bases further have higher
earnings-to-price ratios (E/Pi,t), returns on assets (ROAi,t) and share turnover (TURNi,t). They
are also older (AGEi,t) and have lower idiosyncratic volatility of their past returns (IVOLi,t:t−4).

To explore the high correlation between InsIBSi,t and ln(Mi,t) in more detail, in Figure 1, we
plot these two variables against each other and, as expected, the relation between them appears
to be nonlinear. Specifically, the relation of the size of the institutional investor bases of stocks
with their market capitalizations seems to be exponential.

Lastly, the autocorrelations, which are untabulated for brevity, indicate that the size of a stock’s
institutional investor base is almost perfectly autocorrelated. In particular, the autocorrelation of
InsIBSi,t is 0.99. Thus, due to lack of variation in this variable in the time series for a given stock,
we focus on its relations with the other variables of our interest in the cross section of stocks.

3.2. Determinants of Institutional Investor Base Size

The correlations in Panel C of Table 1 are unconditional. Because of this and the fact that the
results from our analyzes ultimately depend on the ability of InsIBSi,t to serve as a good proxy
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Table 1. Descriptive statistics and correlations.

Panel A: Descriptive statistics

Variable Number of obs. Mean Standard deviation Minimum 25th percentile Median 75th percentile Maximum

InsIBSi,t 419,131 135.13 146.18 3.36 51.07 84.66 158.74 842.79
InsIBS-DEDi,t 406,028 2.29 2.82 0.00 0.27 1.46 3.09 13.95
InsIBS-TRAi,t 406,028 34.03 29.09 0.50 14.23 25.08 45.28 149.80
InsIBS-QIXi,t 406,028 92.34 107.92 1.97 32.93 54.89 104.19 631.93
E/Pi,t 419,131 0.01 0.04 − 0.20 0.00 0.01 0.02 0.09
ROAi,t 419,131 0.01 0.03 − 0.17 0.00 0.01 0.02 0.08
RETi,t:t−4 419,131 0.21 0.48 − 0.58 − 0.08 0.12 0.37 2.30
ACCi,t 369,933 − 0.01 0.04 − 0.20 − 0.03 − 0.01 0.00 0.13
Mi,t (in millions) 419,131 3,306.53 8,508.28 123.00 289.21 710.07 2,163.26 61,435.64
InsOWNi,t 419,131 0.50 0.23 0.01 0.34 0.52 0.67 0.96
InsOWN-DEDi,t 406,028 0.03 0.05 0.00 0.00 0.00 0.03 0.31
InsOWN-TRAi,t 406,028 0.12 0.09 0.00 0.05 0.10 0.16 0.41
InsOWN-QIXi,t 406,028 0.34 0.17 0.01 0.22 0.35 0.47 0.72
TURNi,t 419,131 0.29 0.26 0.02 0.12 0.22 0.38 1.43
BETAi,t:t−4 419,131 1.17 1.09 − 1.30 0.46 1.04 1.75 4.64
IVOLi,t:t−4 419,131 0.10 0.06 0.03 0.06 0.09 0.13 0.33
AGEi,t 419,131 18.52 16.52 1.17 6.65 13.77 24.55 73.80

Panel B: Means of InsIBSi,t over time and across stock exchanges and industries

Stock exchange Industry

Quartert NYSE AMEX NASDAQ Manufacturing Utility Finance Service Other

1980Q1 48.76 5.63 14.23 41.82 42.58 36.26 18.84 24.31
1985Q1 82.41 15.98 20.37 54.79 66.73 55.39 29.36 38.48
1990Q1 119.73 28.25 35.47 79.87 93.42 74.27 49.71 60.61
1995Q1 126.16 33.54 39.82 85.80 99.86 62.81 64.13 67.69
2000Q1 163.45 32.34 61.61 109.63 139.55 93.04 78.82 95.47
2005Q1 229.97 49.49 101.77 168.15 188.18 135.63 132.88 163.65
2010Q1 265.53 69.55 142.16 213.64 229.64 182.48 171.59 206.37
2015Q1 346.90 80.20 199.65 309.73 335.11 243.01 243.79 240.80
2019Q1 400.95 111.06 246.32 358.16 423.26 291.85 339.50 263.90

(Continued)
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Table 1. Continued.

Panel C: Pearson correlations

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13

1. InsIBSi,t
2. InsIBS-DEDi,t 0.84
3. InsIBS-TRAi,t 0.93 0.77
4. InsIBS-QIXi,t 1.00 0.84 0.90
5. E/Pi,t 0.12 0.08 0.13 0.12
6. ROAi,t 0.16 0.08 0.18 0.15 0.62
7. RETi,t:t−4 − 0.01 − 0.04 0.07 − 0.03 0.12 0.12
8. ACCi,t 0.01 0.00 − 0.01 0.01 0.19 0.17 − 0.00
9. ln(Mi,t) 0.85 0.72 0.86 0.84 0.15 0.20 0.05 0.01

10. InsOWNi,t 0.38 0.34 0.46 0.33 0.08 0.16 − 0.02 − 0.01 0.38
11. InsOWN-DEDi,t 0.07 0.28 0.05 0.06 − 0.02 − 0.02 − 0.05 − 0.01 0.09 0.29
12. InsOWN-TRAi,t 0.14 0.09 0.35 0.08 0.02 0.09 0.16 − 0.02 0.16 0.64 − 0.01
13. InsOWN-QIXi,t 0.41 0.34 0.44 0.40 0.11 0.18 − 0.10 − 0.01 0.39 0.87 0.04 0.34
14. TURNi,t 0.13 0.09 0.28 0.10 − 0.08 − 0.00 0.11 − 0.03 0.17 0.28 − 0.02 0.43 0.17
15. BETAi,t:t−4 − 0.05 − 0.04 0.01 − 0.06 − 0.11 − 0.07 0.04 − 0.03 − 0.06 0.04 − 0.00 0.13 0.00
16. IVOLi,t:t−4 − 0.31 − 0.27 − 0.25 − 0.33 − 0.29 − 0.27 0.16 − 0.07 − 0.37 − 0.18 − 0.05 0.08 − 0.28
17. ln(AGEi,t) 0.38 0.33 0.32 0.39 0.13 0.12 − 0.05 0.04 0.37 0.17 0.06 − 0.08 0.26

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of 2019Q1. In Panel A (C), the presented statistics (correlations) are
the time-series means of the cross-sectional statistics (correlations). All variables are winsorized at their cross-sectional 1st and 99th percentiles. The variable definitions are presented
in the Appendix.



10 S. Anchev and N. Lapanan

Figure 1. Scatterplot of institutional investor base size against market capitalization.

for the size of the complete investor bases of stocks, before proceeding further, it is important to
investigate the construct validity of this variable with more rigor. The results from our analyzes
of the determinants of the size of stocks’ institutional investor bases are presented in Table 2.

All models present the results from estimating Fama-MacBeth regressions (as in Fama and
MacBeth (1973)). These models are first estimated at the end of each quarter. The presented
coefficients are then the time-series means of the estimated coefficients. The t-statistics (pre-
sented in parentheses) are based on the time series of the estimated coefficients and they are
calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorre-
lation with a maximum lag order of four quarters. Since InsIBSi,t is bounded by zero and skewed,
the dependent variable in all of the models is ln(1 + InsIBSi,t).

In light of the potentially nonlinear relation of InsIBSi,t with ln(Mi,t), Model 1 includes this
variable and its squared term as independent variables. While the coefficient on the former is
positive, the one on the latter is negative, indicating a concave relation between the size of the
institutional investor bases of stocks and their market capitalizations. Such relation, however,
does not appear in Model 2, in which InsOWNi,t is included as well. That is, in this model, the
coefficients on both ln(Mi,t) and its squared term are positive, which is an additional indication
that the relation between this variable and InsIBSi,t is truly exponential. Moreover, the positive
coefficient on InsOWNi,t is another signal that the size of the institutional investor bases of stocks
is positively related to their institutional ownership. All of these relations continue to appear
when adding TURNi,t in Model 3 and several other variables in Models 4 and 5. The results from
these models suggest that, on average, stocks with larger institutional investor bases also have
higher share turnover (TURNi,t). Additionally, these stocks have higher earnings-to-price ratios
(E/Pi,t) and market betas (BETAi,t:t−4), and they are older (AGEi,t). In contrast, such stocks have
lower past returns (RETi,t:t−4) and lower idiosyncratic volatility of their past returns (IVOLi,t:t−4).
All of these results are statistically reliable at the 5% level.

Further, considering the variation in InsIBSi,t across stock exchanges, it should be noted that
all of the models in Table 2 include stock exchange fixed effects. As can be seen from Model 5,
adding industry fixed effects has a small impact on the results. Irrespective of the fixed effects
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Table 2. Determinants of institutional investor base size.

Dependent variable: ln(1 + InsIBSi,t)

Independent variable 1 2 3 4 5

ln(Mi,t) 0.73 0.20 0.21 0.22 0.22
(12.70) (2.19) (2.38) (2.44) (2.40)

ln(Mi,t)
2 − 0.01 0.02 0.02 0.02 0.02

( − 3.73) (3.27) (3.48) (3.04) (3.03)
InsOWNi,t 1.84 1.81 1.75 1.77

(15.61) (14.81) (14.55) (14.01)
TURNi,t 0.14 0.27 0.27

(3.44) (4.52) (4.60)
E/Pi,t 0.40 0.42

(2.30) (2.91)
ROAi,t 0.20 0.19

(1.46) (1.30)
RETi,t:t−4 − 0.12 − 0.12

( − 7.73) ( − 7.60)
BETAi,t:t−4 0.02 0.02

(3.65) (5.31)
IVOLi,t:t−4 − 0.30 − 0.27

( − 1.98) ( − 1.76)
ln(AGEi,t) 0.08 0.07

(14.34) (12.81)
Constant 0.01 0.55 0.55 0.46 0.54

(0.11) (3.15) (3.26) (2.73) (3.70)
Additional control variables No No No No No
Stock exchange/Industry fixed effects Yes/No Yes/No Yes/No Yes/No Yes/Yes
Number of quarters 157 157 157 157 157
Number of observations 419,131 419,131 419,131 419,131 419,092
Mean adjusted R2 (in percent) 69.51 82.76 82.96 84.16 84.56

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of
2019Q1. All models are first estimated at the end of each quarter. The presented coefficients are then the time-series
means of the estimated coefficients. The t-statistics (presented in parentheses) are based on the time series of the esti-
mated coefficients and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an
autocorrelation with a maximum lag order of four quarters. The variable definitions are presented in the Appendix.

used, however, most of the variation in InsIBSi,t seems to be explained by Mi,t and InsOWNi,t.
Specifically, while the mean adjusted R2 of Model 2 is 82.76%, those of Models 3–5 are just
around 1–2% higher. Despite these high mean adjusted R2s, however, the results in Table 2
should be interpreted with caution because they could reflect only associations of InsIBSi,t with
the other variables. Undoubtedly, an empirical investigation that would be more informative
of the causal relations between these variables requires a more rigorous consideration of their
presumably endogenous nature, especially with respect to the potential reverse causality between
them. Nonetheless, the results seem quite sensible. Therefore, we believe that InsIBSi,t does serve
as a good proxy for the size of stocks’ complete investor bases.

