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I. Introduction
A long-standing interest of economists has been to understand why stock prices may

depart from their intrinsic value. The argument against such deviations is that any price
divergences from fundamentals should be exploited by sophisticated investors who seek to
generate profits. Mispricing is thus expected to vanish as rational investors act on these
discrepancies. However, if rational traders cannot fully exploit these profit opportunities,
mispricing will prevail, and there is substantial documentation of such pricing anomalies in
finance literature. In this paper, we investigate the sources of mispricing. Specifically, we
ask which actors exacerbate and attenuate mispricing, thus representing smart, dumb or
perhaps even dumber money.

To answer this question, we investigate the relationship between hedge funds, mutual
funds, retail investors and cross-sectional mispricing. The first part of our study replicates
the paper Smart Money, Dumb Money and Capital Market Anomalies by Akbas et al. (2015).
They show that mutual fund flows represent dumb money that exacerbate cross-sectional
mispricing, while hedge fund flows represent smart money that attenuate cross-sectional
mispricing. This effect is observed in US data between 1994 and 2012, by analyzing the
inter-temporal relationship between time series for capital flows and a mispricing metric.
Mispricing is measured using the set of anomalies presented by Stambaugh, Yu and Yuan
(2012). These anomalies are used to create portfolios that buy undervalued stocks and
sell overvalued stocks, thus generating positive returns when cross-sectional mispricing is
attenuated, and negative returns when mispricing is corrected.

We extend the study by Akbas et al. (2015) until present day to verify if the proposed
relationships between hedge fund flows, mutual fund flows and mispricing prevail. Fur-
thermore, we develop the findings by Akbas et al. (2015) by examining mispricing effects
caused by retail investors themselves. We argue that self-directed retail investor capital
flows are likely to capture investment decisions taken by naïve investors more precisely.
Retail investors play an increasingly important role in capital markets as retail investor
capital flows are increasing in size and scope – a development that calls for a better un-
derstanding of the implications of increasing stock market participation of these investors.
In 2018, there were as many as 2,857 retail broker-dealers in the US, managing 128 mil-
lion customer accounts (Securities and Exchange Commission (2018)). Behind each of these
accounts are individuals who are subject to misconceptions and psychological traps, such
as herding and exaggerated media responses (Dalbar (2015)). An intuitive conjecture is
that these characteristics are more likely to be prevalent among retail investors than mu-
tual fund managers. We therefore suggest that retail investor capital flows may potentially
represent even dumber money than mutual fund flows.

Further, retail investors may have a direct impact on stock prices, thus affecting the
efficiency of capital allocation. This effect is highly relevant for theoretical purposes, as we
can improve the understanding of sources to market inefficiencies. The topic is useful for
practical purposes as well, since policy makers may incorporate the findings in the process of
regulating equity markets. Democratization of markets is often expected to improve market
efficiency, but we investigate if retail investors might even destroy value by making financial
markets less efficient. Our paper contributes with insights regarding market efficiency and
the sources of cross-sectional mispricing by exploring three hypotheses:
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Hypothesis 1: Mutual fund flows exacerbate, and hedge fund flows attenuate cross-sectional
mispricing of stocks between 1994 and 2012
Hypothesis 2: Mutual fund flows exacerbate, and hedge fund flows attenuate cross-sectional
mispricing of stocks between 1994 and 2020
Hypothesis 3: Retail investor capital flows exacerbate cross-sectional mispricing of stocks

We base the core of our analysis on regressions, where we examine if mutual fund flows,
hedge fund flows and retail investor capital flows influence cross-sectional mispricing of
stocks, measures as the return of a portfolio with a long position in undervalued stocks and
a short position in overvalued stocks. From this analysis, we arrive at three main conclu-
sions: (i) mutual fund flows exacerbate aggregate mispricing, (ii) hedge fund flows attenuate
aggregate mispricing, but with a diminishing effect over time and (iii) retail investors in-
crease aggregate mispricing by buying overvalued stocks and selling undervalued stocks.
Thus, hedge fund flows represent smart money, mutual fund flows dumb money and retail
investor capital flows even dumber money – as retail investors act in contradiction to what
is generally seen as a good investment strategy. The fact that retail investors behave not
only suboptimally, but in a completely irrational manner, is a valuable indicator that more
research is needed to better understand how to design capital markets to improve financial
efficiency.

The rest of the paper proceeds as follows. The relevant literature is introduced in Section
II, followed by a description of the data and the methodology in Section III. Section IV
presents the results and Section V provides robustness checks and corroborative evidence.
Finally, Section VI concludes the paper.

II. Literature Review
Our paper extends the literature related to asset pricing and capital flows, where the

two closest studies are Akbas et al. (2015) and Stambaugh, Yu and Yuan (2012). Akbas et
al. (2015) investigate the effect of capital flows on cross-sectional mispricing, by using the
combined set of anomalies presented by Stambaugh, Yu and Yuan (2012). Several articles
have analyzed the effect of mutual funds and hedge funds on stock returns, such as Lou
(2012), demonstrating that mutual funds may herd and follow momentum strategies. This
behavior may have asset-pricing implications, leading stock prices to depart from intrinsic
value. As such, mutual fund flows are referred to as dumb money, which is a core theme of
our paper. Through our replication of Akbas et al. (2015), we strengthen their conclusions,
thereby giving further credibility to the empirical results. Moreover, the extension until
present day sheds light on how the proposed relationships have evolved over time, which is
of particular interest due to rapid changes in the structure of financial markets.

One distinction between Akbas et al. (2015) and our paper relates to the mispricing mea-
sures of eleven individual asset pricing anomalies. Akbas et al. (2015) aim to understand
the channels through which capital flows influence cross-sectional mispricing, which they
do by exploring the relationship between flows and the returns of each of the anomalies.
This feature is handled differently in our paper, as we incorporate the mutual conclusion
by Akbas et al. (2015) and Stambaugh, Yu and Yuan (2012) that the composite measure of
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the anomalies seems to be a better predictor of mispricing. We depict the relation between
hedge fund flows, mutual fund flows and the return of individual anomalies, but give em-
phasis to the aggregate mispricing portfolio when steering our focus toward retail investor
capital flows.

By using the group of anomalies from Stambaugh, Yu and Yuan (2012), we investigate
if the anomalies are equally relevant today. It is possible that changing characteristics –
of society in general, and the stock market in particular – could improve or harm market
efficiency. Digitalization, faster information flows and a more diverse investor base serve
as examples of trends that might have transformed mispricing for the individual anoma-
lies. We deliver corroborative evidence for their relevance, but do not investigate potential
strengths or weaknesses of the anomalies, nor suggest alternative measures of mispricing.
Moreover, our paper differs from the work of Stambaugh, Yu and Yuan (2012) as we analyze
the sources of mispricing rather than observing the mere effect. More specifically, Stam-
baugh, Yu and Yuan (2012) investigate the presence of cross-sectional mispricing in con-
junction with a broad sentiment index constructed by Baker and Wurgler (2006). Instead,
the main purpose of our paper is to analyze the direct impact of retail investor actions on
mispricing in the cross section of stocks.

We combine the mispricing theme from Stambaugh, Yu and Yuan (2012) with discoveries
by Kumar and Lee (2006), who find that retail investors tend to buy the same stocks at the
same time, thereby inducing price pressure on individual securities. We further hypothesize
that the stock price movements caused by retail investors may lead to mispricing. Thereby,
we extend the findings by Kumar and Lee (2006) as we introduce retail investor actions in
the setting of mispricing proposed by Stambaugh, Yu and Yuan (2012), since we argue that
dumber money plays an important role in equity markets.

A key difference between the paper by Kumar and Lee (2006) and ours is that they fo-
cus on behavioral patterns among retail investors, rather than aggregate retail investor
impact on asset prices. Thereby, we explain the net effect of retail investor activity on
cross-sectional mispricing, which enables us to analyze if retail investors on a general level
represent dumber money. There are no prior studies of the effect of self-directed retail in-
vestor capital flows on cross-sectional mispricing, which makes this dimension of our study
especially valuable. While our paper illustrates the relationship between capital flows and
mispricing, we do not attempt to explain the underlying reasons behind the actions of in-
vestors.

Altogether, our paper replicates Akbas et al. (2015) and extends their conclusions with
insights from Stambaugh, Yu and Yuan (2012) and Kumar and Lee (2006). By intertwining
these three perspectives, we build on previous, influential research and add an increasingly
relevant dimension: dumber money.

III. Data and Methodology
As we examine the underlying mechanism behind mispricing, we analyze the relation-

ship between hedge funds, mutual funds, retail investors and cross-sectional mispricing of
stocks by performing regressions. We use a set of well-documented anomalies as a proxy
for cross-sectional mispricing. Further, we collect US data to take advantage of the com-
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prehensive and reliable information accessible for this region, which enables more robust
inferences.

A. Variable Descriptions
In this section, we explain the variables used in our regressions. First, we explain how

we construct stock portfolios that aim to capture cross-sectional mispricing, which are our
dependent variables in the regressions. Thereafter, we outline the construction of our inde-
pendent variables, smart money, dumb money and dumber money, which are hypothesized
to be capital flows from hedge funds, mutual funds and retail investors. Lastly, we introduce
our control variables, which are included to account for risk and illiquidity.

A.1. Mispricing Measures

We measure mispricing following the method developed by Stambaugh, Yu and Yuan
(2012), which is used by Akbas et al. (2015) as well. By ranking all stocks in our dataset
according to eleven individual anomalies, we determine which stocks are most likely to be
overvalued and undervalued, respectively. Rankings are assigned each month, and if a stock
that is determined to be undervalued generates a positive return in the following month,
mispricing is attenuated. Likewise, if the return is negative, mispricing is exacerbated.

Next, all stocks are grouped into deciles based on their rankings, and the extreme deciles
are expected to include the most mispriced stocks. By doing this, a hedge portfolio that
buys undervalued stocks and sells overvalued stocks is formed. If the strategy correctly
captures cross-sectional mispricing, abnormal returns should indicate whether mispricing
is exacerbated or attenuated. We create this type of hedge strategy for each anomaly, which
enables an assessment of the relationship between capital flows and individual anomalies.

Moreover, Stambaugh, Yu and Yuan (2012) present an important finding; the individual
anomalies show weak correlations with each other, while simultaneously showing strong
correlations with the returns of an aggregate long-short portfolio based on the composite
rankings of the individual anomalies. This result implies that an aggregate mispricing met-
ric is likely to be a more adequate tool to distinguish overvalued and undervalued stocks, as
each anomaly seems to capture different aspects of mispricing. Taken together, this should
yield a more accurate measure of mispricing than the individual anomaly returns. We in-
vestigate this relationship in our empirical analysis. The aggregate portfolio is constructed
according to the same procedure as the individual anomalies, but the decile rankings are
now used to compute an equal-weighted aggregate score for each stock. Based on these
scores, we create new decile rankings used to construct the aggregate long-short portfolio.

