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Abstract

Using a large panel of U.S. brokerage accounts trades and positions, we show that a large fraction of retail
investors trade as contrarians after large earnings surprises, especially for loser stocks, and that such
contrarian trading contributes to post earnings announcement drift (PEAD) and price momentum. Indeed,
when we double-sort by momentum portfolios and retail trading flows, PEAD and momentum are only
present in the top two quintiles of retail trading intensity. Finer sorts confirm the results, as do sorts by firm
size and institutional ownership level. We show that the investors in our sample are representative of the
universe of U.S. retail traders, and that the magnitude of the phenomena we describe indicate a quantitively
substantial role of retail investors in generating momentum. Alternative hypotheses, such as the disposition
effect and stale limit orders, do not explain retail contrarian trading. Younger traders are more likely to be
contrarian, and a firm’s dividend yield, leverage, size, book to market, and analyst coverage are associated
with the fraction of contrarian trades they face around earnings announcements. Attentive investors are
more likely to be contrarians.

* Farallon Capital Management
** Federal Reserve Bank of Chicago

* Harvard Business School, Finance Unit

* We thank Terry Odean, Marina Niessner, seminar participants at Harvard Business School, the Swedish House of
Finance, HKUST, the City University of Hong Kong, UBC Winter Finance Conference, the CEPR Household Finance
Seminar Series, Georgetown Fintech Seminar Series, and the Boulder Summer Conference on Consumer Decision
Making for helpful comments and suggestions. All the remaining errors are our own. Patrick Luo was previously at
Harvard Business School and is a data scientist at Farallon Capital Management. The views expressed herein are those
of the authors and do not necessarily reflect the views of the Federal Reserve System or Farallon Capital Management.
The views expressed herein should not be considered investment advice and do not constitute or form part of any offer
to issue or sell, or any solicitation of any offer to subscribe or purchase, shares, units, or other interest in any particular
investments. Please send correspondence to cluoren@gmail.com, enrichetta.ravina@kellogg.northwestern.edu,

mecsammon@gmail.com, and lviceira@hbs.edu.




I. Introduction

This paper investigates the role retail investors play in the gradual incorporation of information
into security prices. There is ample evidence that security prices appear to under-react to new
information at short and medium horizons. The stocks of companies that have announced abnormal
positive (negative) earnings tend to outperform (underperform) going forward stocks with smaller
or no earnings surprises (Ball and Brown 1968, Bernard and Thomas 1989, 1990). Stocks with
positive (negative) past recent returns tend to continue experiencing positive (negative) returns in
the next nine to twelve months (Jegadeesh and Titman 1993, Chan, Jegadeesh, and Lakonishok
1996, Rouwenhorst 1998). Recent research argues that price momentum and earnings momentum

are related (Chordia and Shivakumar 2006, Novy-Marx 2012, Novy-Marx 2015).

Using a dataset containing the holdings and transactions of more than 2.8 million accounts at
one of the largest U.S. online discount brokers in the period 2010-2014, we document that a very
large fraction of retail investors trade as contrarians around news announcements, selling stocks
on large positive earnings surprises, and buying stocks on negative large earnings surprises, thus

possibly contributing to the momentum effect.

We find that the intensity of this contrarian trading is related to several factors. First, it is
positively correlated with the magnitude of earnings surprises. Second, it is strongest for holding
periods between a month and a year. Third, it is related to investors’ attention to a stock, as
measured by whether investors log into their accounts to check news on the stocks they hold, which

we can observe for a random sample of eleven thousand accounts.

The magnitude of the contrarian retail trading activity around large earnings surprises in our
results suggests a possible substantial role of retail investors in generating momentum and slow
price adjustment. Moreover, in our dataset more than 50% of the stocks in the winner and loser
portfolios have large positive or negative earnings surprises, consistent with the results in Chan,

Jagadeesh and Lakonishok (1996).

Consistent with our hypothesis, when we double-sort stocks based on the intensity of
contrarian retail trading and past returns we find that the momentum phenomenon is concentrated

in the top two quintiles of retail trading intensity, while it is non-existent elsewhere.



The magnitude of retail net inflows predicts post earnings drift (PEAD), particularly for the
stocks experiencing the largest earnings surprises (positive or negative). This effect is even
stronger for stocks in the extreme momentum portfolios, particularly the momentum loser
portfolios, for small stocks, consistent with the findings in Hong, Lim, and Stein (2000), and also

for stocks with low institutional ownership.