3.3. Raw Returns

Two methodological approaches for identifying patterns in the cross section of stock returns have
been commonly used in the prior literature. The first approach involves examining the returns on
long-short portfolios of stocks, formed by first sorting stocks into quantiles on the basis of their
characteristics and then by simultaneously taking long and short positions in the stocks from the
extreme quantiles. In contrast, the second approach involves studying the returns on individual
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stocks, by estimating Fama-MacBeth regressions. Since each of these approaches has its own
advantages and disadvantages, in our analyzes, we use both of them.

Namely, following Hong et al. (2000) and Nagel (2005), we use sorts, implemented with the
residuals from estimating Fama-MacBeth regressions. In particular, instead of using InsIBSi,t as
the primary sorting variable, our main analyzes exploit the residuals from Model 2 in Table 2.
The variable containing these residuals is denoted InsIBSr2

i,t .
This approach is chosen due to several reasons. First, given the relations of Mi,t and InsOWNi,t

with InsIBSi,t, we cannot simply sort stocks on the basis of this variable. In fact, doing so would
be largely equivalent to sorting on the basis of Mi,t and InsOWNi,t, both of which have already
been found to be helpful in explaining stock return anomalies because of other underlying mech-
anisms than the one studied here (see, e.g., Griffin & Lemmon, 2002; Nagel, 2005). In contrast,
by removing the effects of these variables on InsIBSi,t through the Fama-MacBeth regressions,
our approach enables us to use the part of this variable that is unrelated to Mi,t and InsOWNi,t.
Second, because of the use of sorts, this approach does not impose any functional forms on the
relations between InsIBSi,t and the other variables of our interest. Lastly, our approach allows
us to control for a relatively large number of variables simultaneously, which is usually impos-
sible by using only sorts because forming stock portfolios with a sufficient number of stocks is
ordinarily feasible by sorting them on the basis of two to three of their characteristics at a time.

Before we move on to our analyzes of the stock portfolio returns, it is important to explore
the effectiveness of our approach in more detail. Hence, Panel A in Table 3 presents the means
of InsIBSi,t, Mi,t and InsOWNi,t across the quintiles of InsIBSr2

i,t . In this panel, at the end of each
quarter, the stocks are first sorted into quintiles on the basis of InsIBSr2

i,t . The presented means
are then the time-series means of the cross-sectional means, which are calculated at the end of
each quarter and for each of the quintiles of InsIBSr2

i,t .
From the bottom to the top quintile of InsIBSr2

i,t , the means of InsIBSi,t increase almost mono-
tonically, from 88.24 to 145.36, or by nearly 65%. Although there is some variation in the means
of Mi,t and InsOWNi,t across all of the quintiles of InsIBSr2

i,t , this variation is considerably smaller
than the variation in these variables across all of the stocks in our sample (see Panel A in Table 1).
More importantly, across the extreme quintiles of InsIBSr2

i,t , the variation in the means of Mi,t is
almost nonexistent and the variation in the means of InsOWNi,t is quite small (and indeed much
smaller than that in the means of InsIBSi,t). Interestingly, the mean of InsOWNi,t is somewhat
higher in the bottom quintile of InsIBSr2

i,t than in its top quintile. Nevertheless, across these quin-
tiles, the results suggest that our approach is effective in preserving a substantial variation in the
size of the institutional investor bases of stocks, while holding their market capitalizations and
institutional ownership fairly constant.

Further, the Pearson correlations of InsIBSr2
i,t with the other variables used in our analyzes are

presented in Panel B. In this panel, the presented correlations are the time-series means of the
cross-sectional correlations. These correlations indicate that, apart from the dependent variable in
Model 2 of Table 2 (i.e., ln(1 + InsIBSi,t)), InsIBSr2

i,t is not particularly related to any of the other
variables. Most importantly, the residual size of the institutional investor bases of stocks seems
to be completely unrelated to their market capitalizations and institutional ownership. Indeed,
the correlations of InsIBSr2

i,t with both ln(Mi,t) and InsOWNi,t are almost exactly zero.
Finally, Panel C presents the raw quarterly stock portfolio returns based on the quintiles of

InsIBSr2
i,t and E/Pi,t, ROAi,t and RETi,t:t−4, respectively. Here, at the end of each quarter, the

stocks are first sorted into quintiles on the basis of InsIBSr2
i,t . The stocks in each of these quin-

tiles are then sorted into quintiles on the basis of E/Pi,t, ROAi,t and RETi,t:t−4, respectively.
Lastly, portfolios of stocks are formed on the basis of each of these quintiles and the quin-
tiles of InsIBSr2

i,t , and the equal-weighted total raw returns over the next quarter on these and the
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Table 3. Raw quarterly portfolio returns.

Panel A: Means across quintiles of InsIBSr2
i,t

InsIBSr2
i,t

Variable 1 2 3 4 5

InsIBSi,t 88.24 137.73 150.29 154.06 145.36
Mi,t (in millions) 2,760.84 3,743.03 3,719.25 3,561.15 2,748.02
InsOWNi,t 0.50 0.57 0.54 0.49 0.41

Panel B: Pearson correlations

Variable InsIBSi,t ln(1 + InsIBSi,t) E/Pi,t ROAi,t RETi,t:t−4 ln(Mi,t) InsOWNi,t TURNi,t BETAi,t:t−4 IVOLi,t:t−4 ln(AGEi,t)

InsIBSr2
i,t 0.16 0.41 − 0.00 0.00 − 0.12 − 0.00 0.00 0.05 0.05 − 0.02 0.14

Panel C: Raw quarterly portfolio returns based on quintiles of InsIBSr2
i,t and E/Pi,t, ROAi,t and RETi,t:t−4, respectively

InsIBSr2
i,t

E/Pi,t 1 2 3 4 5 1 − 5

1 3.21 3.49 3.97 4.88 6.05 − 2.84
2 3.05 3.72 3.71 3.96 4.65 − 1.60
3 3.90 3.82 3.76 4.05 4.77 − 0.87
4 4.20 4.25 4.58 4.53 5.08 − 0.88
5 5.44 5.21 5.55 5.60 5.94 − 0.50
5 − 1 2.23 1.72 1.59 0.72 − 0.11 2.34

(2.55) (2.34) (2.14) (0.83) ( − 0.12) (2.76)
Standard deviation 8.74 7.58 7.86 9.85 12.00 8.92
Mean number of stocks 191.71 201.97 202.87 201.68 196.78 388.49

(Continued)
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Table 3. Continued.

InsIBSr2
i,t

ROAi,t 1 2 3 4 5 1 − 5

1 3.28 3.61 4.04 4.93 5.65 − 2.37
2 3.76 3.93 4.19 4.35 5.20 − 1.44
3 4.18 3.83 4.31 4.31 5.17 − 1.00
4 3.85 4.30 4.25 4.59 5.15 − 1.30
5 4.77 4.81 4.75 4.86 5.27 − 0.50
5 − 1 1.49 1.19 0.71 − 0.07 − 0.38 1.88

(2.36) (2.28) (1.30) ( − 0.10) ( − 0.44) (2.47)
Standard deviation 7.05 6.57 6.44 8.96 10.81 8.86
Mean number of stocks 191.41 202.76 203.30 202.21 197.90 389.31

RETi,t:t−4

1 2.70 3.28 3.70 4.28 5.69 − 3.00
2 3.64 3.56 4.20 4.33 5.42 − 1.79
3 4.10 3.94 4.17 4.49 5.24 − 1.15
4 4.49 4.33 4.40 4.70 4.80 − 0.31
5 5.05 5.43 5.14 5.26 5.33 − 0.28
5 − 1 2.35 2.14 1.45 0.98 − 0.36 2.72

(2.60) (2.46) (1.74) (1.17) ( − 0.31) (2.58)
Standard deviation 10.29 9.24 8.84 9.12 13.32 11.01
Mean number of stocks 190.30 201.75 203.03 202.09 197.77 388.07

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of 2019Q1. In Panel A, at the end of each quarter, these stocks are first
sorted into quintiles on the basis of InsIBSr2

i,t . The presented means are then the time-series means of the cross-sectional means, which are calculated at the end of each quarter and for
each of the quintiles of InsIBSr2

i,t . In Panel B, the presented correlations are the time-series means of the cross-sectional correlations. In Panel C, at the end of each quarter, the stocks
are first sorted into quintiles on the basis of InsIBSr2

i,t . The stocks in each of these quintiles are then sorted into quintiles on the basis of E/Pi,t , ROAi,t and RETi,t:t−4, respectively.
Finally, portfolios of stocks are formed on the basis of each of these quintiles and the quintiles of InsIBSr2

i,t , and the equal-weighted total raw returns over the next quarter on these and
the long-short portfolios are calculated. The presented returns (in percent) are the time-series means of these portfolio returns. The t-statistics (presented in parentheses) are based on
the time series of the portfolio returns and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a maximum lag order of
four quarters. The variable definitions are presented in the Appendix.
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long-short portfolios are calculated.6 The presented returns (in percent) are the time-series means
of these portfolio returns. The t-statistics (presented in parentheses) are based on the time series
of the portfolio returns and they are calculated using Newey-West standard errors, adjusted for
heteroskedasticity and an autocorrelation with a maximum lag order of four quarters.