The returns of the portfolios based on individual and aggregate anomalies should be in-
terpreted in the same way. During months when mispricing is attenuated, the long-short
portfolio produces positive returns. On the contrary, when mispricing is exacerbated, we
expect to see negative returns. To construct the anomalies, we use data from the Center for
Research in Security Prices (CRSP) and Compustat. The dataset includes stocks listed on
NYSE, Amex and NASDAQ. Details on the construction of the anomalies are provided in
Appendix A. Next, we describe the intuition behind the anomalies:
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Return on assets. Chen, Novy-Marx and Zhang (2011) show that stocks with higher past
return on assets earn abnormally higher future returns.

Ohlson O-score. Ohlson (1980) presents a static model that uses accounting data to deter-
mine the probability of bankruptcy. Stocks with a high O-score have a higher probability of
facing financial distress in the near future, resulting in lower subsequent returns.

Failure probability. The failure probability anomaly is based on a dynamic logit model
that explains the negative relationship between failure probability and future stock returns.
The model combines a group of equity market and accounting variables to retrieve the prob-
ability of distress. The model was developed by Campbell, Hilscher and Szilagyi (2008).

Gross profitability. Novy-Marx (2013) shows that profitability, measured as gross profit-
to-assets, is a predictor of the cross section of returns. He argues that gross profitability is
the cleanest measure of economic profitability, and that profitability measures become more
“polluted” further down the income statement. Stocks with high gross profitability have
higher subsequent returns.

Net stock issues. Ritter (1991) and Ritter and Loughran (1995) found that net stock is-
sues and stock returns are negatively correlated, as firm managers tend to issue shares
when sentiment-driven investors create upward price pressure on stocks.

Total accrual. Previous research establishes a negative relationship between accruals and
cash earnings, whereas firms with high accruals could be engaging in misrepresentative
accounting techniques. Sloan (1996) builds on this connection by demonstrating that stocks
of firms with low accruals produce higher future stock returns.

Composite equity issues. Daniel and Titman (2006) show that stocks of firms that issue
new equity underperform the stocks of firms that do not issue new equity, in line with the
findings of Ritter (1991) and Ritter and Loughran (1995).

Investment-to-assets. Titman, Wei and Xie (2004) find that high past investments predict
lower subsequent returns, as investors initially underreact to empire-building behavior and
overinvestment by firm managers.

Net operating assets. Hirshleifer, Hou, Teoh, and Zhang (2004) find that net operating
assets is negatively related to stock returns, as unsophisticated investors value accounting
profitability higher than cash conversion.

Asset growth. Cooper, Gulen and Schill (2008) conclude that higher asset growth is re-
lated to lower stock returns. This relationship is explained by investors’ overreaction to
asset expansions and leads to mispricing of growing firms, as investors erroneously expect
high-growth firms to perform better.
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Momentum. Jegadeesh and Titman (1993) present a momentum effect in the performance
of stocks, meaning that stocks tend to continue to move in the same direction as the histori-
cal trend. This trend can cause prices to deviate from fundamental value.

A.2. Capital Flows

To analyze the source of mispricing, we introduce proxies for smart money, dumb money
and dumber money. We use capital flows to hedge funds, mutual funds and retail investors
for this purpose, which are our independent variables. Since we use time series data, a
strong time trend is present in the capital flows since the amount of money invested has in-
creased markedly since the beginning of our analysis in 1994. The retail investor customer
segment has grown especially fast because of digitalization and increased availability. To
account for this effect, our monthly metrics are expressed as percentage changes rather than
in absolute amounts.

Hedge fund flows. Capital flows to equity hedge funds is our proxy for smart money.
The astuteness of the trades performed by hedge funds can be understood through the use
of sophisticated compensation schemes and the possibility for short-selling, as presented by
Jagannathan, Malakhov and Novikov (2010). These conditions are likely to result in more
informed investment decisions, as Boehmer, Jones and Zhang (2008) confirm that short in-
vestment decisions are generally well informed, and thereby contribute to efficient pricing.
To quantify the measure, aggregate hedge fund flow is computed as

HFFLOWt =
PN

i=1[HTN Ai,t °HTN Ai,t°1(1+HRETi,t)]
PN

i=1 HTN Ai,t°1
, (1)

where HTN Ai,t is total net assets for hedge fund i at time t, and HRETi,t is the monthly
return for hedge fund i at time t. We define t in months throughout the paper.

We collect hedge fund data from the Lipper Trading Advisor Selection System (TASS)
database, spanning from January 1994 until November 2020. The variables obtained are
total net assets and returns as well as fund characteristics, in order exclude funds that do
not primarily invest in US equities. The Lipper TASS database does not include dead funds
prior to 1994 and we have therefore excluded older data to avoid survivorship bias. To get a
representative sample for hedge funds primarily trading in US equities, we follow the selec-
tion methodology by Cao, Chen, Liang and Lo (2013). Hence, hedge funds in the categories
fixed income arbitrage, managed futures and emerging markets are excluded. We also ex-
clude fund-of-funds to avoid double counting. Furthermore, following common practice in
the literature, we only include funds with more than USD 10 million in average assets under
management. Consequently, our sample includes 275,715 monthly observations.

As noted by Fung and Hsieh (2000), there exists biases in hedge fund databases. These
biases are of less concern in our study as we look at aggregate fund flows rather than in-
dividual fund performance. On the other hand, reporting requirements are not fully stan-
dardized, which may lead to noise in the data. With this in mind, it is of utmost importance
to use high-quality data, and we therefore use Lipper TASS, which is considered the leading
provider of timely and comprehensive hedge fund information.
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Mutual fund flows. As a proxy for dumb money, we use capital flows to equity mutual
funds. Here, we follow Akbas et al. (2015), who argue that mutual fund flows capture the
actions of retail investors in financial markets. Retail investors are the main buyers of mu-
tual funds according to IMF (2014), and previous documentation demonstrates that mutual
fund flows affect mispricing. Sirri and Tufano (1998) show that individual investors allocate
their money disproportionately to mutual funds with high past performance, while failing
to sell funds with lower returns. Further, Frazzini and Lamont (2008) show that retail in-
vestors tend to allocate money to mutual funds that buy overvalued stocks. Mutual funds
that experience large capital inflows also tend to buy more of the stocks already held, which
creates upward price pressure, as concluded by Coval and Stafford (2007). Altogether, re-
search shows that retail investors affect stock prices by allocating capital to mutual funds,
whereby mutual fund flows should be a suitable proxy for dumb money. The aggregate
mutual fund flow measure is computed as

MFFLOWt =
PN

i=1[MTN Ai,t °MTN Ai,t°1(1+MRETi,t)]
PN

i=1 MTN Ai,t°1
, (2)

where MTN Ai,t is total net assets for mutual fund i at time t, and MRETi,t is the monthly
return, net of fees, for mutual fund i at time t.

Mutual fund flow data is collected from the CRSP Survivor-Bias-Free US Mutual Fund
Database. The variables obtained are total net assets and monthly returns for individual
mutual funds as well as their fund objectives. We use monthly data from 1994 until 2020 to
match the time frame used for the hedge fund flows. Moreover, in line with the method used
by Huang, Sialm and Zhang (2011), we only include actively managed mutual funds that
primarily invest in US equities and with more than USD 5 million in assets under manage-
ment in the previous month. This yields a sample of 2,318,496 monthly observations. For
more details on the funds included in our sample, see Appendix B.

Retail investor capital flows. Lastly, we use retail investor capital flows as a proxy for
dumber money. We argue that this is a cleaner measure of retail investor behavior, as indi-
viduals make their investment decisions independently instead of through an intermediary.
There are few established measures of direct retail investor actions in the stock market,
why we create a metric comparable to our proxies for smart money and dumb money. We
base the metric on retail investor capital flows to American stockbrokers, and the aggregate
measure is computed as

RIFLOWt =
PN

i=1 RNN Ai,t
PN

i=1 RTN Ai,t°1
, (3)

where RNN Ai,t is net new assets for stockbroker i at time t, and RTN Ai,t is total net as-
sets for stockbroker i at time t. Retail investor capital flow data is collected from monthly
reports on trading activity from Charles Schwab and E*TRADE. The reports from Charles
Schwab are retrieved from the US Securities and Exchange Commission’s Archive of histor-
ical EDGAR documents. The reports from E*TRADE are retrieved from their press release
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library. The sample covers the full time period where data is accessible, which is between
April 2008 and December 2020 for Charles Schwab and between April 2008 and August
2020 for E*TRADE.1 Data from other US brokerage firms is not publicly available.

A.3. Fama-French Three Factors

Our first three control variables are obtained from the three-factor model developed by
Fama and French (1993). The model is used to explain stock returns and includes the excess
return of the market, the size factor and the value factor. Although there is an ongoing
debate whether these three factors represent risk or mispricing – for example, as discussed
by Bloomfield and Michaely (2004) – the model is widely used to control for risk. The data
is accessed through Wharton Research Data Services (WRDS).

A.4. Market Illiquidity

Our last two control variables are used to account for the well-documented effect of liq-
uidity on stock prices. For example, Silber (1975) demonstrates that a thin market expe-
riences large changes in prices from small changes in supply or demand. Thus, we expect
the return of the long-short hedge strategy to be higher when the market is liquid, since
it is easier for investors to engage in price-correcting trades. Therefore, it is necessary to
control for this phenomenon in our regressions. There are plenty of measures of illiquidity,
such as the bid-ask spread used by Amihud and Mendelson (1986) and the dollar volume of
trading used by Brennan, Chordia and Subrahmanyam (1998). Amihud (2002) states that
it is unlikely that one single measure can be created to capture all facets of illiquidity and
we therefore use two different control variables to account for illiquidity, in line with Akbas
et al. (2015).

The first illiquidity measure is aggregate illiquidity, which is computed according to the
definition by Amihud (2002). Amihud (2002) defines illiquidity as the average ratio of the
daily absolute return to the daily trading volume of stocks. This is one of the most commonly
used proxies for illiquidity, and a high measure indicates a larger price impact of trade, and
should be associated with less correction of aggregate mispricing. To compute the metric,
we use daily data from CRSP. We exclude shares on other exchanges than NYSE, with
a share price lower than USD 5 in the previous month and with less than 200 days of
observations in the previous year. Furthermore, the highest and lowest percentiles each
month are excluded.