Alternative explanations of our findings include the disposition effect, the tendency to sell
winners and hold on to losers (Shefrin and Statman, 1985), and the presence of limit orders based
on stale prices. We document that indeed the investors in our sample exhibit a disposition effect
similar to the one documented by Odean (1998). However, we show that the individuals who trade
around earnings surprises tend to be contrarians and sell (buy) the stocks after positive (negative)
earnings surprises, regardless of the presence of a capital gain and its size. Moreover, the
disposition effect cannot explain the tendency to buy on negative news. Similarly, our results are

confirmed if we restrict our attention to market orders for which stale prices are not an issue.

Consistent with the findings of studies of brokerage investor behavior based on a similar but
older dataset covering the 1987-1992 period (Odean 1999, Barber and Odean 2000, and others),
the investors in our sample trade very infrequently and hold on average a small number of stocks,
although as a whole they hold the universe of publicly traded stocks. Infrequent trading makes
news-based contrarian trading behavior even more significant. Moreover, it implies that, while
individual investors might leave money on the table with their contrarian trading behavior, they
tend to survive as a group. It also suggests that they have fewer opportunities to learn that their
behavior is suboptimal, as each investor individually tends to experience only very few instances

of significant earnings surprises and does not observe other investors’ behavior.

Our results for individual contrarian trading are consistent with Kaniel at al. (2012) who
analyze the daily buy and sell volume of executed retail orders for a large cross-section of NYSE
stocks in the 2000-2003 period and find evidence of informed trading by retail investors as a group.
They also show that individuals in the aggregate tend to trade in the opposite direction of earnings
surprises. An advantage of our setting, compared to Kaniel et al. (2012), is that we can follow each
retail investor over time, rather than as a group only, and thus investigate the identity, timing, and

returns of trades before and after the earnings surprises. In addition, information on the pattern of



web clicks and the time spent investigating each stock and visiting different pages on the brokerage

firm site allows to explore the motivations and mechanisms behind retail trading around news.

Grinblatt and Keloharju (2000, 2001) also find evidence of contrarian trading behavior by
Finnish investors as a function of past returns, although in a shorter sample, and using a more

indirect methodology.

Finally, we show that on balance retail investors have been decreasing their holdings of
individual stocks over our sample period. This in turn implies institutional and professional
investors represent an increasing fraction of stock trading. Thus, to the extent that retail investors
contribute to momentum, their exit from stock trading points to a declining relevance of

momentum in the years to come.

Our research raises the question of what drives retail contrarian trading behavior in response
to news. One potential interpretation for this contrarian trading behavior in response to news is
that these investors believe in mean reversion in stock prices or, more specifically, that they believe
that markets over-react to news as a result of other investors excessive optimism or pessimism.
Their contrarian trading on earnings announcements follows from their desire to take advantage
of their perception that markets over-react to news. Recent research shows that there is
heterogeneity in retail investors beliefs about the autocorrelation of stocks returns, and that those
beliefs shape their investment decisions (Laudenbach et al., 2021). In particular, this research

shows that some investors appear to have strong beliefs about mean reversion in stock returns.

This hypothesis is not entirely implausible on intuitive grounds either: The belief that markets
over-react is very extended among all types of investors, and it is arguably the predominant view
of market behavior of both market pundits and the popular media. Moreover, investors who open
and maintain a brokerage account are more likely to exhibit over-confidence in their trading ability
(Daniel, Hirshleifer, and Subrahmanyam, 1998) and might hold stronger views about mean
reversion than the overall population of investors. Investors with such beliefs are likely to trade
against news, particularly significant news. In recent work, Bastianello and Fontanier (2019) posit
a general equilibrium asset pricing model of partial equilibrium thinking in which uninformed
investor contrarian trading behavior is consistent with equilibrium. In their model, uninformed

agents will rationally trade contrarian if they believe that other uninformed agents are overreacting



to news but fail to internalize that other market participants might have the same beliefs and also

act on them.