For the trading strategy based on E/Pi,t, the results show that, among the stocks in the bottom
quintile of InsIBSr2

i,t , while the raw quarterly return on the portfolio of the stocks in the bottom
quintile of E/Pi,t is 3.21%, the one on the portfolio of the stocks in the top quintile of this variable
is 5.44%. The differential between these returns, which is the return on the long-short portfolio, is
2.23% (t-statistic = 2.55). More importantly, from the bottom to the top quintile of InsIBSr2

i,t , this
return monotonically decreases. Actually, among the stocks in the top quintile of InsIBSr2

i,t , the
return is not even positive; it is − 0.11% (t-statistic = − 0.12). Hence, the differential between
these returns is 2.34% (t-statistic = 2.76). Around 84% (= {[−0.87 − (−2.84)]/2.34} × 100)
of it arises on the short side (i.e., among the stocks in the bottom quintile of E/Pi,t; in this
calculation, as a benchmark, we use the − 0.87% return differential between the portfolios in the
middle quintile of E/Pi,t, since they are neutral in terms of this variable).

Next, among the stocks in the bottom quintile of InsIBSr2
i,t , the raw quarterly long-short port-

folio return when the strategy is based on ROAi,t is 1.49% (t-statistic = 2.36). As before, this
return monotonically decreases from the bottom to the top quintile of InsIBSr2

i,t and, among the
stocks in the latter quintile, the return is negative (i.e., it is − 0.38% (t-statistic = − 0.44)).
Thus, the differential between these returns is 1.88% (t-statistic = 2.47). The short side provides
approximately 73% (= {[−1.00 − (−2.37)]/1.88} × 100) of it.

Finally, if the strategy is based on RETi,t:t−4, the raw quarterly return on the long-short portfo-
lio among the stocks in the bottom quintile of InsIBSr2

i,t is 2.35% (t-statistic = 2.60). However,
from the bottom to the top quintile of InsIBSr2

i,t , this return again monotonically decreases. It
is also negative among the stocks in the latter quintile. Specifically, among these stocks, the
return is − 0.36% (t-statistic = − 0.31). Therefore, the differential between these returns is
2.72% (t-statistic = 2.58). About 68% (= {[−1.15 − (−3.00)]/2.72} × 100) of it comes from
the short side.

Overall, the results in Panel C of Table 3 indicate that the stock return anomalies based on
stocks’ earnings-to-price ratios, returns on assets and past returns are statistically and economi-
cally notable only among stocks with smaller residual institutional investor bases. As such, these
results support our prediction that those anomalies arise and persist mostly among stocks with
smaller investor bases. Hence, insofar as such stocks are neglected stocks, the results are consis-
tent with the hypothesis that the incomplete dissemination of information across investors helps
in explaining the occurrence and the persistence of the anomalies.

In particular, they could arise and persist because the assumption in the CAPM that all
investors know about and follow all of the available securities is significantly violated in reality.
This could be so if investors face fixed costs of information acquisition (Merton, 1987) and/or
if their attention is constrained (Peng & Xiong, 2006). In spite of the specific restriction(s) on
the behavior of investors, unlike in the CAPM, all of the available information about all of the
available securities would not be instantaneously disseminated across all investors, which means

6Several issues about the formation of these stock portfolios and the calculation of their returns are important to note.
First, among the stocks in a given quintile of InsIBSr2

i,t , the long-short portfolios are formed by simultaneously taking
long and short positions in the stocks from the top and the bottom quintiles, respectively, of E/Pi,t , ROAi,t and RETi,t:t−4.
Second, the number of stocks across all of the portfolios is nearly identical. Specifically, on average, each portfolio
contains roughly 100 stocks, which implies that each long-short portfolio contains approximately 200 stocks. Finally,
because equal-weighted portfolio returns can be significantly influenced by the returns on the stocks with the smallest
market capitalizations, it is worth reiterating that these stocks, which are quite numerous but economically less relevant
(Hou et al., 2020), are excluded from our analyzes.
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that they would have to take their positions while having incomplete information. Under these
conditions, it is possible for the prices of neglected stocks to underreact to both positive and neg-
ative information, in the sense that they can increase less than they should when there is positive
information and they can decrease less than they should when there is negative information. As
a result, these stocks can be mispriced (i.e., their prices can deviate from their true values) for
an extended period of time, which could be the reason why their returns seem to be predictable
with stock characteristics other than market beta.

For a more complete understanding of this explanation for our results, two aspects of it are
important to keep in mind. First, as explained in Hong and Stein (2007), for stock prices to be
affected by the incomplete dissemination of information across investors, their costs of obtain-
ing information and/or their limited attention are insufficient. Indeed, what is also required is
that investors are unsophisticated in another, more subtle way. Namely, when trading, investors
should not fully consider that they can be at an information disadvantage (i.e., they should not
infer the correct information from the trades of others). Second, as pointed out in Merton (1987),
if some investors do not know about and do not follow a certain stock, then the disclosure of
any information concerning that stock is unlikely to cause those investors to take positions in
it. Thus, our explanation is pertinent to both public and private information as well as to stock-,
firm-, industry- and market-specific information.

Furthermore, the results in Panel C of Table 3 show that the effect of the residual size of stocks’
institutional investor bases on the stock return anomalies is concentrated almost entirely on the
short side of the trading strategies (i.e., among the seemingly overpriced stocks from the bottom
quintiles of the anomaly variables). Hence, by using only the stocks in the bottom quintiles of
E/Pi,t, ROAi,t and RETi,t:t−4, investors could earn even higher returns than the return differentials
presented above by simply taking long positions in the stocks from the top quintile of InsIBSr2

i,t
and short positions in the stocks from the bottom quintile of this variable. The raw quarterly
return on each respective strategy would then be 2.84% (untabulated t-statistic = 3.24), 2.37%
(untabulated t-statistic = 3.01) and 3.00% (untabulated t-statistic = 3.35). Importantly, these
returns would be earned after controlling not only for Mi,t and InsOWNi,t, but also for E/Pi,t,
ROAi,t and RETi,t:t−4, respectively.

Nonetheless, these results suggest that the underreaction to negative information of the prices
of neglected stocks is greater than their underreaction to positive information, which is intuitively
sensible in a theory based on the incomplete dissemination of information across investors.
Specifically, for various reasons, such as their compensation and/or reputation, managers could
prefer their firms’ stock prices to be higher rather than lower. In that case, it seems plausible that
they would have weaker incentives for disseminating negative information than for disseminat-
ing positive information (Kothari et al., 2009), which means that they are likely to expend less
of their resources, such as time and/or effort, on the former than on the latter. Managers could do
so, for example, by reducing their voluntary disclosures and/or their financial media presence.
Thus, under these conditions, negative information can be disseminated across investors more
incompletely than positive information.

3.4. Risk-Adjusted Returns

One alternative explanation for the patterns in Panel C of Table 3 could be that stocks with
smaller residual institutional investor bases are riskier stocks. Hence, in Table 4, we check if the
same patterns continue to appear among the risk-adjusted quarterly stock portfolio returns.

In this table, at the end of each quarter, the formation of the long-short portfolios and the calcu-
lation of their raw quarterly returns are the same as in Panel C of Table 3. However, the presented
returns (in percent) are the alphas from estimating the CAPM, the three-factor model of Fama
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Table 4. Risk-adjusted quarterly portfolio returns.

CAPM alpha FF3 alpha PS4 alpha

InsIBSr2
i,t InsIBSr2

i,t InsIBSr2
i,t

E/Pi,t 1 5 1 − 5 1 5 1 − 5 1 5 1 − 5

1 − 0.86 1.31 − 2.16 − 0.53 1.60 − 2.13 − 0.55 1.57 − 2.12
5 2.38 2.71 − 0.32 1.96 2.16 − 0.20 1.89 2.14 − 0.25
5 − 1 3.24 1.40 1.84 2.49 0.56 1.93 2.44 0.57 1.87

(4.01) (1.65) (2.40) (3.45) (0.91) (2.68) (3.71) (0.94) (2.94)

ROAi,t

1 − 0.74 0.98 − 1.73 − 0.36 1.35 − 1.71 − 0.42 1.32 − 1.74
5 1.24 1.66 − 0.42 1.57 1.83 − 0.26 1.55 1.85 − 0.30
5 − 1 1.98 0.68 1.31 1.93 0.48 1.45 1.97 0.53 1.44

(3.21) (0.89) (1.92) (2.98) (0.71) (2.33) (2.95) (0.77) (2.28)

RETi,t:t−4

1 − 0.95 1.16 − 2.11 − 1.18 1.25 − 2.43 − 1.22 1.34 − 2.56
5 1.18 1.54 − 0.36 1.87 1.80 0.06 1.71 1.73 − 0.03
5 − 1 2.13 0.38 1.76 3.05 0.56 2.49 2.93 0.39 2.54

(2.43) (0.37) (1.65) (3.49) (0.54) (2.84) (3.45) (0.35) (2.82)

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of
2019Q1. At the end of each quarter, these stocks are first sorted into quintiles on the basis of InsIBSr2

i,t . The stocks in
each of these quintiles are then sorted into quintiles on the basis of E/Pi,t , ROAi,t and RETi,t:t−4, respectively. Finally,
portfolios of stocks are formed on the basis of each of these quintiles and the quintiles of InsIBSr2

i,t , and the equal-
weighted total raw returns over the next quarter on these and the long-short portfolios are calculated. The presented
returns (in percent) are the alphas from estimating the CAPM, FF3 and PS4 models with the time series of these portfolio
returns. The t-statistics (presented in parentheses) are based on the time series of the portfolio returns and they are
calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a maximum
lag order of four quarters. The variable definitions are presented in the Appendix.

and French (1993) (denoted FF3) and the four-factor model of Pástor and Stambaugh (2003)
(denoted PS4), where all models are estimated with the time series of those portfolio returns.7

The t-statistics (presented in parentheses) are based on the time series of the portfolio returns
and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and
an autocorrelation with a maximum lag order of four quarters.

Almost all of the long-short portfolio return differentials are positive and statistically dis-
cernible at the 5% level, which indicates that the premiums on our trading strategies are reliably
higher among stocks with smaller InsIBSr2

i,t . For instance, when the strategy is based on E/Pi,t,
among the stocks in the bottom quintile of InsIBSr2

i,t , the quarterly FF3 alpha of the long-short
portfolio is 2.49% (t-statistic = 3.45). As before, from the bottom to the top quintile of InsIBSr2

i,t ,
this alpha monotonically decreases and, among the stocks in the latter quintile, it is 0.56% (t-
statistic = 0.91). Thus, the differential between these alphas is 1.93% (t-statistic = 2.68). Nearly
all of the other premium differentials and their t-statistics, including those for the strategies based
on ROAi,t and RETi,t:t−4, are of a similar magnitude. Overall, the results in Table 4 suggest
that the stock return anomalies that appear among stocks with smaller investor bases remain
unexplained by the exposures of these stocks to the market, size, value and liquidity factors.