Our second measure of illiquidity is aggregate turnover. According to Barinov (2014),
finance literature has used turnover – specifically trading volume over shares outstand-
ing – as a proxy for illiquidity for a long time. Aggregate turnover captures that investors
can trade in stocks at low cost when turnover is high. In our paper, we use the illiquid-
ity turnover metric proposed by Datar, Naik and Radcliffe (1998), where trading volume is
divided by shares outstanding. When aggregate turnover is high, it is easier to trade and
thereby easier to correct mispricing. Thus, correction of mispricing should be more promi-
nent in months with high turnover. To compute aggregate turnover, we use monthly data

1 Since we compute the percentage change in retail investor capital flows, our regressions include 152
monthly observations, from May 2008 until December 2020.
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from CRSP. We only include stocks listed on NYSE and with a share price higher than USD
5 in the previous month.

Stocks listed on NYSE are analyzed in isolation for two reasons. Firstly, trading volume
is measured differently on NYSE and NASDAQ. NYSE functions as an auction market while
NASDAQ is a dealer market, using many competing market makers. Secondly, there are
differences in liquidity premiums between the exchanges and Reinganum (1990) finds that
NASDAQ has a liquidity advantage for smaller firms. Since NYSE is the largest stock
exchange with a more diverse list of traded companies, it is the appropriate choice for our
research purpose.

B. Statistical Model
We conduct our analysis by performing several regressions. Firstly, we use regressions to

assess the performance of the long-short portfolios as measures of cross-sectional mispricing.
We use the Fama-French three-factor model for this purpose, with the dependent variable
being the portfolio returns. The use of the Fama-French model sets a higher performance
hurdle for the portfolio returns compared to the capital asset pricing model by Sharpe (1964)
and Lintner (1965). This way, we can verify a more reliable set of anomalies. The first
regression equation looks as follows.

Rp,t =Æp +Ø1 £RMRFt +Ø2 £SMBt +Ø3 £HMLt +≤p,t (4)

A regression that results in a significant alpha indicates that the constructed portfolio strat-
egy captures mispricing. Once a mispricing metric is validated, we can use it to assess the
relationship between capital flows and mispricing, which is the second purpose of our use of
regressions.

We perform one type of regression to examine our first and second hypotheses, and an-
other regression to investigate our third hypothesis. The first two hypotheses aim to analyze
the relation between mutual fund flows and hedge fund flows and the portfolio returns of
individual and aggregate anomalies. The predictive power is controlled for by including the
market, size and value factors, as well as the illiquidity measures. Altogether, the regression
equation is stated below.

Rp,t =Æp +Ø1 £MFFLOWt +Ø2 £HFFLOWt +Ø3 £ AGGILLIQt +Ø4 £ AGGTURNt

+Ø5 £RMRFt +Ø6 £SMBt +Ø7 £HMLt +≤p,t (5)

To test our third hypothesis – that retail investor capital flows exacerbate mispricing –
we switch the independent variables to retail investor capital flows.

Rp,t =Æp +Ø1 £RIFLOWt +Ø2 £ AGGILLIQt +Ø3 £ AGGTURNt +Ø4 £RMRFt

+Ø5 £SMBt +Ø6 £HMLt +≤p,t (6)

As we use time series data in our regressions, there is a natural risk for heteroscedas-
ticity and autocorrelation in the error terms, which might lead to inaccurate predictions.
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For this reason, we test our data for heteroscedasticity by performing Breusch-Pagan tests
(Breusch and Pagan (1979)), which affirms that our residuals are heteroscedastic. We con-
tinue by examining whether our data shows signs of autocorrelation with Durbin-Watson
tests (Durbin and Watson (1950), Durbin and Watson (1951)), and find that autocorrelation
is present in our samples as well. The presence of heteroscedasticity and autocorrelation
calls for an adjustment to our model, why we use Newey-West standard errors to compute
the t-values throughout our empirical analysis.

IV. Results
This section presents the results of the empirical analysis conducted to test our hypothe-

ses. The analysis consists of three parts: (i) our replication of Akbas et al. (2015), testing
our first hypothesis, (ii) our extension until present day, testing our second hypothesis and
(iii) our investigation of retail investor capital flows, testing our third hypothesis.

A. Mutual Fund Flows Exacerbate, and Hedge Fund Flows Attenuate Cross-
sectional Mispricing of Stocks between 1994 and 2012

We begin by presenting characteristics of the key variables used to test the first hy-
pothesis, which are outlined in Table I. The univariate statistics of the long-short portfolio,
seen in Panel A, give an initial indication that our long-short portfolio is an accurate mea-
sure of mispricing, since the mean excess return is positive (1.52%). Looking at the long
leg separately, the portfolio performs as expected with an average monthly excess return
of 1.14%. Further, the short leg is expected to produce negative returns, since the stocks
held in this portfolio are determined to be overvalued. This prediction is confirmed as the
short portfolio has an average return that is even lower than the T-bill rate, with a negative
average monthly excess return (-0.38%). These results, together with the standard devia-
tion and the sample size, reveal that the return of the long-short strategy is significantly
different from zero, indicating that the portfolio successfully captures aggregate mispricing
by distinguishing over- and undervalued stocks.2

Next, we look at the correlations between our variables, which are presented in Panel
B of Table I. To begin with, we notice a positive correlation between mutual fund flows and
hedge fund flows (Ω = 0.187, p = 0.00). Even though this result is significant, the magni-
tude of the correlation is sufficiently low to allow for inter-temporal variation in the co-
movements of the two variables, where the sign of the correlation may vary from month to
month. This variation is important to enable meaningful interpretations of the results that
follow, as we can distinguish the effect that each variable has on the left-hand side of the
equation.

Moreover, mutual fund flows are significantly, negatively correlated with the long-short
portfolio (Ω = 0.239, p = 0.00), while hedge fund flows are positively correlated with the port-
folio (Ω = 0.088, p = 0.19). This gives a hint that our first hypothesis may be accurate in the
respect that mutual fund flows exacerbate mispricing and hedge fund flows attenuate mis-

2 The distributions of these variables are similar to those presented by Akbas et al. (2015), see Appendix E.

12



Ta
bl

e
I

Su
m

m
ar

y
St

at
is

ti
cs

,1
99

4-
20

12
Th

is
ta

bl
e

re
po

rt
s

un
iv

ar
ia

te
su

m
m

ar
y

st
at

is
ti

cs
fr

om
Ja

nu
ar

y
19

94
to

D
ec

em
be

r2
01

2
fo

ra
ll

va
ri

ab
le

s
us

ed
to

te
st

ou
rfi

rs
th

yp
ot

he
si

s.
Th

e
flo

w
va

ri
ab

le
s

ar
e

th
e

m
on

th
ly

m
ea

n
of

ag
gr

eg
at

e
eq

ui
ty

m
ut

ua
l

fu
nd

flo
w

s
(M

FF
LO

W
)

an
d

eq
ui

ty
he

dg
e

fu
nd

flo
w

s
(H

FF
LO

W
).

LO
N

G
an

d
SH

O
R

T
re

pr
es

en
t

th
e

m
on

th
ly

ex
ce

ss
re

tu
rn

se
ri

es
of

th
e

lo
ng

an
d

sh
or

t
le

g
in

th
e

m
is

pr
ic

in
g

m
et

ri
c

(L
-S

),
co

ns
tr

uc
te

d
fr

om
th

e
el

ev
en

an
om

al
ie

s
de

sc
ri

be
d

in
Se

ct
io

n
II

I.
C

on
tr

ol
va

ri
ab

le
s

ar
e

m
on

th
ly

ex
ce

ss
m

ar
ke

t
re

tu
rn

s
(R

M
R

F)
,

ag
gr

eg
at

e
ill

iq
ui

di
ty

(A
G

G
IL

LI
Q

),
ag

gr
eg

at
e

tu
rn

ov
er

(A
G

G
TU

R
N

),
th

e
va

lu
e

fa
ct

or
(H

M
L)

an
d

th
e

si
ze

fa
ct

or
(S

M
B

).
Pa

ne
lB

sh
ow

s
th

e
Pe

ar
so

n
pa

ir
w

is
e

co
rr

el
at

io
n

es
ti

m
at

es
.P

-v
al

ue
s

ar
e

lis
te

d
be

lo
w

ea
ch

es
ti

m
at

e.

Pa
ne

lA
:D

es
cr

ip
ti

ve
St

at
is

ti
cs

Va
ri

ab
le

N
M

ea
n

M
ed

ia
n

St
an

da
rd

de
vi

at
io

n
M

in
im

um
10

th
pe

rc
en

ti
le

25
th

pe
rc

en
ti

le
75

th
pe

rc
en

ti
le

90
th

pe
rc

en
ti

le
M

ax
im

um

M
FF

LO
W

22
8

0.
00

34
0.

00
32

0.
00

5
-0

.0
13

-0
.0

02
0.

00
0

0.
00

6
0.

01
0

0.
02

2
H

FF
LO

W
22

8
0.

00
50

0.
00

71
0.

01
7

-0
.1

08
-0

.0
11

-0
.0

03
0.

01
5

0.
02

2
0.

03
9

LO
N

G
22

8
0.

01
14

0.
01

70
0.

04
5

-0
.1

66
-0

.0
51

-0
.0

14
0.

04
1

0.
06

0
0.

13
4

SH
O

R
T

22
8

-0
.0

03
8

0.
00

41
0.

07
2

-0
.2

64
-0

.0
95

-0
.0

46
0.

04
2

0.
07

8
0.

23
4

L-
S

22
8

0.
01

52
0.

01
44

0.
04

0
-0

.1
59

-0
.0

25
-0

.0
03

0.
03

3
0.

05
7

0.
14

3
R

M
R

F
22

8
0.

00
52

0.
01

19
0.

04
6

-0
.1

72
-0

.0
56

-0
.0

22
0.

03
5

0.
06

1
0.

11
4

A
G

G
IL

LI
Q

22
8

0.
03

57
0.

03
41

0.
02

3
0.

00
7

0.
00

9
0.

01
3

0.
05

5
0.

06
7

0.
09

0
A

G
G

TU
R

N
22

8
0.

13
03

0.
11

29
0.

06
2

0.
05

2
0.

06
6

0.
07

5
0.

18
2

0.
21

9
0.

35
9

H
M

L
22

8
0.

00
27

0.
00

14
0.

03
2

-0
.1

11
-0

.0
32

-0
.0

15
0.

01
8

0.
03

6
0.

12
6

SM
B

22
8

0.
00

15
0.

00
05

0.
03

5
-0

.1
68

-0
.0

36
-0

.0
19

0.
02

1
0.

03
8

0.
21

2

Pa
ne

lB
:P

ai
rw

is
e

C
or

re
la

ti
on

s

Va
ri

ab
le

M
FF

LO
W

H
FF

LO
W

LO
N

G
SH

O
R

T
L-

S
R

M
R

F
A

G
G

IL
LI

Q
A

G
G

TU
R

N
H

M
L

H
FF

LO
W

0.
18

7
0.