We also find that the investors in our sample hold portfolios that exhibit a negative exposure
to the momentum factor or MOM (Carhart, 1997), consistent with prior studies of the factor
exposure of individual investors’ portfolios (Barber and Odean, 2002; Campbell, Ramadorai, and
Ranish, 2014; Betermier, Calvet, and Sodini, 2017). However, we show that this negative exposure
to MOM doesn’t appear to be deliberate. We show that portfolio inertia is such that the factor
characteristics of the portfolios held by these investors, measured using the methodology of Daniel,
Grinblatt, Titman, and Wermers (1997), vary over time as the characteristics of the stocks they
hold shift over time. This is particularly significant for MOM, since it is a stock characteristic

which, unlike size or value, changes over time relatively quickly.

The remainder of the paper is organized as follows. Section II describes the data and some
summary statistics. Section III explores the performance and the portfolio characteristics of the
portfolios held by the investors in our dataset. Section IV investigates the trading behavior of
individual investors upon the release of information. Section V explores the relation between retail

trading and the momentum and PEAD effects. Section VI concludes.

II. Data, Variable Construction, and Summary Statistics

Retail Investor Data

The source of our retail investor data is a proprietary dataset from one of the largest discount
brokers in the United States. This dataset contains the quarterly holdings and daily transactions
and distributions (such as dividends) of more than 2.8 million accounts for the period 2010.Q1-
2014.Q2. The number of accounts fluctuates over time as some accounts are closed and others are
opened. There are approximately 1.560 million accounts at the beginning of the sample period,
and 1.660 million at the end, with about 1 million accounts present in the data for the entire sample
period. For a subset of approximately 11 thousand accounts we also have data on their online
activity (logins, page views, etc.). This subset of accounts has also been studied by Gargano and

Rossi (2018).



Table 1 provides summary statistics for all the accounts and securities included in the dataset.
In our main analysis we restrict attention to the subset of individual accounts and, within those,
the accounts which have at least one buy or sell order in securities we can match to the CRSP stock

database. Table 1 shows that this captures most of the accounts and assets in the dataset.

Panel A in Table 1 shows there are 2.834 million accounts, of which 1.659 million (58.5% of
the total) are individual taxable accounts, 882 thousand (31.1%) are individual retirement accounts,
267 thousand (9.4%) are institutional accounts,' and 27 thousand are owned by foreigners. The
value of the assets in the accounts is $273 billion. Account holdings are heavily skewed to the
right: The median value of holdings in individual taxable accounts is relatively small at $7.4
thousand, but the average is $81.5 thousand; for individual retirement accounts, the median value
and average value are $24.1 thousand and $79.3 thousand, respectively. Not surprisingly,

institutional accounts are larger on average, at $243 thousand.

Panel B in Table 1 shows the distribution of holdings in the accounts by type of security at the
end of the sample period, June 30, 2014. Individual stocks constitute the dominant form of security
in all accounts, at $246.6 billion (90.3% of assets), followed by much smaller holdings of mutual
funds ($18.3 billion, 6.7%), bonds ($7.5 billion, 2.8%), and options and warrants ($2.5 billion,
0.9%). Individual stocks also include ETFs. The average number of stocks held in each type of
account is 6, with the exception of institutional accounts at 8 stocks. The average amount of all

other types of securities is very small.

Panel C shows summary statistics of account trading over the entire sample period. The median
number of months with at least one trade is about 20% of the total number of months a given
account is in the sample. The average number is about 30% of the total. The spread between
median and average is much larger for turnover. The median monthly turnover is 6.4%, but the
average turnover is much larger at 44.3%. Individual accounts, whether taxable or retirement,
exhibit median turnover similar to the total sample, while institutional accounts exhibit somewhat
lower median turnover at 4.8%. The large spread between the median and the mean reflects that
the 20% most active accounts account for 90% of total trading, and that about 30% of the accounts

are either closed or become dormant in our sample period. The median size of a trade is $3,859

! They include not-for-profit organizations, corporations, partnerships, and unincorporated institutions.
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and the average size is $9,825, both fairly large relative to the median and average size of the

accounts.

Figure A1 in the Appendix complements the information in Panel C by showing the time series
dimension of trading in our dataset. It plots the time series of rolling 60-day aggregate net
purchases of stocks in the CRSP database for each type of account over our sample period (Panel
A) and the cumulative net purchases (Panel B). We compute aggregate net stock purchases for
each type of account in a given date by taking the difference between dollar amounts of purchases
and sales for each stock by all accounts in that category, then aggregating across stocks. Therefore,

this measure reflects net trading of each type of account with the rest of the market.