7When estimating these models, the returns on the one-month US treasury bill (RFt) and the market (MKTRFt), size
(SMBt) and value (HMLt) factors are obtained from the personal website of Kenneth R. French, whereas the returns on
the liquidity factor (LIQt) are obtained from the personal website of Ľuboš Pástor.
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3.5. Transaction Costs

Stocks with smaller residual institutional investor bases could also be stocks with higher
transaction costs, especially when it comes to short selling. Miller (1977) hypothesizes that the
prices of such stocks reflect mostly the positive opinions of optimistic investors who can and do
take long positions, but they do not reflect the negative opinions of pessimistic investors who
cannot and do not take short positions. If this is true, then these stocks should be principally
overpriced (i.e., their prices should underreact mainly to negative information) and their returns
should be more predictable with other stock characteristics than market beta. Transaction costs
in general, however, and those of short selling in particular, have been found to be higher among
stocks with smaller market capitalizations and/or lower institutional ownership.

Indeed, many stock return anomalies have been found to be more pronounced among stocks
with smaller market capitalizations (see, e.g., Hou et al., 2020). Although the exact reason for this
finding is not entirely clear, a few of the various proposed reasons for it are related to explicit and
implicit transaction costs, both of which have been found to be higher among these stocks (see,
e.g., Lesmond et al., 1999; Stoll & Whaley, 1983). For this reason, it is important to remember
here that our results obtain after excluding the stocks with the smallest market capitalizations and
after controlling for Mi,t. Thus, inasmuch as the market capitalization of a certain stock is related
to the overall transaction costs of that stock, the effect of the residual size of the institutional
investor bases of stocks on the stock return anomalies seems to be distinct from the effects of
both of these other stock characteristics.

Further, while Duffie et al. (2002) suggest that institutional investors (especially those that
take larger long positions over a longer period, such as pension funds) are the main lenders of
shares, D’Avolio (2002) finds that the institutional ownership of US stocks explains most of
the cross-sectional variation in their supply of lendable shares. This indicates that the supply of
such shares is lower among stocks with lower institutional ownership, meaning that investors are
likely to find it more difficult to sell these stocks short. Considering this and the theory of Miller
(1977), Nagel (2005) proposes that an overpricing is more likely to arise among such stocks.
He additionally argues that, if a certain stock becomes overpriced and investors have difficulties
short-selling that stock, then the only way for the overpricing to disappear is for the investors
who own the stock to be sophisticated enough to first realize that it is overpriced and then to
sell some or all of their shares. Hence, since institutional investors are commonly presumed to
be more sophisticated than other investors (e.g., individuals), Nagel (2005) also suggests that an
overpricing is more likely to persist among stocks with lower institutional ownership. Consistent
with these predictions, he further provides empirical evidence that the predictability of stock
returns associated with stocks’ market-to-book ratios, share turnover, dispersion of analysts’
earnings forecasts and total volatility of past returns is more pronounced among such stocks.
More importantly, most of the variation in the stock return predictability based on these stock
characteristics is found to appear on the short side of the trading strategies, which is exactly
where the impediments to taking short positions would limit arbitrage.

Although they may seem similar, our results differ considerably from those of Nagel (2005).
First, they pertain to different stock return anomalies. Second, while all of the anomalies that we
investigate have been reproduced recently, except for the anomaly based on stocks’ market-to-
book ratios, the same cannot be said about the other anomalies studied by Nagel (2005). Third,
whereas he does not control for the size of the investor bases of stocks, our results emerge
after controlling for their institutional ownership (i.e., InsOWNi,t). Finally, and perhaps most
importantly, to the extent that the institutional ownership of a certain stock is related to the
transaction costs of short selling that stock, such costs seem to be lower (not higher) among stocks
with smaller residual institutional investor bases. That is, even though we control for InsOWNi,t,
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there is still some variation left in this variable across the quintiles of InsIBSr2
i,t (see Panel A

in Table 3). Intriguingly, however, the mean of InsOWNi,t is moderately higher in the bottom
quintile of InsIBSr2

i,t than in its top quintile, which indicates that the supply of lendable shares is
higher among stocks with smaller residual institutional investor bases. Therefore, among these
stocks, the short-sales constraints appear to be less severe, suggesting that our results are unlikely
to reflect the underlying mechanism discussed in Miller (1977) and Nagel (2005).

3.6. Persistence

In this section, we analyze the persistence of our results, by examining whether they continue to
appear over holding periods longer than one quarter. In particular, we repeat all of our analyzes
as in Tables 3 and 4, but now we also calculate the returns on the long-short stock portfolios over
the next two to four quarters after their formation. For brevity, Table 5 presents only the raw and
the risk-adjusted premium differentials over the different holding periods.8

Almost all of the premium differentials are positive and statistically meaningful at the 5%
level, which indicates that the premiums on our trading strategies are reliably and persistently
higher among stocks with smaller InsIBSr2

i,t . For instance, when the strategy is based on RETi,t:t−4,
among the stocks in the bottom quintile of InsIBSr2

i,t , the untabulated yearly FF3 alpha of the long-
short portfolio is 6.57% (t-statistic = 2.24). From the bottom to the top quintile of InsIBSr2

i,t ,
this alpha monotonically decreases and, among the stocks in the latter quintile, the alpha is not
even positive; it is − 2.84% (t-statistic = − 0.88). Hence, the differential between these alphas
is 9.41% (t-statistic = 3.01). Nearly all of the other yearly premium differentials and their t-
statistics, including those for the strategies based on E/Pi,t and ROAi,t, are similar in magnitude.
Therefore, the results in Table 5 suggest that the stock return anomalies that arise among stocks
with smaller investor bases persist for at least four quarters.

3.7. Seasonality

To explore our interpretation of the results further, in this section, we seek to investigate if they
vary with the amount of information in the market. If our results truly reflect the incomplete dis-
semination of information across investors due to their costs of obtaining information and/or their
limited attention, then it seems plausible that the constraints of this kind on investors’ behavior
would be more severe during periods when there is more information to be disseminated. In that
case, our results should be more pronounced during such periods.

Relative to the second and the third quarters, during the first and the fourth quarters of each
calendar year, the overall supply of information in the market is likely to be higher. Indeed,
almost all of the public information for a given calendar year is usually available toward the
end of the fourth quarter of that year. Moreover, because of this, around that time, the public
information that is not yet available is likely to be easier to estimate with relatively high precision.
In any case, the complete public information for a given calendar year is typically available by
the end of the first quarter of the following calendar year.9 Overall, therefore, as long as there are
these kinds of seasonal variations in the amount of information in the market, our results should

8In this table, the holding periods beyond one quarter are overlapping. Thus, for a holding period of q quarters, during
each quarter, the entire portfolio of each trading strategy consists of the portfolios formed at the end of each of the
previous q quarters. At the end of quarter t, however, apart from opening new positions, the strategies involve closing the
positions taken at the end of quarter t − q. Consequently, at the end of each quarter, while the weights allocated to 1/q of
the stocks in the entire portfolio of each strategy are revised, the weights allocated to the remaining stocks are the same
as those at the end of the prior quarter.
9It is important to note that the fiscal years of most firms in the US are equivalent to the calendar years and that the US
SEC has been requiring firms to disclose their 10-K forms within 60–90 days after their fiscal year-ends. While the fiscal
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Table 5. Raw and risk-adjusted premium differentials over different holding periods.

Holding period Raw CAPM FF3 PS4
(in quarters) return alpha alpha alpha

Strategy with E/Pi,t

1 2.34 1.84 1.93 1.87
(2.76) (2.40) (2.68) (2.94)

2 4.55 3.31 2.97 3.06
(2.92) (2.21) (2.21) (2.44)

3 6.69 4.89 4.09 4.12
(3.00) (2.35) (2.32) (2.43)

4 9.47 7.77 5.87 6.01
(3.10) (2.65) (2.52) (2.69)

Strategy with ROAi,t

1 1.88 1.31 1.45 1.44
(2.47) (1.92) (2.33) (2.28)

2 4.18 2.91 2.85 2.78
(2.92) (2.41) (2.56) (2.42)

3 6.31 4.90 4.86 5.03
(3.08) (3.08) (3.25) (2.99)

4 8.62 7.73 7.48 8.05
(3.41) (3.93) (3.79) (3.64)

Strategy with RETi,t:t−4

1 2.72 1.76 2.49 2.54
(2.58) (1.65) (2.84) (2.82)

2 5.71 3.60 5.02 4.41
(2.85) (2.16) (3.47) (3.31)

3 8.05 5.20 7.44 6.45
(2.79) (2.40) (3.20) (3.00)

4 10.64 6.81 9.41 7.54
(2.78) (2.56) (3.01) (2.76)

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of
2019Q1. At the end of each quarter, these stocks are first sorted into quintiles on the basis of InsIBSr2

i,t . The stocks in
each of these quintiles are then sorted into quintiles on the basis of E/Pi,t , ROAi,t and RETi,t:t−4, respectively. Finally,
portfolios of stocks are formed on the basis of each of these quintiles and the quintiles of InsIBSr2

i,t , and the equal-
weighted total raw returns over the next one to four quarters on these and the long-short portfolios are calculated. The
presented returns (in percent) are the E/Pi,t , ROAi,t and RETi,t:t−4 premium differentials (i.e., the differentials in the
long-short portfolio returns) between the stocks in the extreme quintiles of InsIBSr2

i,t , calculated as the time-series means
of the premium differentials and as the alphas from estimating the CAPM, FF3 and PS4 models with the time series of the
premium differentials. The t-statistics (presented in parentheses) are based on the time series of the premium differentials
and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a
maximum lag order of four quarters. The variable definitions are presented in the Appendix.

be more pronounced when the previously examined trading strategies are implemented at the end
of the first and the fourth calendar quarters.

As a test of this prediction, we repeat our analyzes as in Table 3, but instead of calculating the
time-series means of the long-short stock portfolio returns over all of the portfolio formation cal-
endar quarters, we now calculate their time-series means and medians for each of those quarters.
The raw quarterly premium differentials over the different portfolio formation calendar quarters
are presented in Table 6.

years of around 68% of the firms in our sample are equivalent to the calendar years, about 81% of these firms have their
fiscal year-ends during the first or the fourth calendar quarters.
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Table 6. Raw quarterly premium differentials over different portfolio formation calendar quarters.