00
LO

N
G

0.
34

3
0.

07
4

0.
00

0.
27

SH
O

R
T

0.
34

5
-0

.0
03

0.
86

8
0.

00
0.

96
0.

00
L-

S
-0

.2
39

0.
08

8
-0

.4
48

-0
.8

33
0.

00
0.

19
0.

00
0.

00
R

M
R

F
0.

35
4

0.
02

2
0.

88
7

0.
86

4
-0

.5
67

0.
00

0.
74

0.
00

0.
00

0.
00

A
G

G
IL

LI
Q

0.
36

7
-0

.0
53

-0
.0

30
-0

.1
43

0.
22

4
-0

.0
79

0.
00

0.
43

0.
65

0.
03

0.
00

0.
23

A
G

G
TU

R
N

-0
.5

01
-0

.2
84

-0
.0

92
0.

02
5

-0
.1

47
-0

.0
38

-0
.6

80
0.

00
0.

00
0.

17
0.

71
0.

03
0.

57
0.

00
H

M
L

-0
.0

40
0.

16
1

-0
.0

96
-0

.1
95

0.
24

4
-0

.1
70

0.
05

9
-0

.1
08

0.
55

0.
02

0.
15

0.
00

0.
00

0.
01

0.
38

0.
10

SM
B

0.
12

5
0.

01
5

0.
50

8
0.

53
6

-0
.3

99
0.

22
2

-0
.0

92
0.

03
7

-0
.3

48
0.

06
0.

83
0.

00
0.

00
0.

00
0.

00
0.

17
0.

57
0.

00

13



pricing. Further, our mispricing measure displays a significant negative correlation with the
excess return of the market (Ω =°0.567, p = 0.00) and the size factor (Ω =°0.399, p = 0.19),
suggesting that price-corrections tend to occur in bear markets and when large stocks out-
perform small stocks. Perhaps, bear markets force investors to identify mispriced stocks,
as they cannot rely on the overall rise of the market to generate returns. We also no-
tice a positive relation between the returns of the long-short portfolio and the value fac-
tor (Ω = 0.244, p = 0.00). When looking at market illiquidity, the hedge strategy is positively
correlated to aggregate illiquidity (Ω = 0.244, p = 0.00) and negatively correlated with aggre-
gate turnover (Ω =°0.147, p = 0.03). These relations suggest that mispricing is attenuated
when markets are less liquid. The results are somewhat surprising, as we would expect
price-correction to be more prominent when it is easier to trade.3 Nevertheless, we include
all five control variables in our regressions, as the correlations are significant.4

In Table II, we present the performance of the hedge portfolios that represent our mis-
pricing metrics. For completeness, the mean excess returns of the aggregate long-short
strategy and the long and short components are repeated on the left-hand side of Panel A,
together with the t-statistics. As mentioned, the returns of the long-short portfolio are sig-
nificantly different from zero (t = 4.97). On the right-hand side, we include the Fama-French
factors in the regressions, using the same dependent variables. The alphas are highly signif-
icant, indicating that the portfolios successfully capture aggregate mispricing. The economic
magnitude of the alphas further shows that most of the profits of the long-short portfolio are
attributable to the short leg (-1.18% versus 0.59%). The difference between the alphas im-
plies that overvalued stocks exhibit a higher degree of mispricing than undervalued stocks.

Further, we examine the returns of the long-short portfolios based on the individual
anomalies, which are illustrated in Panel B of Table II. We run the regressions together
with the same Fama-French factors but exclude these coefficients in the table for brevity.
All intercepts are positive and most of them are highly significant, which suggests that
most of the anomalies are good measures of cross-sectional mispricing.

Our results raise a question regarding why the portfolios generate abnormal returns. In
theory, sophisticated investors are expected to instantly seize any arbitrage opportunities,
reducing the alphas of our portfolios to zero. On the contrary, our findings reveal that cross-
sectional mispricing seems to persist over relatively long periods of time. As confirmed by
previous literature exploring limits to arbitrage, actions to correct mispricing may require
both risk-taking and capital. For example, Shleifer and Vishny (1997) demonstrate that
professional arbitrageurs avoid positions that are extremely volatile, and Abreu and Brun-
nermeier (2002) show that arbitrage trades are delayed because investors await the timing
of other arbitrageurs’ actions to minimize holding costs. These and other potential limits to
arbitrage are likely contributors to our results.

As we now have confirmed that our long-short portfolios successfully capture mispricing,
we continue by examining the relation between mispricing and capital flows. To begin with,
we assess this relationship using mispricing measures based on the individual anomalies,
which are depicted in Table III. Considering the first hypothesis, we anticipate mutual fund

3 Our results are consistent with those of Akbas et al. (2015).
4 The signs and the magnitudes of the mentioned correlations show no noteworthy differences from those

of Akbas et al. (2015), see Appendix E.
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flows to be negatively related to the returns of the long-short strategies, since we expect net
capital inflows to result in lower contemporaneous returns of the portfolios. As predicted,
all coefficients for mutual fund flows are negative and thus indicate that mutual fund flows
exacerbate cross-sectional mispricing across all eleven anomalies. Furthermore, we expect
hedge fund flows and the mispricing metrics to display the opposite relationship. This con-
jecture is supported as the majority of the coefficients for hedge fund flows are positive.
Most of the t-statistics for mutual fund flows and hedge fund flows are insignificant, but we
are not surprised by these results. While we would expect the positive relation between mu-
tual fund flows and mispricing to be unintentional, our hypothesis suggests that hedge fund
managers, representing smart money, should target mispriced stocks intentionally to gener-
ate profits. This type of trading requires a precise mispricing signal. We acknowledge that
there is a significant amount of noise in the individual anomaly returns, and hedge fund
managers should therefore incorporate a wide range of known anomalies in their trading
strategies, to achieve a higher risk-adjusted return.

To examine this conjecture, we compute Sharpe ratios for the long-short portfolios and
compare the ratio of the aggregate mispricing metric with the ratios of the individual anoma-
lies. We find that the Sharpe ratio is consistently higher for the aggregate measure, and the
results are highly significant for all portfolios except for one (see Appendix D). To incorpo-
rate these findings in our analysis, we rely on the aggregate portfolio to measure mispricing,
as it is reasonable to believe that hedge fund managers trade on composite signals, rather
than on individual anomalies.5 This approach to measure cross-sectional mispricing is fur-
ther supported by Stambaugh, Yu and Yuan (2012), who argue that an aggregate portfolio
constructed using several cross-sectional return predictors is a more precise measure, as
several dimensions of mispricing are captured in the metric. Also, the high level of noise in
the mispricing measures based on individual anomalies is diversified away. To incorporate
these findings, we continue by examining the relationship between aggregate mispricing
and capital flows.

In Table IV, we repeat the same type of regressions as in Table III, but we let the ag-
gregate measure of mispricing be the dependent variable. Here, our main focus is aimed at
the long-short portfolio, which is depicted in the first column of the table. We also present
the long and short legs of the strategy separately to allow for a more granular understand-
ing of potential drivers of mispricing. In the light of our first hypothesis, we would expect
mutual fund flows to be negatively related to the long-short portfolio returns. This is pre-
cisely what we observe in the first column of the table. The significantly negative coefficient
(°1.392, t =°3.69) suggests that mutual fund flows exacerbate aggregate mispricing in the
cross section. By aggregating the anomaly rankings in this way, we obtain a more precise
mispricing measure that enables robust inferences, compared to the regressions presented
in Table III. In addition, by examining the long and short legs separately, we can understand
whether mispricing is mainly affected through transactions in overvalued or undervalued
stocks. We find that mutual fund flows are significantly positively related to the short com-
ponent of the mispricing portfolio (1.056, t = 3.32), while the relation to the long leg is less
significant and notably smaller in magnitude. This relationship implies that mutual fund

5 Akbas et al. (2015) obtain similar results, where the majority of the coefficients for mutual fund flows are
negative, and the coefficents for hedge fund flows are mixed, see Appendix E.
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Table IV
Aggregate Mutual Fund Flows, Hedge Fund Flows and

Cross-sectional Mispricing, 1994-2012
This table shows the coefficients of time series regressions between January 1994 and
December 2012, with the return series of the long-short strategy (L-S), the long leg
(LONG) and the short leg (SHORT) as the dependent variables. The portfolios are con-
structed from the aggregate measure of eleven anomalies. The independent variables
are aggregate mutual fund flows (MFFLOW) and hedge fund flows (HFFLOW). Control
variables are aggregate illiquidity (AGGILLIQ), aggregate turnover (AGGTURN), the
excess return of the market (RMRF), the size factor (SMB) and the value factor (HML).

Rp,t =Æt+Ø1£MFFLOWt+Ø2£HFFLOWt+Ø3£AGGILLIQt+Ø4£AGGTURNt

+Ø5 £RMRFt +Ø6 £SMBt +Ø7 £HMLt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West
standard errors.

Mispricing Metric

Variable L-S LONG SHORT

MFFLOW -1.392 -0.336 1.056
-3.69 -1.74 3.32

HFFLOW 0.265 0.060 -0.204
2.15 0.77 -1.91

AGGILLIQ 0.310 0.112 -0.199
2.67 2.10 -2.05

AGGTURN -0.057 -0.022 0.035
-1.07 -1.00 0.87

RMRF -0.378 0.825 1.203
-4.81 25.71 20.21

HML 0.047 0.239 0.191
0.35 4.28 2.01

SMB -0.285 0.499 0.784
-4.84 9.30 7.50

Intercept 0.017 0.005 -0.012
1.66 1.28 -1.55

N 228 228 228
Adj. R2 0.443 0.919 0.880

flows primarily exacerbate mispricing of overvalued stocks, as the return of the short port-
folio is positive when capital flows of mutual funds enter the market, and vice versa. The
result is in line with findings by Miller (1977), who demonstrates that short-sale impedi-
ments limit investors’ ability to engage in price-correcting trades of overpriced stocks.

We now turn to smart money, for which the coefficients are provided in the second row
of Table IV. Hedge fund flows show a significantly positive relationship with the long-short
portfolio (0.265, t = 2.15), implying that hedge fund flows attenuate mispricing on an ag-
gregate level. Further, hedge fund flows are negatively related to the short leg, which im-
plies that the price-correction primarily occurs through short positions in overvalued stocks.
When comparing these results with the ambiguous signals of the individual anomalies, the
difference suggests that hedge fund flows are truly smart money. Hedge fund managers do
not trade on individual anomalies, but rather on the aggregate signal from all anomalies
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combined, as this strategy enables the highest risk-adjusted return.6

While not crucial for our main analysis, it is interesting to note that the economic mag-
nitude of the coefficient for mutual fund flows is large relative to that of hedge fund flows.
Thereby, it appears as if mutual fund flows have a more prominent effect on mispricing.
This difference is intuitive, as the assets under management of mutual funds have a greater
monetary value compared to those of hedge funds; the size of the mutual fund industry is
approximately 15 times larger than the hedge fund industry (Akbas et al. (2015)).