The upper panel in the figure shows that net purchases of stocks by each type of account exhibit
significant time variability. However, the lower panel shows that on balance the investors in our
data set have been exiting individual stocks over time: Cumulative net purchases are strongly
negative for all types of accounts over our sample period. The experience of this very large broker
suggests that retail investors have been strongly decreasing their holdings of individual stocks over
this sample period. This in turn implies institutional and professional investors represent an
increasing fraction of stock trading. To the extent that retail investors contribute to momentum,

their exit from stock trading points to a declining relevance of momentum in the years to come.

Table 2 shows summary statistics of the demographics of account holders. The dataset
contains only sparse demographic information to protect the privacy of account holders. We
observe the gender, age, and 5-digit zip code of account holders. Panel A of Table 2 shows that
account holders are predominantly male (64.5%), but there is still a large proportion of females
(25.4%).? The age distribution is bell shaped, and peaks at 43 years old. Figure A2 in the Appendix
shows that older individuals tend to have larger accounts and hold less of their account balances
in individual stocks, and more in bonds and mutual funds. Panel B of Table 2 shows that account
holders are located all over the United States except for a few counties in the Midwest and Western

states, and that the larger accounts tend to be concentrated in urban areas and both coasts.

2 About 10% of the accounts do not have gender information.
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Company data: Asset Prices, Returns, Financials, and News

The dataset from the discount broker contains for each security the name of the security,
contemporaneous CUSIP number, ticker symbol, description of the type of security and, for bonds,

options, and warrants, the terms of the security.

To construct a complete picture of each account asset holdings, we link investors’ holdings
and transactions data across various financial datasets by constructing a comprehensive security
master table for different asset classes. We use the security identification information to extract
price and return data for each security from multiple data sources: CRSP, FactSet, Bloomberg,

TRACE, Municipal Securities Rulemaking Board (MSRB) and OptionMetrics.

We use this merged dataset to calculate NAV and total return of each individual account. For
accounts with external flows, we take timing of deposits and withdrawals into account and

calculate the time-weighted return.

As previously noted, our analysis restricts attention to stocks in the individual accounts for
which we find a match in the CRSP database. This includes holdings of individual stocks, equity
mutual funds, and ETFs. We exclude OTC “penny” stocks from our analysis. The investors in our

sample hold hundreds of them, but their aggregate dollar value is minuscule.

To select the securities included in our analysis, we get a unique list of CUSIP-date
observations from all the trades in our dataset, and then seek to match each CUSIP-date pair to a
NCUSIP-date pair in CRSP, where NCUSIP is the historical CUSIP in the CRSP MSENAMES
database. If that fails, we match based on CUSIP.

Earnings Surprises Measure

To study earnings surprises, we further restrict our security sample to those stocks that are in
I/B/E/S. Most publicly traded stocks have analyst coverage. If anything, this sample selection
criterion likely biases results against our findings, as small loser stocks with low analyst coverage
are more likely to display momentum and tend to be held by retail investors (Hong, Lim, and Stein,

2000).

Following standard practice in the literature, we measure earnings surprises (SUE) as realized
earnings per share relative to mean consensus analyst forecasts and scale this difference by the

stock price the day before the announcement. This offers a cleaner measure of the magnitude of
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the surprise, since the price on the day of the announcement will already incorporate the impact of
the surprise. Replacing price with other scaling factors such as consensus earnings forecasts or

measures of dispersion of analyst forecasts does not alter the conclusions of our empirical analysis.

We use COMPUSTAT and I/B/E/S to extract financial information and analyst earnings
expectations about the companies in the dataset. To link the same security across multiple datasets,

we use the unique identifier of the issuing company.

III. Retail Investor Trading Around Earnings Surprises and the Momentum

Effect

Our analysis of individual investors’ contrarianism focuses on the behavior of investors around
earnings announcements. In our view, earnings surprises provide an excellent laboratory to explore
contrarianism in investor behavior for four reasons. First, unlike most other types of company
news or economy-wide news, the sign of the impact of earnings surprises on stock prices is
unambiguous, particularly for large surprises. Second, earnings announcements are arguably one
of the most important pieces of news companies release about their performance and their financial
health. Third, companies release information about their earnings with relatively high frequency:
Earnings announcements, together with company presentations, are the single most frequent type
of company news. Fourth, we have good measures of earnings expectations from market

participants.
Earnings Surprises and the Momentum Effect

We start by providing in Figure 1 a visual representation of the link between earnings surprises

and price momentum for the sample of stocks included in our analysis.