Portfolio formation Mean Median Percentage of quarters
calendar quarter raw return raw return with positive raw returns

Strategy with E/Pi,t

1 1.70 2.08 58.97
2 1.40 0.17 51.28
3 1.79 − 0.13 48.72
4 4.47 3.79 71.79

Strategy with ROAi,t

1 1.90 1.46 58.97
2 1.11 0.05 51.28
3 1.45 0.59 56.41
4 3.05 3.53 66.67

Strategy with RETi,t:t−4

1 2.67 2.99 61.54
2 0.25 0.61 58.97
3 2.85 0.04 53.85
4 5.10 5.80 66.67

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of
2019Q1. At the end of each quarter, these stocks are first sorted into quintiles on the basis of InsIBSr2

i,t . The stocks in
each of these quintiles are then sorted into quintiles on the basis of E/Pi,t , ROAi,t and RETi,t:t−4, respectively. Finally,
portfolios of stocks are formed on the basis of each of these quintiles and the quintiles of InsIBSr2

i,t , and the equal-weighted
total raw returns over the next quarter on these and the long-short portfolios are calculated. The presented returns (in
percent) are the E/Pi,t , ROAi,t and RETi,t:t−4 premium differentials (i.e., the differentials in the long-short portfolio
returns) between the stocks in the extreme quintiles of InsIBSr2

i,t , calculated as the time-series means and medians of
the premium differentials for each portfolio formation calendar quarter. The variable definitions are presented in the
Appendix.

All of the premium differentials are cumulatively positive and much higher for the first and
the fourth portfolio formation quarters than for the other quarters, indicating that our trading
strategies earn considerably higher premiums among stocks with smaller InsIBSr2

i,t when they
are implemented at the end of those quarters. This implies that these premiums are almost
fully realized during the first two quarters. Although these findings are strongly supported by
both the mean and the median premium differentials, the latter seem to offer a much clearer
image. For example, when the strategy is based on E/Pi,t and implemented at the end of
the first and the fourth quarters, the median raw quarterly premium differentials are 2.08%
and 3.79%, respectively. Conversely, the corresponding premium differentials for the second
and the third quarters are substantially lower, 0.17% and − 0.13%, respectively. Apart from
these results, our analyzes reveal that, across all of the strategies, the premium differentials
are positive for 58.97–71.79% of the first and the fourth quarters. This, however, is the case
for 48.72–58.97% of the other quarters. Overall, the results in Table 6 agree with our pre-
diction regarding the seasonality of the stock return anomalies that appear among stocks with
smaller investor bases. As such, these results corroborate our interpretation of the main results
that they reflect an underlying mechanism related to the degree of information dissemination
across investors.

In contrast to this mechanism, one might wonder if our results could be driven by the seasonal
trading patterns of institutional investors. Probably due to tax and/or image considerations, these
investors have been found to sell more of their stocks with smaller market capitalizations (and
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lower past returns) during the fourth calendar quarter (see, e.g., Ng & Wang, 2004; Sikes, 2014).
Thus, at the end of that quarter, such stocks are likely to have particularly smaller institutional
investor bases (and lower institutional ownership), which means that they could dominate the
stocks in the bottom quintile of InsIBSr2

i,t at that time. There are several reasons why, however,
this is unlikely to be the case. First, since we control for Mi,t and InsOWNi,t, the market capi-
talizations and the institutional ownership of the stocks in the extreme quintiles of InsIBSr2

i,t are
roughly the same (see Panel A in Table 3). Second, as shown above, all of the trading strategies
earn considerably higher premiums among stocks with smaller InsIBSr2

i,t when they are imple-
mented not only at the end of the fourth quarter, but also at the end of the first quarter. Finally,
and perhaps most importantly, our results are not even consistent with the alternative explanation
of the kind discussed here. Indeed, under this explanation, the stocks that are the most sold by
institutional investors during the fourth quarter should be the ones that, at the end of that quarter,
end up not only in the bottom quintile of InsIBSr2

i,t , but also in the bottom quintiles of E/Pi,t,
ROAi,t and RETi,t:t−4, respectively. Hence, if the abnormal selling of these stocks disappears in
the first quarter, then, during that quarter, they should not underperform the stocks in the top
quintiles of any of these variables. For example, the strategy based on RETi,t:t−4 should have
produced results similar to those in Table 4 in Jegadeesh and Titman (1993), who find that the
momentum premium is reliably negative in January (and nonexistent in February and March).
Instead, our results suggest that, after controlling for the size of stocks’ investor bases, this pre-
mium exists reliably only among stocks with smaller investor bases, that it is actually positive
and that it is realized mainly during the first quarter. Overall, therefore, given that institutional
investors’ fourth-quarter trading has been one of the most commonly proposed explanations
for the so-called turn-of-the-year (or January) effect (see, e.g., Keim, 1983; Reinganum, 1983),
it is important to note that, while this investor behavior cannot explain our results, it seems
that the incomplete dissemination of information across investors could help in explaining the
turn-of-the-year effect.

3.8. Sample Subperiods

In this section, we examine whether our results differ over time. We do so because, given
the various technological developments during our sample period (e.g., in terms of comput-
ing power and/or the internet), it is likely that investors’ information acquisition costs have
decreased and/or that their attention has become less constrained over that period. If this is
indeed so, then the number of stocks that investors know about and follow could have increased
over time. Hence, it seems sensible to expect that any information would have been dissem-
inated across investors more incompletely during the earlier part of our sample period than
during its later part. Consequently, our results should be more pronounced over the first half of
that period.

To test this prediction, we repeat all of our analyzes as in Tables 3–5, but this time we split our
sample period into two almost equal subperiods, one from 1980Q1 to 1998Q4 and another one
from 1999Q1 to 2019Q1. Table 7 presents the raw and the risk-adjusted premium differentials
over the different holding periods and these subperiods.

With respect to the trading strategies based on E/Pi,t and ROAi,t, regardless of the hold-
ing period, nearly all of the premium differentials are positive and statistically important at
the 5% level during the period 1980Q1–1998Q4. This, however, is rarely the case over the
period 1999Q1–2019Q1. These results can be most clearly seen from the FF3 and the PS4
alphas. Hence, the premiums on those strategies seem to be reliably and persistently higher
among stocks with smaller InsIBSr2

i,t , but considerably more so during the earlier subperiod. Over
that period, when the strategy is based on ROAi,t, for instance, the untabulated three-quarter



Investor Base and Stock Return Anomalies 23

Table 7. Raw and risk-adjusted premium differentials over different holding and sample periods.

Panel A: 1980Q1–1998Q4 Panel B: 1999Q1–2019Q1

Holding period Raw CAPM FF3 PS4 Raw CAPM FF3 PS4
(in quarters) return alpha alpha alpha return alpha alpha alpha

Strategy with E/Pi,t

1 2.28 1.72 1.93 2.20 2.40 1.99 1.06 1.00
(4.06) (2.87) (4.02) (4.19) (1.55) (1.37) (0.98) (0.96)

2 3.89 2.45 2.32 3.40 5.18 4.18 2.07 2.03
(2.91) (1.86) (2.38) (3.16) (1.89) (1.56) (1.06) (1.03)

3 6.03 3.63 5.73 7.10 7.34 5.98 2.03 1.79
(2.90) (1.82) (3.18) (3.25) (1.88) (1.68) (0.91) (0.78)

4 7.90 5.09 6.80 9.20 11.02 9.89 1.54 1.18
(2.96) (2.14) (2.71) (3.19) (2.03) (2.01) (0.61) (0.44)

Strategy with ROAi,t

1 1.74 1.47 2.12 2.47 2.00 1.36 0.61 0.61
(2.45) (2.12) (3.37) (4.23) (1.52) (1.08) (0.61) (0.58)

2 3.54 3.04 3.57 4.74 4.80 3.31 1.62 1.52
(2.44) (2.37) (3.43) (4.53) (1.97) (1.41) (0.91) (0.78)

3 5.56 5.33 7.59 9.52 7.04 5.17 2.30 2.25
(2.56) (2.98) (4.01) (4.38) (2.04) (1.70) (0.97) (0.88)

4 7.58 8.52 11.33 13.97 9.66 7.96 1.84 2.14
(2.71) (3.85) (4.94) (5.05) (2.29) (2.15) (0.67) (0.73)

Strategy with RETi,t:t−4

1 0.54 − 0.19 0.78 0.94 4.79 3.79 3.70 3.88
(0.55) ( − 0.19) (0.79) (0.90) (2.98) (2.28) (2.92) (2.82)

2 1.40 − 0.09 2.46 2.03 9.87 7.55 7.02 6.88
(0.79) ( − 0.05) (1.17) (0.89) (3.20) (2.87) (3.84) (3.35)

3 2.67 2.09 6.50 7.74 13.29 9.33 7.71 6.63
(1.01) (0.86) (1.62) (1.76) (2.90) (2.64) (3.14) (2.74)

4 4.62 3.63 10.47 11.35 16.58 11.45 6.27 4.25
(1.26) (1.18) (2.05) (1.99) (2.71) (2.50) (1.78) (1.35)

Note: In Panel A (B), the sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1
(1999Q1) to the end of 1998Q4 (2019Q1). At the end of each quarter, these stocks are first sorted into quintiles on the
basis of InsIBSr2

i,t . The stocks in each of these quintiles are then sorted into quintiles on the basis of E/Pi,t , ROAi,t and
RETi,t:t−4, respectively. Finally, portfolios of stocks are formed on the basis of each of these quintiles and the quintiles of
InsIBSr2

i,t , and the equal-weighted total raw returns over the next one to four quarters on these and the long-short portfolios
are calculated. The presented returns (in percent) are the E/Pi,t , ROAi,t and RETi,t:t−4 premium differentials (i.e., the
differentials in the long-short portfolio returns) between the stocks in the extreme quintiles of InsIBSr2

i,t , calculated as the
time-series means of the premium differentials and as the alphas from estimating the CAPM, FF3 and PS4 models with
the time series of the premium differentials. The t-statistics (presented in parentheses) are based on the time series of the
premium differentials and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an
autocorrelation with a maximum lag order of four quarters. The variable definitions are presented in the Appendix.