To conclude this section, the results corroborate our first hypothesis that mutual fund
flows exacerbate mispricing and hedge fund flows attenuate mispricing.

B. Mutual Fund Flows Exacerbate, and Hedge Fund Flows Attenuate Cross-
sectional Mispricing of Stocks between 1994 and 2020

We now continue by extending the empirical analysis presented above until 2020 to
investigate whether the relationships between fund flows and mispricing prevail.
We begin by looking at the correlations between the regression variables, presented in Table
V. While most of the correlation estimates essentially remain unchanged compared to the
period 1994 to 2012, a few key characteristics are worth pointing out. First of all, the
long-short portfolio is still significantly correlated with the market, size and value factors,
why we continue to control for these relations in the following regressions. Moreover, the
relationships with the illiquidity measures persist as well.

We continue by validating the mispricing metrics for the longer time period. As outlined
on the left-hand side of Panel A of Table VI, the mean return of the long-short strategy
is 1.04%, which is smaller than the previous return of 1.52%. However, the return is still
significantly positive (t = 4.02). The difference is primarily derived from a higher excess
return of the short leg (0.01% instead of -0.38%) as the returns of the long leg are close
to identical (1.16% versus 1.14%). More importantly, when controlling for the market, size
and value factors, the long-short portfolio generates a significantly positive alpha, which
is presented on the right-hand side of Panel A of Table VI. Both legs of the portfolio are
significantly different from zero, with an alpha of 0.52% for the long portfolio and -0.82% for
the short portfolio. These monthly returns imply that the portfolios continue to successfully
capture both undervalued and overvalued stocks over the extended timeframe.

While the portfolio returns of the individual anomalies are of less importance for our
main results, it is valuable to understand the constituents of the aggregate long-short port-
folio. As shown in Panel B of Table VI, we investigate the alphas of the long-short portfolios
based on the individual anomalies, using the Fama-French three-factor model. All alphas
continue to be significantly positive, except for two anomalies. The principal point is that
the anomalies still capture mispricing on an aggregate level.7

The main results of our second hypothesis are provided in Table VII, where we investi-
gate the relationship between the aggregate mispricing measure and fund flows. Recall that,

6 The results of the regressions allow us to draw the same conclusions as Akbas et al. (2015) regarding
mutual and hedge fund flows’ impact on aggregate mispricing, see Appendix E.

7 In untabulated tests, we investigate the relationship between capital flows and the individual anomalies
and obtain similar results as those presented in Panel B of Table III.
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Table VII
Aggregate Mutual Fund Flows, Hedge Fund Flows and

Cross-Sectional Mispricing, 1994-2020
This table is equivalent to Table IV, but covers the entire time frame from January
1994 to November 2020. The table shows the coefficients of time series regressions
with the return series of the long-short strategy (L-S), the long leg (LONG) and the
short leg (SHORT) as the dependent variables. The portfolios are constructed from
the aggregate measure of eleven anomalies. The independent variables are aggregate
mutual fund flows (MFFLOW) and aggregate hedge fund flows (HFFLOW). Control
variables are aggregate illiquidity (AGGILLIQ), aggregate turnover (AGGTURN), the
excess return of the market (RMRF), the size factor (SMB) and the value factor (HML).

Rp,t =Æt +Ø1 £MFFLOWt +Ø2 £HFFLOWt +Ø3 £ AGGILLIQt

+Ø4 £ AGGTURNt +Ø5 £RMRFt +Ø6 £SMBt +Ø7 £HMLt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West
standard errors.

Mispricing metric

Variable L-S LONG SHORT

MFFLOW -1.088 -0.187 0.901
-3.32 -0.95 3.05

HFFLOW 0.135 0.053 -0.082
1.07 0.90 -0.73

AGGILLIQ 0.336 0.084 -0.253
3.39 1.64 -2.77

AGGTURN -0.059 -0.028 0.031
-1.46 -1.69 0.92

RMRF -0.325 0.837 1.162
-4.37 34.26 19.90

HML 0.108 0.157 0.049
0.89 2.80 0.49

SMB -0.283 0.428 0.710
-4.69 8.90 7.19

Intercept 0.015 0.007 -0.007
1.77 2.16 -1.07

N 323 323 323
Adj. R2 0.384 0.912 0.857

just as in Table IV, our main focus is directed toward the long-short portfolio, presented in
the first column of the table. The significantly negative coefficient for mutual fund flows
supports that cross-sectional mispricing is exacerbated by mutual fund flows over this time
frame as well. These results validate the first part of our hypothesis. Further, by looking at
the long and short components separately, we still observe a clear asymmetry between the
legs. Mutual fund flows are unrelated to the long leg of the portfolio (°0.18, t =°0.95), while
there is a significantly negative relation to the short leg. These results suggest that mutual
funds primarily increase mispricing by buying overvalued stocks, which is consistent with
our previous findings.

When we examine the relationship between hedge fund flows and mispricing, our re-
gressions reveal a noteworthy pattern. As evident from the insignificant coefficients in the
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second row of Table VII, hedge funds do not appear to attenuate mispricing. This is a strik-
ing difference compared to our results for 1994 to 2020. While the explanation for this
pattern is not within the scope of our study, we note an interesting relationship between our
results and the general performance of the hedge fund industry. Our results indicate that
hedge funds, on an aggregate level, fail to identify mispriced stocks, which may be a plau-
sible explanation for the hedge fund industry’s poor performance over the last few years.8

As we have shown that mispricing still prevails, this result raises questions regarding other
potential sources of smart money. This is a relevant topic for further research.

C. Hypothesis 3: Retail Investor Capital Flows Exacerbate Cross-sectional
Mispricing of Stocks

The third part of the empirical analysis focuses on the relationship between retail in-
vestor capital flows and cross-sectional mispricing of stocks.
We begin the section by studying pairwise correlations of the key variables used to test the
hypothesis, which are presented in Table VIII. The main difference compared to previous
correlation tables is the inclusion of retail investor capital flows. Retail investor capital flows
and the long-short portfolio display a negative correlation (Ω =°0.095, p = 0.25). The sign of
the coefficient gives an initial indication that retail investors may exacerbate mispricing.

To examine our third hypothesis – that retail investor capital flows exacerbate mispric-
ing – we now make use of a new regression, where we replace the fund flows with retail
investor capital flows. As mutual fund flows are uncorrelated with retail investor capital
flows (Ω = °0.032, p = 0.69), the risk for bias in the estimation of the coefficient should be
limited when mutual fund flows are excluded from the equation.

Table IX presents the results from our regressions with retail investor capital flows as
the independent variable. As expected, the coefficient shows that retail investor capital
flows are significantly negatively related to the long-short strategy (°2.56, t =°2.50). This
result suggests that retail investor capital flows exacerbate aggregate mispricing in the
cross section, thereby supporting our third hypothesis. Recall that mutual fund flows ex-
acerbate mispricing by buying overvalued stocks, as outlined in Table VII. On a similar
note, retail investor capital flows appear to increase mispricing by buying overvalued stocks
and by selling undervalued stocks. These results can be understood through the nega-
tive relationship with the long component of the aggregate portfolio (°0.94, t = °1.75), and
the positive relationship with the short component (1.63, t = 2.51). Thereby, mispricing of
overvalued stocks increases during months when retail investors deposit capital to their
accounts, while mispricing of undervalued stocks increases when retail investors redeem
capital. We conjectured that retail investor capital flows are even dumber than mutual fund
flows, as retail investors are less sophisticated than mutual fund managers. These findings
corroborate those expectations.

Our results have implications for literature related to market efficiency. While limits-
to-arbitrage literature explains why mispricing may persist despite the presence of sophis-

8 Many hedge funds have underperformed their benchmarks in recent years. For example, the annual-
ized return of the HFRU Hedge Fund Composite USD Index has been as low as 3.1% from 2012 to 2020,
underperforming most other equity asset classes.

23



Ta
bl

e
V

II
I

Pa
ir

w
is

e
C

or
re

la
ti

on
s,

20
08

-2
02

0
Th

is
ta

bl
e

sh
ow

s
Pe

ar
so

n
pa

ir
w

is
e

co
rr

el
at

io
n

es
ti

m
at

es
fr

om
M

ay
20

08
to

N
ov

em
be

r
20

20
fo

r
al

lv
ar

ia
bl

es
us

ed
to

te
st

ou
r

th
ir

d
hy

po
th

es
is

.
Th

e
flo

w
va

ri
ab

le
s

ar
e

th
e

m
on

th
ly

m
ea

n
of

ag
gr

eg
at

e
eq

ui
ty

m
ut

ua
lf

un
d

flo
w

s
(M

FF
LO

W
),

eq
ui

ty
he

dg
e

fu
nd

flo
w

s
(H

FF
LO

W
)a

nd
re

ta
il

in
ve

st
or

ca
pi

ta
lfl

ow
s

(R
IF

LO
W

).
LO

N
G

an
d

SH
O

R
T

re
pr

es
en

tt
he

m
on

th
ly

ex
ce

ss
re

tu
rn

se
ri

es
of

th
e

lo
ng

an
d

sh
or

tl
eg

s
in

th
e

m
is

pr
ic

in
g

m
et

ri
c

(L
-S

),
co

ns
tr

uc
te

d
fr

om
th

e
el

ev
en

an
om

al
ie

s
de

sc
ri

be
d

in
Se

ct
io

n
II

I.
C

on
tr

ol
va

ri
ab

le
s

ar
e

m
on

th
ly

ex
ce

ss
m

ar
ke

t
re

tu
rn

s
(R

M
R

F)
,a

gg
re

ga
te

ill
iq

ui
di

ty
(A

G
G

IL
LI

Q
),

ag
gr

eg
at

e
tu

rn
ov

er
(A

G
G

TU
R

N
),

th
e

va
lu

e
fa

ct
or

(H
M

L)
an

d
th

e
si

ze
fa

ct
or

(S
M

B
).

P
-v

al
ue

s
ar

e
lis

te
d

be
lo

w
ea

ch
es

ti
m

at
e.

Pa
ir

w
is

e
C

or
re

la
ti

on
s

Va
ri

ab
le

M
FF

LO
W

H
FF

LO
W

R
IF

LO
W

LO
N

G
SH

O
R

T
L-

S
R

M
R

F
A

G
G

IL
LI

Q
A

G
G

TU
R

N
H

M
L

H
FF

LO
W

0.
12

9
0.

11
R

IF
LO

W
-0

.0
32

-0
.2

38
0.

69
0.

00
LO

N
G

0.
34

6
0.