Panel A in the figure plots the fraction of firms in each momentum portfolio that have at least
one earnings announcement with an absolute value of SUE greater than 0.5 standard deviations
over the momentum portfolio formation period. Panel B plots the fraction of earnings
announcements with an absolute value of SUE greater than 0.5 standard deviations over the same

period for the firms in each momentum portfolio.’

3 The results are robust of setting the threshold to 1 standard deviation or higher.
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Figure 1 suggests that sorting stocks on past returns is not independent of sorting stocks on past
earnings surprises, consistent with the results in Chordia and Shivakumar (2006) and Novy-Marx
(2015). On average the winner and loser portfolios tend to comprise a larger number of firms that
experience large earnings surprises, and a larger number of large surprises. Panel A shows that
firms with large earnings surprises represent about 50% of the stocks in those portfolios, while for
the other portfolios they represent at most 40%. Similarly, Panel B shows that large earnings
surprises constitute a much larger fraction of total earnings surprises in the extreme momentum

portfolios than in the other momentum portfolios.
Momentum and Retail Flows around Earnings Surprises

In Figure 2, we explore the relation between momentum and retail net inflows into stocks. Panel
A plots the time series average of the demeaned daily net retail flow for each momentum portfolio
in our sample. We compute net flow for each stock-day pair in our dataset as the difference
between buy and sell orders on the stock as a fraction of its total trading volume that day, as
recorded in CRSP. We demean it by subtracting the cross-sectional average across all stocks in
our sample each day. Finally, we take the average of the demeaned net flows across all days in the
momentum holding period month (i.e. month 0). Following the literature, we demean net inflows

to normalize our measure for the market-wide flows on that day.*

Panel A shows that retail investors behave as contrarians on past returns: on average they buy
negative momentum stocks and sell positive momentum stocks. The relation between net retail
inflow and price momentum is monotonic across the momentum portfolios. Panel B plots the time
series average of daily absolute retail flows into momentum portfolios, computed for each stock-
day pair as the sum of buy and sell orders as a fraction of total trading volume. This panel shows
that the absolute flow is larger for the extreme momentum portfolios, particularly for the loser
portfolio. The vertical axis in the plot shows that the purchases and sales of the retail investors
included in our sample account for about 3.5% of market volume in the stocks in the “loser”

portfolio, and about 2.5% of market volume in the “winner” portfolio.

To build the momentum portfolios we follow Ken French’s methodology and apply the following

screens: Each month during the period June 2010 to June 2014 we sort stocks into 5 groups based

4 Kaniel et al. (2008) normalize their retail flow measure by the historical average flow but specify that their results

are robust to using the normalization above.
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on their cumulative return in months t-12 through t-2, excluding stocks with more than four
missing returns in the last 12 months, and with missing or stale prices in month t-12. We focus
only on the price of ordinary common shares traded on major exchanges. Although the portfolios
include NYSE, AMEX and NASDAQ stocks, the portfolios are constructed using NYSE prior (2-
12) return quintile breakpoints. Momentum portfolio 5 corresponds to the equal-weighted portfolio
of stocks in the top quintile of cumulative returns during the formation period, and momentum
portfolio 1 corresponds to those in the bottom quintile of cumulative returns. We refer to them as

the winners and losers portfolios, respectively.

Although the magnitudes in Figure 1 and Figure 2 might seem modest, they are in fact very
significant once we take into account that, although our sample is highly representative of the
overall population of retail investors, it still constitutes a small fraction of such population. Total
stock holdings in our sample as of June 2014 were $264 billion, compared to the $13,883 billion
in assets owned by all households according to the Flow of Funds data from the Federal Reserve.
Accordingly, our sample represents about 1.77% of retail holdings. To the extent that the trading
of our investors is representative of the trading of the overall household sector, the modest inflows
relative to total trading volume need to be scaled up significantly. An alternative and independent
back of the envelope calculation, based on estimating retail holdings as (1 — ownership by 13F-
filing institutions) for each stock, suggests that the investors in our sample to account for about
2% of total retail holdings on a value-weighted basis and 4% of on an equal-weighted basis,
implying a scaling factor between 25 and 50 times. Additionally, Figure 3 shows that our investors
account for about 3% of total trading volume on an equal-weighted basis (1.3% on a value-
weighted basis) during our sample period (July 2010 through June 2014).