FF3 alpha of the long-short portfolio among the stocks in the bottom quintile of InsIBSr2
i,t is

7.87% (t-statistic = 4.27). Yet again, this alpha monotonically decreases from the bottom
to the top quintile of InsIBSr2

i,t and, among the stocks in the latter quintile, it is 0.28% (t-
statistic = 0.14). Thus, the differential between these alphas is 7.59% (t-statistic = 4.01).
During the later subperiod, the corresponding alphas are 1.69% (t-statistic = 1.45) and − 0.60%
(t-statistic = − 0.26), and the differential between them is 2.30% (t-statistic = 0.97). For each
subperiod, the magnitudes of almost all of the other three-quarter premium differentials and their
t-statistics, including those for the strategy based on E/Pi,t, are similar.
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The premium differentials regarding the trading strategy based on RETi,t:t−4 are a bit less
straightforward because they are sensitive to the holding period and the risk adjustment used.
That is, over the period 1980Q1–1998Q4, when the holding period is one or two quarters, all of
the premiums among the stocks in the extreme quintiles of InsIBSr2

i,t are positive and statistically
reliable at the 5% level. Although nearly all of these premiums are higher among the stocks in
the bottom quintile of InsIBSr2

i,t than among the stocks in its top quintile, the differentials between
the premiums are not statistically notable. The major difference in these patterns when the hold-
ing period is three quarters is that the premiums are no longer statistically discernible among
the stocks in the top quintile of InsIBSr2

i,t . When the holding period is four quarters, however, the
familiar patterns begin to emerge again and they can be most clearly seen from the FF3 and the
PS4 alphas. For example, among the stocks in the bottom quintile of InsIBSr2

i,t , the untabulated
yearly FF3 alpha of the long-short portfolio is 5.91% (t-statistic = 2.48). From the bottom to
the top quintile of InsIBSr2

i,t , this alpha decreases and, among the stocks in the latter quintile, the
alpha is not even positive; it is − 4.56% (t-statistic = − 1.16). Hence, the differential between
these alphas is 10.47% (t-statistic = 2.05). The yearly PS4 alphas, the differential between them
and their t-statistics are of a similar magnitude.

During the period 1999Q1–2019Q1, nearly all of the premium differentials with regard to
the trading strategy based on RETi,t:t−4 are positive and statistically significant at the 5% level.
However, these results are not due to positive and statistically meaningful premiums among the
stocks in the bottom quintile of InsIBSr2

i,t . Indeed, although all of the premiums among these
stocks are still positive, none of them are statistically important. Instead, the results are driven
by the premiums among the stocks in the top quintile of InsIBSr2

i,t , almost all of which are con-
siderably negative and statistically unreliable. For instance, the untabulated three-quarter FF3
alphas of the long-short portfolios among the stocks in the bottom and the top quintiles of
InsIBSr2

i,t are 3.55% (t-statistic = 1.06) and − 4.16% (t-statistic = − 1.18), respectively, which
leads to the differential between these alphas of 7.71% (t-statistic = 3.14). In contrast to these
results, the premium differentials calculated as the yearly FF3 and PS4 alphas are still posi-
tive, but they are no longer statistically notable. For example, among the stocks in the bottom
and the top quintiles of InsIBSr2

i,t , the untabulated yearly FF3 alphas of the long-short portfolios
are 3.60% (t-statistic = 0.88) and − 2.67% (t-statistic = − 0.58), respectively, and the dif-
ferential between them is 6.27% (t-statistic = 1.78). Therefore, similar to the strategies based
on E/Pi,t and ROAi,t, the strategy based on RETi,t:t−4 seems to also earn reliable and persis-
tently higher premiums among stocks with smaller InsIBSr2

i,t , but significantly more so during
the earlier subperiod. Even though this inference is based solely on the yearly FF3 and PS4
alphas, it is important to note that, due to the overlapping holding periods and the potential
risk factors considered when calculating these alphas, the tests for them are likely to be the
most powerful.

Nevertheless, the demise of our results during the second half of the sample period could
reflect the finding in McLean and Pontiff (2016) that, among 97 stock return anomalies, the mean
anomaly is less pronounced after its original publication in the academic literature. The suggested
explanation for this finding is that investors first learn about a certain anomaly from the literature
and that they then trade to exploit that anomaly until it disappears. This, however, is unlikely to be
the case with the anomalies studied here, which were originally published from 1977 to 1996 and
for which a relatively large amount of data since then exist. Using these data, all of the anomalies
that we examine have indeed been reproduced recently (see Linnainmaa & Roberts, 2018), which
means that their economic and statistical significance has remained almost the same long after
their original publication. Overall, thus, the results in Table 7 support our prediction with respect
to the temporal variation in the statistical and the economic importance of the anomalies that
appear among stocks with smaller investor bases.
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3.9. Robustness Checks

3.9.1. Fama-MacBeth regressions
In this section, we seek to reproduce our results using Fama-MacBeth regressions, which
enable us to analyze the returns on individual stocks (as opposed to the returns on portfo-
lios of stocks). Therefore, for stock i at the end of quarter t, our dependent variable now is
RETi,t:t+q (in percent), where q ranges from one to four, meaning that we study stock returns
over periods of one to four quarters (without excluding any monthly returns). The independent
variables involve ln(1 + InsIBSi,t) and E/Pi,t, ROAi,t and RETi,t:t−4, respectively, as well as their
interaction terms. We also control for ln(Mi,t) and InsOWNi,t and their own interactions with
the three anomaly variables. Finally, the fixed effects of each stock exchange are controlled
for too.

Before proceeding further, it is important to note that the results from estimating Fama-
MacBeth regressions with multiple interaction terms can be quite sensitive to outliers. Thus,
since our independent variables do not have well-behaved cross-sectional distributions, we esti-
mate the regressions described above with the quintile ranks of those variables, which are
determined at the end of each quarter and transformed so that their values range from zero to one
(this transformation is performed before generating the interaction terms). The only exception
here is ln(1 + InsIBSi,t), which we use in its original form. We do so because of the high correla-
tion between this variable and ln(Mi,t), which makes their quintile ranks almost indistinguishable.
Table 8 presents the results from these analyzes.

All of the estimated coefficients on E/Pi,t, ROAi,t, RETi,t:t−4 and their interaction terms with
ln(1 + InsIBSi,t) are statistically important at the 5% level. However, while the former are all
positive, all of the latter are negative and smaller in magnitude. For instance, in Model 1, the
coefficient on E/Pi,t is 6.75 (t-statistic = 3.79), whereas the one on the interaction term of this
variable with ln(1 + InsIBSi,t) is − 1.96 (t-statistic = − 4.03). From the bottom part of the
table, we can see that the sum of these coefficients is also statistically different from zero at the
5% level (F-statistic = 6.75). Note, however, that this is no longer the case in Models 3 and
4. Notwithstanding, these results suggest that, on average, among the stocks with the smallest
market capitalizations and no institutional investors (for which ln(1 + InsIBSi,t), ln(Mi,t) and
InsOWNi,t are jointly equal to zero), the differential between the quarterly returns on the stocks
in the top and the bottom quintiles of E/Pi,t is 6.75%. Holding all else equal, a one unit increase
in ln(1 + InsIBSi,t) is decreasing this differential by 1.96%. Importantly, the results from all of
the other models are qualitatively the same. As such, they lend additional validity to our findings.

3.9.2. Types of institutional investors
Investors are likely to differ in terms of both their attention limitations and their information
acquisition costs. Consequently, some investors could, on average, obtain more information than
others. In turn, this could affect the incorporation of that information into the prices of stocks,
depending on the type of the investors that know about and follow them. Hence, in this section,
we explore if our results vary with the type of the institutional investor base size.

We do so by first estimating three different versions of Model 2 in Table 2, where InsIBSi,t

and InsOWNi,t are replaced by their variants (denoted with DED, TRA and QIX for dedicated,
transient and quasi-indexing institutional investors, respectively). These variables are calculated
using Bushee’s (1998) classification of institutional investors into those groups, which is avail-
able for the period from 1981 onward. We then repeat our analyzes as in Table 3, but now with
the residuals from these regressions. The results are presented in Table 9.

Irrespective of the type of the residual institutional investor base size, all of the long-short
portfolio return differentials for the trading strategies based on E/Pi,t and ROAi,t are positive
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Table 8. Fama-MacBeth regressions.

xi,t = E/Pi,t xi,t = ROAi,t xi,t = RETi,t:t−4

Dependent variable: RETi,t:t+q (in percent)

q = 1 q = 2 q = 3 q = 4 q = 1 q = 2 q = 3 q = 4 q = 1 q = 2 q = 3 q = 4

Independent variable 1 2 3 4 5 6 7 8 9 10 11 12

xi,t 6.75 11.91 13.79 16.31 6.75 12.48 15.25 18.24 5.78 9.83 11.28 12.74
(3.79) (3.26) (2.58) (2.28) (4.75) (4.19) (3.69) (3.44) (4.66) (3.79) (3.03) (2.77)

xi,t × ln(1 + InsIBSi,t) − 1.96 − 3.72 − 4.96 − 6.62 − 1.92 − 3.92 − 5.44 − 7.18 − 1.53 − 2.89 − 4.09 − 5.44
( − 4.03) ( − 3.65) ( − 3.49) ( − 3.50) ( − 3.94) ( − 3.73) ( − 3.58) ( − 3.54) ( − 3.45) ( − 3.07) ( − 2.86) ( − 2.98)

xi,t × ln(Mi,t) 6.94 13.26 18.83 25.45 6.26 12.40 17.63 23.43 3.23 6.31 9.98 14.14
(4.41) (4.68) (4.84) (4.94) (4.06) (4.01) (3.81) (3.78) (2.73) (2.79) (2.97) (3.22)

xi,t × InsOWNi,t − 0.84 − 1.13 − 0.59 0.95 − 1.12 − 1.33 − 0.83 0.40 1.59 3.69 6.60 8.92
( − 1.07) ( − 0.87) ( − 0.35) (0.46) ( − 1.83) ( − 1.22) ( − 0.53) (0.18) (2.78) (2.87) (2.94) (3.04)

ln(1 + InsIBSi,t) 1.73 3.35 4.78 6.57 1.64 3.34 4.86 6.66 1.59 2.94 4.16 5.63
(4.28) (3.98) (4.22) (4.54) (4.00) (3.81) (3.90) (4.12) (4.82) (4.30) (4.19) (4.33)

ln(Mi,t) − 8.98 − 17.64 − 26.10 − 35.47 − 8.52 − 16.98 − 25.02 − 33.72 − 7.46 − 14.45 − 21.44 − 28.99
( − 5.48) ( − 5.64) ( − 5.98) ( − 6.31) ( − 5.42) ( − 5.43) ( − 5.54) ( − 5.77) ( − 6.40) ( − 6.69) ( − 7.04) ( − 7.30)