12
4

-0
.0

58
0.

00
0.

13
0.

48
SH

O
R

T
0.

33
8

0.
11

5
0.

00
6

0.
89

1
0.

00
0.

16
0.

94
0.

00
L-

S
-0

.1
91

-0
.0

55
-0

.0
95

-0
.3

77
-0

.7
56

0.
02

0.
50

0.
25

0.
00

0.
00

R
M

R
F

0.
33

6
0.

13
1

-0
.0

73
0.

96
2

0.
90

7
-0

.4
64

0.
00

0.
11

0.
37

0.
00

0.
00

0.
00

A
G

G
IL

LI
Q

-0
.2

23
-0

.5
42

0.
21

5
-0

.2
52

-0
.2

56
0.

16
0

-0
.2

72
0.

01
0.

00
0.

01
0.

00
0.

00
0.

05
0.

00
A

G
G

TU
R

N
-0

.1
10

-0
.3

16
-0

.0
08

-0
.0

01
0.

05
3

-0
.1

09
0.

02
3

0.
50

4
0.

18
0.

00
0.

92
0.

99
0.

52
0.

18
0.

78
0.

00
H

M
L

0.
19

2
0.

14
5

-0
.1

51
0.

29
4

0.
32

0
-0

.2
29

0.
32

5
-0

.1
84

-0
.1

26
0.

02
0.

08
0.

06
0.

00
0.

00
0.

00
0.

00
0.

02
0.

12
SM

B
0.

14
2

-0
.0

13
0.

15
7

0.
50

8
0.

53
9

-0
.3

67
0.

38
3

-0
.0

28
0.

16
1

0.
20

2
0.

08
0.

87
0.

05
0.

00
0.

00
0.

00
0.

00
0.

73
0.

05
0.

01

24



Table IX
Aggregate Retail Investor Capital Flows and Cross-sectional Mispricing,

2008-2020
This table shows the coefficients of time series regressions from May 2008 to December 2020, with
the return series of the long-short strategy (L-S), the long leg (LONG) and the short leg (SHORT)
as the dependent variables. The portfolios are constructed from the aggregate measure of eleven
anomalies. The independent variable is aggregate retail investor capital flows (RIFLOW). Con-
trol variables are aggregate illiquidity (AGGILLIQ), aggregate turnover (AGGTURN), the excess
return of the market (RMRF), the size factor (SMB) and the value factor (HML).

Rp,t =Æt +Ø1 £RIFLOWt +Ø2 £ AGGILLIQt +Ø3 £ AGGTURNt +Ø4 £RMRFt +Ø5 £SMBt

+Ø6 £HMLt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West standard
errors.

Mispricing Metric

Variable L-S LONG SHORT

RIFLOW -2.564 -0.939 1.625
-2.50 -1.75 2.51

AGGILLIQ 0.894 0.325 -0.569
1.91 2.08 -1.34

AGGTURN -0.149 -0.099 0.050
-2.75 -4.30 1.00

RMRF -0.233 0.935 1.168
-2.73 43.78 14.98

HML -0.115 -0.082 0.033
-0.85 -2.29 0.26

SMB -0.230 0.370 0.600
-1.40 8.07 3.40

Intercept 0.037 0.022 -0.015
3.04 3.91 -1.37

N 152 152 152
Adj. R2 0.266 0.953 0.863

ticated investors, our results contribute with an explanation of why the pricing anomalies
arise in the first place. We conclude that mispricing is likely to prevail as long as dumber
money, provided by retail investors, enters financial markets. The enduring effect could
be explained by a continuing spiral, where dumb and dumber money increase mispricing,
followed by a minority of informed traders, smart money, who profit from pricing deviations.

Moreover, our results suggest that increasing stock market participation among retail
investors may have real adverse allocation effects in financial markets and that their trad-
ing activities are likely to result in value destruction. This is an issue that is highly relevant
for policy makers when regulating capital markets to improve market efficiency. Common
intuition suggests that the issue is attributable to financial illiteracy among this group of
investors, but our results call for further research on the topic.
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V. Robustness Checks and Corroborating Evidence
To assess the robustness of our findings, we conduct four robustness checks and tests

for corroborating evidence. The first test aims to investigate the robustness of all three
hypotheses, while the following tests focus on our inferences regarding retail investor capital
flows.

A. The Momentum Factor
First, we test if our first conclusion – that mutual fund flows accentuate mispricing

while hedge fund flows correct mispricing – is robust when adding the momentum factor to
our regressions. Momentum, as discovered by Jegadeesh and Titman (1993), is one of the
strongest predictors of stock returns, and the constructed mispricing metric has a significant
and strong correlation with the momentum factor. For this reason, we want to rule out the
possibility that our results are driven by this anomaly.

First, we assess whether the return predictability of the aggregate mispricing metric
persists when controlling for the momentum factor. The four-factor alphas are shown in
Panel A of Table X, and we notice that the alpha of the long-short strategy, presented in
the first column, is close to identical to the baseline regression. As such, the new regression
confirms that the long-short strategy captures mispricing when the momentum factor is
included in the regressions. The alphas of the long and short components are significant
as well. Further, as seen in Panel B of Table X, all individual anomalies continue to show
positive alphas, and the majority of the alphas are significant.9 Naturally, the alpha of the
momentum anomaly is no longer significant (t = 2.89 versus t = 1.59), and the r-squared
increases notably (0.118 versus 0.877). This change is expected, as the momentum variable
is included on both sides of the equation.

When we extend the time frame until 2020, the alphas of the aggregate mispricing metric
and the individual anomaly returns are quantitatively similar to the ones presented in Table
X. Hence, the mispricing measure from our baseline regressions are robust to including
the momentum factor. The tables for the regressions from 1994 to 2020 are presented in
Appendix F.

In Table XI, we present results of the regressions used to assess mutual fund flows and
hedge fund flows in relation to cross-sectional mispricing, when controlling for the momen-
tum factor. Mutual fund flows still appear to have a significant effect on cross-sectional
mispricing (°1.00, t = °3.07), but the effect induced by hedge fund flows has diminished
markedly, which renders a rather pale link between hedge funds and smart money. This
vulnerability casts doubt on our previous conclusions related to hedge fund flows, as it ap-
pears as if hedge funds primarily trade according to the momentum effect. However, as
previously described, there is an ongoing debate regarding which stock or firm character-
istics that represent risk or mispricing (Bloomfield and Michaely (2004)). Either way, it is
noteworthy that hedge fund flows cannot be defined as smart money when classifying the
momentum factor as a source of risk, rather than mispricing. When analyzing the effect of

9 The magnitude of the alphas and the t-values are in line with the ones displayed by Akbas et al. (2015),
see Appendix E.
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Table XI
Fama-French Four-factor Model: Aggregate Mutual Fund Flows, Hedge

Fund Flows and Cross-Sectional Mispricing, 1994-2012
This table shows the coefficients of time series regressions with the return series of the long-
short strategy (L-S), the long leg (LONG) and the short leg (SHORT) as the dependent variables.
The portfolios are constructed from the aggregate measure of eleven anomalies. The indepen-
dent variables are aggregate mutual fund flows (MFFLOW) and aggregate hedge fund flows
(HFFLOW). Control variables are aggregate illiquidity (AGGILLIQ), aggregate turnover (AG-
GTURN), the excess return of the market (RMRF), the size factor (SMB), the value factor (HML)
and the momentum factor (UMD).

Rp,t =Æt +Ø1 £MFFLOWt +Ø2 £HFFLOWt +Ø3 £ AGGILLIQt +Ø4 £ AGGTURNt

+Ø5 £RMRFt +Ø6 £SMBt +Ø7 £HMLt +Ø8 £UMDt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West standard
errors.

Mispricing Metric

Variable L-S LONG SHORT

MFFLOW -1.002 -0.287 0.715
-3.07 -1.51 3.19

HFFLOW 0.104 0.040 -0.063
0.90 0.51 -0.82

AGGILLIQ 0.425 0.126 -0.298
3.52 2.31 -3.73

AGGTURN 0.048 -0.008 -0.057
1.13 -0.38 -1.74

RMRF -0.211 0.846 1.057
-5.33 28.85 37.45

HML 0.219 0.260 0.041
4.00 5.11 1.02

SMB -0.345 0.491 0.836
-8.09 8.07 17.40

UMD 0.431 0.055 -0.377
11.92 2.55 -11.88

Intercept -0.004 0.003 0.007
-0.47 0.64 1.02

N 228 228 228
Adj. R2 0.720 0.922 0.946

retail investor capital flows on cross-sectional mispricing while controlling for the momen-
tum factor, the conclusions are essentially unchanged compared to when the momentum
factor is excluded. See Appendix F for the tabulated results.

B. Future Returns Predictability
Now, we aim our attention at the inferences about retail investor activity, and conduct

our second test. If retail investor capital flows represent dumber money, we would expect
cross-sectional mispricing to be exacerbated in precisely the same month as capital inflows
occur. Current retail investor capital flows should therefore be unrelated to future returns
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Table XII
Aggregate Retail Investor Capital Flows and Future Cross-Sectional

Mispricing, 2008-2020
This table shows the coefficients of time series regressions with the future return series of the
long-short strategy (L-S), the long leg (LONG) and the short leg (SHORT) as the dependent
variables from May 2008 to December 2020. The portfolios are constructed from the aggre-
gate measure of eleven anomalies and are measured over a forward one-month window (t+1).
The independent variable is aggregate retail investor capital flows (RIFLOW). Control variables
are aggregate illiquidity (AGGILLIQ), aggregate turnover (AGGTURN), the excess return of the
market (RMRF), the size factor (SMB) and the value factor (HML).

Rp,t =Æt +Ø1 £RIFLOWt +Ø2 £ AGGILLIQt +Ø3 £ AGGTURNt +Ø4 £RMRFt +Ø5 £SMBt

+Ø6 £HMLt +Ø7 £UMDt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West standard
errors.

One-month Forward Return (t+1)

Variable L-S LONG SHORT

RIFLOW -0.439 0.087 0.527
-0.45 0.23 0.62

AGGILLIQ 0.711 0.237 -0.474
1.31 1.61 -1.03

AGGTURN -0.125 -0.089 0.035
-2.05 -4.14 0.68

RMRF -0.228 0.936 1.165
-2.42 41.63 14.65

HML -0.083 -0.071 0.012
-0.60 -2.10 0.10

SMB -0.291 0.350 0.641
-2.04 6.83 3.93

Intercept 0.023 0.016 -0.007
1.58 3.78 -0.59

N 151 151 151
Adj. R2 0.254 0.951 0.863

of the mispriced stocks. To test this conjecture, we study the relation between capital flows
and the subsequent returns of the mispriced stocks. The results are presented in Table XII,
where we measure capital flows in month t and portfolio returns in month t+1.