Figure 4 shows that retail contrarian trading is strongest in stocks with the largest absolute
SUEs over the previous 12 months. Each panel in this figure reproduces Panel A in Figure 2 by
grouping stocks with earnings announcements into terciles according to the absolute magnitude of
their earnings surprises in the momentum holding period month. The figure shows that net inflows
into the extreme momentum portfolios appear to be more significant for those stocks experiencing
the largest earnings surprises, both positive and negative. The losers portfolio experiences positive
net inflows, while the portfolio of winners experiences negative net inflows. The middle tercile
shows a similar contrarian pattern, although less pronounced, and the lowest tercile doesn’t show

a pattern.
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Further, Figure 5 shows that if we separate stocks into 5 groups based on the intensity of retail
trading over the whole sample period, we find that momentum is only present in the two groups
with the highest retail trading intensity, and more so in the group with the highest intensity,
consistent with our hypothesis that retail investors contribute to price underreaction through their
contrarian trading behavior.

Each panel in this figure plots the average return during the portfolio formation month of the
five momentum portfolios when we split the stocks in them according to the intensity of retail
trading, measured as gross retail flows. Specifically, each month during the period June 2010 to
June 2014 we sort stocks into 5 groups based on their cumulative return in months t-12 through t-
2. Then, within each group, we form 5 sub-groups based on average gross retail flow into each
stock over our whole sample period, and compute the return to each of the resulting 25 portfolios
during month t. We then take the time series average of the portfolio returns. The panels in Figure
5 are vertically ordered from least retail trading intensity (top panel) to most retail trading intensity
(bottom panel). Gross (or absolute) flow is defined as the average of buy and sell volume for each
stock-month pair, normalized by total volume in CRSP. The spread between losers and winners’
returns is as large as 2.8% per month in the top quintile of retail trading intensity. Moreover, there
is a roughly monotonic pattern of increasing returns from the bottom to the top momentum
portfolio in those two quintiles. By contrast, there is no return spread across momentum portfolios
for the stocks in the three quintiles with the lowest intensity of retail trading (top three panels in
the figure).

Daily Evidence

To further investigate the link between retail trading, surprises, and momentum, we zoom in on

the daily retail flows around the announcements.

Panel A of Figure 6 plots the average cumulative demeaned net inflow into stocks divided into 5
groups based on their signed earnings surprises (SUE) each quarter for a window of 60 trading
days centered around the announcement (30 days before and 30 days after). The panel shows that
retail investors consistently buy stocks with negative earnings surprises and sell stocks with
positive earnings surprises. On announcement day there is a positive net inflow into stocks for all
SUE-based portfolios, consistent with Frazzini et al (2006) and Hirshleifer et al (2008). However,

the portfolios in the top four quintiles of earnings surprises experience a quick and sharp reversal
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in net inflows right after the announcement day and exhibit negative net inflows over the
subsequent 30 trading days. The portfolio of the stocks with the lowest SUE continues to

experience positive net inflows over the subsequent 30 trading days.

Panel B in Figure 6 further separates the retail flow by momentum and by sign and magnitude
of the earning surprise. The figure reports the results for the stocks in the extreme momentum
portfolios while the complete figure is available upon request. The left side of this figure shows
that stocks with low past returns tend to experience inflows as shown in Figure 2. These inflows
are strongest for the firms that end up having the lowest earnings surprises. The right side of the
figures shows that also analogously to Figure 2, stocks with the largest past returns tend to
experience outflows. Those outflows tend to be more pronounced for firms with the highest

earnings surprises, but the spread across SUE groups is smaller than for the momentum losers.