InsOWNi,t 0.13 − 0.26 − 1.28 − 2.94 0.03 − 0.55 − 1.59 − 3.15 − 1.29 − 2.99 − 5.26 − 7.33
(0.22) ( − 0.25) ( − 0.92) ( − 1.69) (0.07) ( − 0.59) ( − 1.29) ( − 1.91) ( − 2.92) ( − 3.27) ( − 3.72) ( − 4.03)

Constant − 0.36 1.26 0.95 6.20 − 0.11 2.34 0.53 6.83 0.66 2.91 4.03 8.75
( − 0.34) (0.67) (0.37) (1.92) ( − 0.11) (1.72) (0.21) (2.65) (0.80) (1.99) (2.59) (3.25)

Additional control variables No No No No No No No No No No No No
Stock exchange/Industry fixed effects Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No Yes/No
Number of quarters 156 155 154 153 156 155 154 153 156 155 154 153
Number of observations 395,733 380,805 367,914 356,222 395,733 380,805 367,914 356,222 395,733 380,805 367,914 356,222
Mean adjusted R2 (in percent) 4.34 4.68 5.00 5.20 3.72 3.94 4.16 4.34 4.33 4.76 4.94 5.03

F-statistics for sum of estimated coefficients

xi,t + xi,t × ln(1 + InsIBSi,t) 6.75 4.66 2.54 1.72 10.31 7.35 4.97 3.80 10.41 6.31 3.26 2.18

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of 2019Q1. All models are first estimated at the end of each quarter. The
presented coefficients are then the time-series means of the estimated coefficients. The t-statistics (presented in parentheses) are based on the time series of the estimated coefficients
and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a maximum lag order of four quarters. The variable definitions
are presented in Section 3.9.1. and the Appendix.
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Table 9. Raw quarterly portfolio returns across different types of institutional investors.

InsIBS-DEDr2
i,t InsIBS-TRAr2

i,t InsIBS-QIXr2
i,t

E/Pi,t 1 5 1 − 5 1 5 1 − 5 1 5 1 − 5

1 2.74 5.86 − 3.12 2.99 6.75 − 3.76 3.63 5.93 − 2.30
5 5.28 5.46 − 0.18 5.39 6.02 − 0.63 5.25 5.46 − 0.20
5 − 1 2.54 − 0.40 2.94 2.40 − 0.73 3.13 1.62 − 0.47 2.09

(2.82) ( − 0.48) (4.70) (2.70) ( − 0.72) (3.62) (1.71) ( − 0.49) (2.38)

ROAi,t

1 2.78 5.71 − 2.93 3.09 6.48 − 3.38 3.57 5.60 − 2.03
5 4.46 4.64 − 0.18 4.74 5.35 − 0.61 5.00 4.86 0.14
5 − 1 1.68 − 1.07 2.75 1.65 − 1.13 2.77 1.43 − 0.74 2.17

(2.18) ( − 1.43) (4.11) (2.63) ( − 1.22) (3.54) (2.18) ( − 0.80) (2.77)

RETi,t:t−4

1 2.77 4.62 − 1.85 2.67 5.70 − 3.03 2.73 5.34 − 2.61
5 4.70 5.46 − 0.77 4.64 6.03 − 1.39 5.39 5.15 0.24
5 − 1 1.92 0.84 1.09 1.97 0.33 1.64 2.66 − 0.19 2.85

(1.80) (0.82) (1.60) (2.21) (0.25) (1.50) (2.73) ( − 0.16) (2.66)

t-statistics for equality of long-short portfolio return differentials

DED vs. TRA DED vs. QIX TRA vs. QIX

E/Pi,t − 0.25 1.01 2.00
ROAi,t − 0.03 0.69 1.08
RETi,t:t−4 − 0.63 − 2.12 − 1.86

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1981Q4 to the end of
2019Q1. At the end of each quarter, these stocks are first sorted into quintiles on the basis of the variants of InsIBSr2

i,t
(i.e., InsIBS-DEDr2

i,t , InsIBS-TRAr2
i,t and InsIBS-QIXr2

i,t ). The stocks in each of these quintiles are then sorted into quintiles
on the basis of E/Pi,t , ROAi,t and RETi,t:t−4, respectively. Finally, portfolios of stocks are formed on the basis of each
of these quintiles and the quintiles of the variants of InsIBSr2

i,t , and the equal-weighted total raw returns over the next
quarter on these and the long-short portfolios are calculated. The presented returns (in percent) are the time-series means
of these portfolio returns. The t-statistics (presented in parentheses) are based on the time series of the portfolio returns
and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a
maximum lag order of four quarters. The variable definitions are presented in the Appendix.

and statistically discernible at the 5% level. Regarding the strategy based on RETi,t:t−4, the
same can be said only about the one implemented with InsIBS-QIXr2

i,t , even though the famil-
iar patterns appear among the other types of institutional investors as well. Most importantly
here, the t-statistics for the tests of the equality between the long-short portfolio return dif-
ferentials (presented in the bottom part of the table) reveal no systematic patterns across the
different types of institutional investors. One explanation for these results could be that the insti-
tutional investor bases of stocks are dominated by quasi-indexing institutions and that the sizes
of all three types of the institutional investor bases are highly correlated (see Panels A and C
in Table 1).

3.9.3. Accrual anomaly
In this section, as a placebo test, we examine probably the best-known accounting-based stock
return anomaly—namely, the accrual anomaly of Sloan (1996)—which has been commonly
explained in the prior literature with the overreaction of stock prices to new information. If
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Table 10. Raw and risk-adjusted portfolio returns over different holding periods for the accrual anomaly.

Raw return CAPM alpha FF3 alpha PS4 alpha

InsIBSr2
i,t InsIBSr2

i,t InsIBSr2
i,t InsIBSr2

i,t

ACCi,t 1 5 5 − 1 1 5 5 − 1 1 5 5 − 1 1 5 5 − 1

Holding period: 1 quarter

1 4.94 6.72 1.78 1.19 2.38 1.18 1.52 2.66 1.14 1.34 2.48 1.14
5 3.66 4.66 1.00 0.08 0.81 0.74 0.17 0.86 0.68 0.18 0.83 0.65
1 − 5 1.28 2.06 0.78 1.12 1.56 0.44 1.35 1.80 0.46 1.16 1.65 0.49

(3.20) (4.70) (1.73) (2.93) (4.25) (1.05) (3.31) (5.14) (1.05) (2.78) (4.69) (1.15)

Holding period: 2 quarters

1 9.50 12.14 2.63 1.97 3.54 1.57 2.54 3.55 1.01 2.29 3.36 1.07
5 7.56 8.97 1.41 0.73 1.52 0.79 0.69 1.38 0.69 0.55 1.33 0.78
1 − 5 1.94 3.17 1.23 1.25 2.03 0.78 1.85 2.17 0.32 1.74 2.03 0.28

(2.48) (3.80) (1.27) (1.81) (3.31) (1.02) (2.29) (3.28) (0.43) (2.19) (3.11) (0.33)

Holding period: 3 quarters

1 14.29 17.83 3.54 2.96 5.07 2.11 3.34 4.53 1.19 2.83 4.28 1.44
5 11.73 13.70 1.97 1.66 2.58 0.92 1.34 1.95 0.62 1.06 1.80 0.74
1 − 5 2.56 4.13 1.57 1.30 2.49 1.19 2.01 2.58 0.57 1.78 2.47 0.70

(2.43) (3.30) (1.13) (1.41) (3.02) (1.33) (1.68) (3.04) (0.55) (1.65) (2.58) (0.66)

Holding period: 4 quarters

1 18.73 23.41 4.68 3.90 6.78 2.88 3.90 5.08 1.18 2.94 4.46 1.52
5 15.91 18.48 2.58 2.63 3.91 1.28 2.20 2.50 0.30 1.67 2.49 0.82
1 − 5 2.82 4.93 2.10 1.26 2.87 1.61 1.70 2.59 0.89 1.27 1.97 0.70

(2.51) (3.36) (1.32) (1.35) (2.75) (1.45) (1.40) (2.20) (0.79) (1.20) (1.55) (0.54)

Note: The sample contains stocks listed on the NYSE, AMEX and NASDAQ from the end of 1980Q1 to the end of
2019Q1. At the end of each quarter, these stocks are first sorted into quintiles on the basis of InsIBSr2

i,t . The stocks in each
of these quintiles are then sorted into quintiles on the basis of ACCi,t . Finally, portfolios of stocks are formed on the basis
of each of these quintiles and the quintiles of InsIBSr2

i,t , and the equal-weighted total raw returns over the next one to
four quarters on these and the long-short portfolios are calculated. The presented returns (in percent) are the time-series
means of these portfolio returns and the alphas from estimating the CAPM, FF3 and PS4 models with the time series
of the portfolio returns. The t-statistics (presented in parentheses) are based on the time series of the portfolio returns
and they are calculated using Newey-West standard errors, adjusted for heteroskedasticity and an autocorrelation with a
maximum lag order of four quarters. The variable definitions are presented in the Appendix.

this explanation is correct and if our results truly reflect the underreaction to new information
of the prices of stocks, then the size of their investor bases should not matter for this anomaly.
Indeed, there is no reason why the degree of overreaction to accruals would vary with the size of
stocks’ investor bases. It is hard to imagine that the prices of neglected stocks would overreact
more than the prices of well-known stocks. Likewise, in the presence of arbitrageurs, the prices
of the latter should not overreact more than the prices of the former.

To test this prediction, we again repeat all of our analyzes as in Tables 3–5, but this time with
the stocks’ accruals (i.e., ACCi,t) instead of E/Pi,t, ROAi,t and RETi,t:t−4. Table 10 presents the
results from these analyzes.

The accrual anomaly may seem to be more pronounced among the stocks in the top quintile of
InsIBSr2

i,t . In particular, among these stocks, except for the yearly PS4 alphas, all of the long-short
portfolio returns are statistically significant at the 5% level and they are higher than those among
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the stocks in the bottom quintile of this variable.10 In support of our prediction, however, none
of the differentials between these returns are statistically meaningful at that level.