The first row of Table XII reveals that, as expected, there is no relationship between re-
tail investor capital flows and the future returns of the mispricing metric (°0.440, t =°0.44).
If stock prices would have reverted to fair value immediately following months of capital
inflows, we would have seen a significantly positive relation. Instead, as previously men-
tioned, limits to arbitrage are likely to postpone such corrections (Abreu and Brunnermeier
(2002)), and it is reasonable to believe that mispricing is attenuated over a longer time win-
dow than one month, especially as our previous results show that hedge fund flows do not
attenuate mispricing over this period. Altogether, our results suggest that retail investor
capital flows have an immediate effect on cross-sectional mispricing, and that the correction
of mispricing occurs gradually thereafter. Nevertheless, the evidence of only contemporane-
ous movements in mispricing and retail investor capital flows corroborates our hypothesis.
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Figure 1. Investor Movement Index, 2010-2020. The Investor Movement Index is used as a proxy for retail
investor capital flows and is used to test the robustness of our findings regarding retail investor behavior.
The figure illustrates the variation in the Investor Movement Index from January 2010 to December 2020.
The index, provided by TD Ameritrade, is created by analyzing the trading activities of the 11 million retail
investor accounts of TD Ameritrade.

C. Investor Movement Index
In our third test, we examine our approach to measuring the activity of retail investors.

When we use net new assets to retail brokerage houses to measure retail investor capital
flows, we do not capture when investors redistribute their already deposited investment
base, nor the asset classes held. It is important to rule out potential noise related to these
issues. For this reason, we introduce a proxy for retail investor capital flows: the Investor
Movement Index.

The index, depicted in Figure 1, reflects the actual trading activities of retail investors
by measuring how they are positioned in the market. The Investment Movement Index is
provided by one of the largest American brokerage firms, TD Ameritrade. A high absolute
value of the metric indicates a bullish sentiment and a low value indicates bearish senti-
ment. By analyzing a sample from TD Ameritrade’s over 11 million funded accounts, the
index provides a quantitative measure that captures a self-directed perspective of retail in-
vestor capital allocation. Thereby, it is a more detailed measure that circumvents the draw-
backs of the data used for retail investor capital flows. The distribution is representative in
terms of age, investor experience and account sizes.

There are many indices that measure investor sentiment. For example, Kumar and
Lee (2006) create a measure closely related to the Investor Movement Index, as it is used
to analyze how retail investors affect stock returns. However, their indicator focuses on
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Table XIII
Retail Investor Movement Index and Cross-Sectional Mispricing,

2010-2020
This table shows the coefficients of time series regressions with the return series of the long-
short strategy (L-S), the long leg (LONG) and the short leg (SHORT) as the dependent variables
from February 2010 to December 2020. The portfolios are constructed from the aggregate mea-
sure of eleven anomalies. The independent variable is the relative change in Investor Movement
Index (RIMX). Control variables are aggregate illiquidity (AGGILLIQ), aggregate turnover (AG-
GTURN), the excess return of the market (RMRF), the size factor (SMB) and the value factor
(HML).

Rp,t =Æt +Ø1 £RIMXt +Ø2 £ AGGILLIQt +Ø3 £ AGGTURNt +Ø4 £RMRFt +Ø5 £SMBt

+Ø6 £HMLt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West standard
errors.

Mispricing Metric

Variable L-S LONG SHORT

RIMX -0.047 -0.016 0.032
-1.57 -0.77 1.38

AGGILLIQ 2.003 0.642 -1.361
1.72 1.30 -1.78

AGGTURN -0.077 -0.082 -0.005
-1.59 -3.64 -0.13

RMRF -0.125 0.961 1.086
-1.50 37.37 14.00

HML 0.090 -0.045 -0.135
0.69 -1.13 -1.06

SMB -0.341 0.295 0.635
-2.23 5.07 3.60

Intercept 0.002 0.012 0.009
0.28 2.56 1.58

N 131 131 131
Adj. R2 0.187 0.944 0.842

the price impact of specific trades, rather than on aggregate capital flows. The Investor
Movement Index is a preferred measure for our study as it aims to capture aggregate trading
behavior of retail investors. We are interested in the monthly development of the index and
thereby compute the metric used in our regressions as:

RIMXt =
IMXt

IMXt°1
°1, (7)

where IMXt is the Investor Movement Index for month t. Investor Movement Index data is
obtained from TD Ameritrade and includes all accessible data, which covers January 2010
until December 2020.10

An untabulated analysis of RIMX in relation to our other variables shows that RIMX
10 Since we compute the relative change in the Investor Movement Index, our regressions include 131

monthly observations from February 2010 until December 2020.
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and the long-short strategy are significantly negatively correlated (Ω = °0.196, p = 0.03).
The sign of the coefficient suggests that our proxy for retail investors capital flows is indeed
related to cross-sectional mispricing.

Table XIII shows the results from the regressions using RIMX as the independent vari-
able. The results convey a similar picture as the regressions using retail investor capital
flows. The coefficient for RIMX is negative for the long-short portfolio (°0.047, t = °1.57)
which suggests that aggregate mispricing is exacerbated during months when retail in-
vestors become more bullish. Furthermore, there is a positive relation between RIMX
and increased mispricing of both overvalued and undervalued stocks (0.032, t = 1.38 and
°0.016, t = °0.77). While the relevant coefficient estimates have the same signs as the
regression in Table IX, the results are not significant. It is plausible that the lack of sig-
nificance is attributable to the relatively small number of monthly observations (N = 131).
Either way, the results from these regressions do not strongly support our hypothesis, nor
do they suggest that our previous conclusions are erroneous, as all coefficients point in the
expected direction.

D. The Effect of the Covid-19 Pandemic
In our fourth and final test, we examine whether our results are driven by the Covid-19

pandemic, as the interest in the stock market escalated when many individuals had more
time to trade. Looking at the Investor Movement Index in Figure 1, it dropped remarkably
in March 2020, when the pandemic reached the Western world, indicating that the pandemic
influenced the direction and magnitude of retail investor capital flows. To test if the rela-
tionship between mispricing and retail investor capital flows changed during the pandemic,
we perform the same type of regressions as in Table IX, with retail investor capital flows as
the independent variable, while excluding observations from 2020. This regression shows
similar results as before, thereby confirming that our findings are not solely attributable to
the development in 2020.

VI. Conclusion
In this study, we analyze the effect of capital flows on cross-sectional mispricing through

a replication and extension of Akbas et al. (2015). We confirm that mutual fund flows repre-
sent dumb money that exacerbate aggregate cross-sectional mispricing by directing capital
to overvalued stocks. Moreover, hedge fund flows represent smart money that attenuate
aggregate mispricing in the cross section. This relationship holds between 1994 and 2012,
and thus corroborates the findings by Akbas et al. (2015). However, on a general level,
hedge funds appear to have lost its ability to target mispriced stocks in recent years. Fi-
nally, our extension unveils that retail investor capital flows represent dumber money, as
retail investors increase mispricing from two ends: they buy overvalued stocks and sell un-
dervalued stocks. Thereby, retail investors act against rational investing behavior, which
results in real adverse allocation effects.

Our research does not aim to explain the underlying reasons for the behavior of individ-
ual retail investors, but we shed light on the high relevance of this topic. By targeting the
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roots of dumber money, the economy as a whole could benefit from better capital allocation
and improved market efficiency. Furthermore, while we identify a source of dumber money
that accentuates mispricing, our research does not identify what sources of capital attenuate
cross-sectional mispricing today. This is a topic that calls for further investigation.
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Appendix A. Anomaly descriptions
In this appendix, we describe how we compute the mispricing score for each stock at the

end of month t.

Return on assets. The ratio is constructed using quarterly data,

Return on assetst =
IBQq

ATQq°1
, (A1)

where IBQq is quarterly income before extraordinary items and ATQq is total assets for
quarter q, which is the most recent quarter for which the reporting date, RDQ, precedes
the end of month t.

Ohlson O-score. The Ohlson O-score is calculated as

Ot =°0.407SIZEt +6.03TLT At °1.43WCT At +0.076CLCAt °1.72OENEGt

°2.37NIT At °1.83FUTLt +0.285I NTWOt °0.521CHINt °1.32, (A2)

where
SIZEt = log(ATy) (A3)

TLT At =
DLCy +DLTTy

ATy
(A4)

WCT At =
ACTy +LCTy

ATy
(A5)

CLCAt =
LCTy

ACTy
(A6)

OENEGt =
(

1 if LTy > ATy

0 otherwise
(A7)

NIT At =
NI y

ATy
(A8)

FUTLt =
PI y

LTy
(A9)

INTWOt =
(

1 if NI y < 0 and NI y°1 < 0
0 otherwise

(A10)

CHINt =
NI y °NI y°1

|NI y|+ |NI y°1|
(A11)
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and ATy is total assets, DLCy is debt in current liabilities, DLTTy is long-term debt, ACTy
is current assets, LCTy is current liabilities, LTy is total liabilities, NI y is net income
and PI y is pretax income for year y, which is the most recent reporting year that ends at
least four months before the end of month t. We do this to direct the metric to the month
where the information is assumed to be publicly available, in line with Stambaugh, Yu and
Yuan (2012) and other accounting literature (for example Hirshleifer, Hou, Teoh, and Zhang
(2004)). A logistic function can be used to obtain the financial distress probability, where P
increases in O:

Pt =
1

1+ exp(°Ot)
(A12)

Failure probability. Campbell, Hilscher and Szilagyi (2008) use logit regressions to cal-
culate the failure probability. In the following regression, the coefficients are extracted from
their 12-month logit regressions:

xt =°20.26NIMT AAVGt +1.42TLMT At °7.13EX RET AVGt +1.41SIGMAt

°0.045RSIZEt °2.13CASHMT At +0.075MBt °0.058PRICEt °9.16, (A13)

where
NIMT At =

NIQq

LTQq +MEt
(A14)

TLMT At =
LTQq

LTQq +MEt
(A15)

EX RETt = log(1+RETt)° log(1+SPRTRNt) (A16)

SIGMAt =
√
252£ 1

N °1
£

X

k2(t,t°1,t°2)
r2

k

!1/2

(A17)

RSIZEt = log
µ

MEt

TOTV ALt

∂
(A18)

CASHMT At =
CHEQq

LTQq +MEt
(A19)

MBt =
MEt

CEQQq + (MEt °CEQQq)£10%
(A20)

PRICEt = log(PRCt) (A21)
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and NIMT AAVGt and EX RET AVGt are defined as

NIMT AAVGt =
1°¡3

1°¡12 (NIMT At,t°2 + ...+¡9NIMT At°9,t°11) (A22)

EX RET AVGt =
1°¡

1°¡12 (EX RETt + ...+¡11EX RETt°11). (A23)

NIQq is net income and LTQq is total liabilities for quarter q. MEt is market equity
capitalization for month t. Missing values for NIMT At and EX RETt are replaced by the
respective cross-sectional means. RETt is the monthly stock return, and SPRTRNt is the
monthly return of the S&P500 index for month t. SIGMAt is computed using daily returns,
r, and at least five non-zero daily observations are required during the past three months k
for the metric to be included. TOTV ALt is the market capitalization of the S&P500 index
for month t. CHEQq is cash and short-term investments. The constant ¡ equals 2°1/3 and
is included together with a multiplier to assign more recent values a greater weight.

Further, MBt represents the market-to-book ratio, where the book value is increased by
10% of the difference between the market value and the book value. If the retrieved book
value is negative, a book value of USD 1 is used instead. PRCt is the share price for month t
and is truncated at 15 so that PRICEt can take a maximum value of log(15). All variables
except PRICEt are winsorized at the 5% and 95% level in the cross section. Equity market
variables are obtained for month t. For quarterly accounting data, the reporting quarter q
is the most recent quarter for which the reporting date, RDQ, precedes the end of month t.

To compute the probability of failure, the obtained value can be inserted in a probability
function. A higher value of xt implies a higher risk of financial distress.

Pt =
1

1+ exp(°xt)
(A24)

Gross profitability. Gross profitability is measured as

Gross prof itabil ityt =
REV Ty °COGSy

ATy
, (A25)

where REV Ty is annual total revenue, COGSy is annual cost of goods sold and ATy is to-
tal assets for year y. Year y the most recent reporting year that ends at least four months
before the end of month t.

Net stock issues. This effect is quantified as the annual log change in split-adjusted shares
outstanding,

Net stock issuest = log
µ CSHOy £ ADJEX_Cy

CSHOy°1 £ ADJEX_Cy°1

∂
, (A26)

where CSHOy is common shares outstanding and ADJEX_Cy is the cumulative adjust-
ment factor for year y, which is the reporting year that ends at least four months before the
end of month t.
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Total accrual. We compute total accrual as the annual change in non-cash working capital
minus depreciation and amortization, divided by average total assets for the two previous
fiscal years,

Total accrualt =
(¢ACTy °¢CHE y °¢DLCy +¢LCTy +¢TX Py)°DPy

ATy+ATy°1
2

, (A27)

where ACTy is total current assets, CHE y is cash and short-term investments, DLCy is
debt in current liabilities, LCTy is current liabilities, TX Py is income taxes payable, DPy
is depreciation and amortization and ATy is total assets for year y, which is the reporting
year that ends at least four months before the end of month t.

Composite equity issues. The predictive value of the anomaly is quantified as the dif-
ference between the growth in market capitalization and the 12-month cumulative stock
return,

Composite equity issuest =
µ

MEt°4

MEt°16
°1

∂
° ((1+RETt°4 £ ...£ (1+RETt°15)°1), (A28)

where MEt is the market capitalization and RETt is the monthly stock return for month t.
The variables are lagged four months to match the net stock issues anomaly.

Investment-to-assets. Investment-to-assets is computed as

Investment–to–assetst =
¢PPEGTy +¢INV Ty

ATy°1
, (A29)

where PPEGTy is gross property, plant and equipment, INV Ty is inventory and ATy is
total assets for year y, which is the reporting year that ends at least four months before the
end of month t.

Net operating assets. The measure represents the scaled difference between operating
income and free cash flow. It is defined as the difference between operating assets and
operating liabilities, divided by total assets,

Net operating assetst =
(ATy °CHE y)° (ATy °DLCy °DLTTy °CEQy °MIBy °PSTK y)

ATy°1
,

(A30)

where ATy is total assets, CHE y is cash and short-term investments, DLCy is debt in
current liabilities, DLTTy is long-term debt, CEQy is common equity, MIBy is minority
interest and PSTK y is preferred stocks for year y, which is the reporting year that ends
at least four months before the end of month t. Minority interest and preferred stocks are
assigned a value of zero if missing.
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Asset growth. Asset growth is measured as the year-over-year growth in total assets,

Asset growtht =
ATy

ATy°1
°1, (A31)

where ATy is total assets for year y, which is the reporting year that ends at least four
months before the end of month t.

Momentum. To measure the momentum effect, the cumulative return for month t° 11
to month t°1 is computed,

Momentumt = (1+RETt°1)£ ...£ (1+RETt°11)°1, (A32)

where RETt is the monthly stock return for month t.
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Appendix B. Data Collection
This appendix describes how we filter our mutual fund data. Mutual funds with the

following Lipper objectives have been included in our sample: CA, CG, CS, El, FS, G, GI, H,
ID, LCCE, LCGE, LCVE, MC, MCCE, MCGE, MCVE, MLCE, MLGE, MLVE, MR, NR, S,
SCCE, SCGE, SCVE, SG, SP, TK, TL, UT. We also include funds with a Strategic Insights
objective of AGG, ENV, FIN, GMC, GRI, GRO, HLT, ING, NTR, SCG, SEC, TEC, UTI, GLD
or RLE as well as funds with a Wiesenberger Fund Type Code of G, G-I, G-S, GCI, IEQ,
ENR, FIN, GRI, HLT, LTG, MCG, SCG, TCH, UTL or GPM. Further, we include mutual
funds that hold more than 80% of its value in common stock or with a so-called CS policy.
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Appendix C. Market Illiquidity
This appendix explains how we compute our control variables for market illiquidity.

Aggregate illiquidity. The monthly illiquidity metric for stock i in month t is computed
as

ILLIQi,t =
PNi,t

i=1

h |RETi,d,t|
VOLi,d,t

i

Ni,t
, (C1)

where ri,d,t is the daily return for stock i on day d in month t. VOLi,d,t is the daily trading
volume in dollars for stock i on day d in month t and Ni,t is the number of daily observations
for stock i in month t. Thus, the ratio yields the absolute percentage price change per dollar
trading volume. Further, the aggregate monthly illiquidity measure is computed as

AGGILLIQt =
PNt

i=1[ILLIQi,t]
Nt

(C2)

where Nt is the number of observations in month t.

Aggregate turnover. Aggregate turnover is computed as

AGGTURNt =
PN

i=1

h
Avg. trading volumei,t

SHROUTi,t

i

Nt
, (C3)

where Avg. trading volumei,t is the average trading volume for the most recent three
months for stock i and SHROUTi,t is the number of shares outstanding for stock i for
month t. Nt is the number of observations in month t.

43



Appendix D. Empirical Analysis
This appendix presents tables referred to in our empirical analysis. The tables are shown

on the following pages.
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Appendix E. Original Tables from Akbas et al. (2015)
This appendix shows the original tables from Akbas et al. (2015) to enable a comparison

between the results.
Table E4 shows that our results are very similar to those of Akbas et al. (2015), as we

obtain positive alphas for all long-short portfolios on both an individual and aggregate level.
However, there is a notable difference in the significance of the momentum factor for the
aggregate long-short portfolio. While our momenum factor is significant, Akbas et al. (2015)
report a t-statistic of 1.50. We find it reasonable that the momentum factor is significant as
the momentum anomaly is included in the long-short portfolio, present on the left-hand side
of the equation.

On a similar note, when adding the momentum factor to the regressions, we obtain a
higher r–squared for the returns of the individual anomaly momentum compared to Akbas
et al. (2015), which can be seen in Panel B of Table E4. We are surprised that Akbas et al.
(2015) present such a low r–squared, as the momentum factor should explain a significant
share of the variation in the returns of the momentum anomaly.

We generally obtained higher r–squared for the individual anomalies compared to Ak-
bas et al. (2015), as seen in Panel B of Table E4. The difference is likely due to the individual
anomalies being noisy, which Akbas et al. (2015) highlight as well. As the portfolios of the
individual anomalies include a limited sample of stocks, they become highly dependent on
which particular stocks are included. Further, Akbas et al. (2015) does not provide informa-
tion about how they construct the portfolios. We follow the closest related paper, Stambaugh,
Yu and Yuan (2012), and replicate their method precisely. However, the sole purpose of con-
structing the anomalies is to capture cross-sectional mispricing, which is fulfilled as most of
the alphas are significantly positive. Thus, even though the values of the r–squared differ
between our results and those of Akbas et al. (2015), we can effectively use the portfolios to
measure cross-sectional mispricing.

When looking at the relationship between aggregate mutual fund flows and hedge fund
flows and the individual anomaly returns in Table E5, our results corroborate those of Akbas
et al. (2015). Despite the noisy return series of the individual anomalies, our findings reveal
the same pattern, as there is a negative relationship between mutual fund flows and long-
short portfolio returns, and mixed and insignificant signs for the coefficients of the hedge
fund flows. Akbas et al. (2015) use the analysis in Table E5 as guidance on how to construct
suitable mispricing metrics in their following analyses, and our obtained results fulfil this
purpose as well.
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Appendix F. Robustness Check and Corroborative
Evidence

This appendix shows tables presenting results related to our robustness tests. The tables
are presented on the following pages.
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Table F7
Fama-French Four-Factor Model: Aggregate Retail Investor Capital

Flows and Cross-sectional Mispricing, 2008-2020
This table shows the coefficients of time series regressions with the return series of the long-short
strategy (L-S), the long leg (LONG) and the short leg (SHORT) as the dependent variables. The
portfolios are constructed from the aggregate measure of eleven anomalies. The independent
variable is retail investor capital flows (RIFLOW). Control variables are aggregate illiquidity
(AGGILLIQ), aggregate turnover (AGGTURN), the excess return of the market (RMRF), the size
factor (SMB), the value factor (HML) and the momentum factor (UMD).

Rp,t =Æt +Ø1 £RIFLOWt +Ø2 £ AGGILLIQt +Ø3 £ AGGTURNt +Ø4 £RMRFt +Ø5 £SMBt

+Ø6 £HMLt +Ø7 £UMDt +≤p,t

The t-statistics are listed below the coefficient estimates and are based on Newey-West standard
errors.

Mispricing Metric

L-S LONG SHORT

RIFLOW -2.700 -0.961 1.739
-2.82 -1.73 2.97

AGGILLIQ 1.638 0.446 -1.192
6.58 2.26 -5.19

AGGTURN -0.123 -0.095 0.028
-3.96 -4.42 0.85

RMRF -0.109 0.955 1.065
-1.84 42.43 17.28

HML 0.115 -0.044 -0.159
1.01 -1.25 -1.58

SMB -0.213 0.373 0.586
-1.27 7.92 3.33

UMD 0.344 0.056 -0.288
6.09 2.49 -4.56

Intercept 0.025 0.020 -0.005
2.80 3.70 -0.64

N 152 152 152
Adj. R2 0.416 0.954 0.888
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