3.9.4. Investor base size from 10-K forms
As already noted, the Compustat variable CSHR does contain data on the number of investors
in a given stock. These data, however, are not the best suited for addressing our research ques-
tion, for at least two reasons. First, they are obtained from firms’ 10-K forms, meaning that
CSHR is unavailable at a quarterly frequency. Second, in those forms, firms do not report the
number of investors who keep their shares in the accounts of their nominees, which means
that the data are incomplete and CSHR could identify the size of stocks’ investor bases with
a large error.

Nonetheless, in this section, we use this variable instead of InsIBSi,t. Specifically, we begin by
converting it from a yearly to a quarterly frequency, where, for stock i at the end of quarter t, the
new variable IBS-10Ki,t takes the values from the most recent fiscal year-end. We then estimate
a version of Model 2 in Table 2, as follows. First, we replace InsIBSi,t with IBS-10Ki,t (note
that the correlation of the two is 0.61). Second, we do not include the squared term of ln(Mi,t).
The reason for this is that, despite the correlation of 0.50 between ln(Mi,t) and IBS-10Ki,t, the
scatterplot of these two variables against each other, which is not presented for brevity, does
not reveal any nonlinearities between them. Third, we also exclude InsOWNi,t, since its corre-
lation with IBS-10Ki,t is only 0.04. Finally, we once again repeat our analyzes as in Tables 3
and 4, but now with the residuals from this model. The results from these analyzes, however,
which are presented in Table OA.1 in the Online Appendix, do not cast doubt on our previous
conclusions.

3.9.5. Controlling for share turnover
Despite all of the arguments in Section 3.5. that our results do not reflect an omitted variable
bias related to transaction costs, we do perform additional analyzes in which we seek to con-
trol for such costs more explicitly. Particularly, our goal is to control for the share turnover of
stocks, which has traditionally been thought of as being closely related to transaction costs (see,
e.g., Datar et al., 1998). In this section, hence, we yet again repeat all of our analyzes as in
Tables 3 and 4, but instead of using InsIBSr2

i,t , we now use the residuals from Model 3 in Table 2,
which includes TURNi,t as an independent variable. The variable containing these residuals is
denoted InsIBSr3

i,t . Table OA.2 in the Online Appendix presents the results from these analyzes. In
sum, these results suggest that the stock return anomalies that appear among stocks with smaller
investor bases continue to do so even after controlling for the share turnover of stocks. Therefore,
although we cannot conclusively rule out that transaction costs contribute toward our results, it
seems unlikely that they are driven by such costs.

10We thank the anonymous reviewer for pointing out that, in contrast to Sloan (1996), all of the alphas on the short side
of the trading strategies (i.e., among the stocks in the top quintile of ACCi,t) are positive. We trace this discrepancy to
our extended sample period, which is relevant here due to the findings in Green et al. (2011) that the accrual anomaly
has disappeared over time. Specifically, these authors find that the size-adjusted return to this anomaly has been 0.6%
(t-statistic = 4.5) during the period 1970/5–1995/12, 0.5% (t-statistic = 1.4) over the period 1996/1–2003/12 and
− 0.02% (t-statistic = − 1.0) for the period 2004/1–2010/3. Although statistically insignificant, note that the return
over the latest period is negative, meaning that the short side earns higher return than the long side. Thus, to ensure
that our alphas are not calculated incorrectly, we have recalculated them for the first half of our sample period (i.e.,
1980Q1–1998Q4). All of the alphas on the short side are then negative, which is reassuring and helps us to reconcile the
discrepancy with Sloan (1996).
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3.9.6. Other robustness checks
Without any major implications for our inferences, in the Online Appendix, we also show
that all our results continue to hold even after (1) including the stocks with the smallest
market capitalizations (see Table OA.3), (2) including the stocks with negative book val-
ues of common equity (see Table OA.4), and (3) adding Carhart’s (1997) momentum factor
(MOMt) to the FF3 and PS4 models in the trading strategies based on E/Pi,t and ROAi,t

(see Table OA.5).

4. Conclusion

In this paper, we provide empirical evidence that several well-documented underreaction-
consistent stock return anomalies, such as the valuation anomaly of Basu (1977), the profitability
anomaly of Haugen and Baker (1996) and the momentum anomaly of Jegadeesh and Tit-
man (1993), arise and persist only among stocks with smaller (institutional) investor bases,
which are presumably stocks that are neglected by investors. These results are driven by the short
side of our long-short trading strategies (i.e., by the seemingly overpriced stocks in the bottom
quintiles of the anomaly variables), they appear even after controlling for several stock char-
acteristics (e.g., market capitalization, institutional ownership and share turnover) and potential
risk factors, and they are considerably more pronounced during periods with more information
and/or less technology. Altogether, therefore, these findings are consistent with the hypothesis
that the incomplete dissemination of (negative) information across investors helps in explaining
the occurrence and the persistence of the aforementioned anomalies.

Considering the failure of several recent studies, such as those of Linnainmaa and Roberts
(2018) and Hou et al. (2020), to reproduce the vast majority of the stock return anomalies claimed
in the prior literature, it is important to note that our findings are unlikely to be statistical artifacts.
Indeed, the underreaction-consistent anomalies that we examine are chosen primarily because
they are some of the very few such anomalies that have been reproduced in these studies, even
with very recent data. Moreover, most of our results are statistically reliable at the 5% level even
when using the critical t-value suggested by Harvey et al. (2016) of ± 2.78, which is adjusted
for multiple testing. In fact, in some of our most restrictive tests, in Table 4, all of the PS4 alphas
of the long-short portfolios among the stocks in the bottom quintile of InsIBSr2

i,t and almost all of
the differentials between these alphas and those of the long-short portfolios among the stocks in
the top quintile of this variable have t-statistics of a greater magnitude. One explanation for the
cogency of these results could be that the choice of the main explanatory variable in this paper—
the size of stocks’ investor bases—is made on the basis of a fundamental theoretical model (i.e.,
the CAPM), not some empirical exercise.

Overall, apart from their implications for researchers (see Section 1), our findings have impli-
cations for both investors and firms. In particular, among stocks with smaller investor bases,
there still seem to be some arbitrage opportunities for investors, in the sense that they could
earn higher returns (at least before accounting for transaction costs) by taking long positions
in potentially underpriced stocks and short positions in potentially overpriced stocks. Note that
investors could do that at a presumably lower risk, since all of the raw quarterly long-short
portfolio returns among the stocks in the bottom quintile of InsIBSr2

i,t are around 3–4% less
volatile than those among the stocks in the top quintile of this variable (see the standard devi-
ations in Panel C of Table 3). In contrast, firms could prevent a possible mispricing of their
stocks by dedicating resources to the expansion of their investor bases. They could do so, for
example, by advertising their stocks in the financial media and/or by listing them on multiple
stock exchanges.
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Appendix: Variable Denotations and Definitions

For stock i at the end of quarter t, the variables are denoted and defined as follows:

(1) InsIBSi,t: number of institutional investors with long positions (Thomson Reuters variable)
at the end of quarter t. InsIBS-DED/TRA/QIXi,t are defined correspondingly, using the
number of dedicated, transient and quasi-indexing institutional investors (Brian J. Bushee’s
variables).

(2) E/Pi,t: ratio of the earnings before extraordinary items and after preferred dividends
(Compustat variable IBCOMQ) at the end of quarter t to Mi,t (see item 6).

(3) ROAi,t: ratio of the earnings before extraordinary items (Compustat variable IBQ) at the
end of quarter t to the mean of the total assets (Compustat variable ATQ) at the end of
quarters t and t − 1.

(4) RETi,t:t−4: total return (CRSP variable RET) from the end of quarter t − 4 to the end of quar-
ter t. Similarly as in Jegadeesh and Titman (1993), the return over the last month in quarter
t is excluded from the calculation and, in the case of a delisting, the delisting return (CRSP
variable DLRET), adjusted as in Shumway (1997) and Shumway and Warther (1999), is
included in it.
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(5) ACCi,t: ratio of the difference between the earnings before extraordinary items (Compustat
variable IBQ) at the end of quarter t and the operating cash flows before extraordinary
items (Compustat variable OANCFQ) at the end of quarter t to the mean of the total assets
(Compustat variable ATQ) at the end of quarters t and t−1.11

(6) Mi,t: product of the price (CRSP variable PRC) at the end of quarter t and the number of
outstanding shares (CRSP variable SHROUT) at the end of quarter t, both adjusted for splits
with the cumulative adjustment factors (CRSP variables CFACPR and CFACSHR).

(7) InsOWNi,t: ratio of the number of outstanding shares owned by institutional investors
(Thomson Reuters variable) at the end of quarter t to the total number of outstanding shares
(CRSP variable SHROUT) at the end of quarter t, both adjusted for splits with the cumula-
tive adjustment factor (CRSP variable CFACSHR). InsOWN-DED/TRA/QIXi,t are defined
correspondingly, using the number of outstanding shares owned by dedicated, transient and
quasi-indexing institutional investors (Brian J. Bushee’s variables).

(8) TURNi,t: ratio of the trading volume (CRSP variable VOL, divided by two if the stock is
listed on NASDAQ) in quarter t to the total number of outstanding shares (CRSP variable
SHROUT) at the end of quarter t, both adjusted for splits with the cumulative adjustment
factor (CRSP variable CFACSHR).

(9) BETAi,t:t−4: coefficient on the market factor from estimating the CAPM with the monthly
total returns on the stock (CRSP variable RET, adjusted as in item 4), the one-month
US treasury bill and the market factor (Kenneth R. French’s variables RF and MKTRF,
respectively) from the end of quarter t − 4 to the end of quarter t.

(10) IVOLi,t:t−4: standard deviation of the residuals from estimating the CAPM as in item 9.
(11) AGEi,t: number of calendar years from the starting date of the data from CRSP (CRSP

variable BEGDAT) to the end of quarter t.

11The operating cash flows before extraordinary items are calculated as the difference between the change in the yearly
cumulative operating cash flows (Compustat variable OANCFY) from the end of quarter t − 1 to the end of quarter t
and the extraordinary items (Compustat variable XIDOQ) at the end of quarter t. If missing, they are calculated as the
sum of the earnings before extraordinary items (Compustat variable IBQ) at the end of quarter t, the depreciation and
amortization (Compustat variable DPQ) at the end of quarter t and the change in the working capital (Compustat variable
WCAPQ) from the end of quarter t − 1 to the end of quarter t.
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