IV. Post Earnings Announcement Drift, Momentum, and Retail Investor
Flows

In Figure 7 we examine the relation between the contrarian pattern of retail investors net flows
into stocks around earnings announcements, past returns, and the post-earnings announcement drift
(PEAD) of Bernard and Thomas (1989, 1990). The left panel of the figure plots the cumulative
gross return on the stocks with the lowest past returns in months t-12 to t-2 (momentum portfolio
1) and the lowest (most negative) earnings surprises (SUE portfolio 1) in a 44-trading day window
centered around earnings announcements. It shows that the PEAD of this group of stocks becomes
increasingly more negative as retail buying pressure increases. The PEAD is most pronounced for
the group with the most positive net flow. Similarly, the right panel focuses on the stocks with the
largest past returns (momentum portfolio 5) and highest earnings surprises (SUE portfolio 5) and
shows that in this group of stocks the PEAD is the most positive for the stocks with the biggest

retail net outflow.

The magnitudes are quantified in the tables below the figures. Among the losers experiencing
bad surprises, the PEAD monotonically increases with the strength of retail flows. This is true for
the announcement day return, ranging from -2.02% for the lowest quintile of retail flow, to -7.01%
for the highest quintile, as well as the post drift return (days +1 to 22 after the announcement),
which ranges from +0.26% for the lowest quintile of retail flow, to -5.5% for the highest quintile.

The results are weaker for winners, including those experiencing large positive surprises. The
13



announcement day return is higher for winner experiencing retail investors outflows, quintile 1 of
the retail flows. Such return is 3.26%, compared to 2.75% for the winners experiencing retail
investors inflows, quintile 5 of the retail flows. Moreover, the returns from day 1 to 22 are close

to zero and mostly positive.
PEAD by Market Capitalization and Institutional Ownership

Figure 8 explores the relationship between PEAD and retail trading intensity when we group
stocks by market capitalization. We define large and small capitalization stocks as stocks with 1-
month lagged market capitalization larger or smaller than the median capitalization among NYSE

firms, respectively.

Panel A in Figure 8 shows cumulative gross returns on small and large capitalization stocks in
a 44-trading day window around earnings announcements when we group firms in five portfolios
according to the size of their earnings surprises. This panel shows that small stocks, for which
retail investors as a group exhibit relative preference, experience both larger jumps in prices and
stronger PEAD than large capitalization stocks, particularly those with the lowest (i.e., most
negative) earnings surprises. Panel A also shows that large capitalization stocks do not appear to

exhibit PEAD.

However, this panel hides PEAD patterns that surface when we further subset stocks by the
intensity of retail trading, as measured by retail net inflows. Panel B in the figure shows that for
small capitalization stocks, the negative PEAD is much stronger for stocks with the largest positive
net inflows (retail group 5) and the worst earnings surprises. A negative but less pronounced PEAD

appears for large capitalization stocks with the largest positive net inflows (retail group 5).

In Figure 9 we group stocks by institutional ownership, defined as the fraction of shares
outstanding held by 13F-filing institutions. Low (high) institutional ownership is defined as
institutional ownership lower (larger) than the median. Panel A shows that PEAD is strongest
among stocks with low institutional ownership, consistent with institutions being more likely to
follow momentum strategies. This effect is stronger for stocks that experience the most negative
earnings surprises, and among such stocks, for stocks that experience the largest net retail inflow

(retail group 5) (Panel B).
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V. Retail Trading and Long-Term Returns in Momentum Portfolios

The empirical evidence on price momentum suggests that it can persist for a few months beyond
the portfolio period formation. Thus, it is natural to explore if there is any evidence of a longer-

term impact of retail investors trading around company news on stock returns.

Figure 10 suggests that over a longer horizon the timing and direction of the retail flows lines
up with the peaks and throughs of the cumulative returns of the short legs for the group of stocks
experiencing the worst earning surprise. For each panel, the top left graph plots the cumulative
retail net inflow into momentum portfolios. Portfolio 1 corresponds to the bottom quintile of
stocks, i.e. those with the lowest returns in months 2-12 prior to portfolio formation, and portfolio
5 to the top quintile of stocks with the highest returns. The remaining graphs show the cumulative
return for the short (Med — Lo) and long (Hi — Med) legs, and the Hi-Lo portfolio, respectively.
Panel A shows the results for the worst quintile of earnings surprises, while Panel B shows the

results for the best one.

Figure 11 plots cumulative returns on momentum portfolios in the 12 months following
portfolio formation, as a function of the magnitude and size of the earnings surprise at month t and
of the intensity of the retail trading activity. The left panel plots the 12-month cumulative returns
on the five momentum portfolios for the stocks with the most negative surprises. Each plot in the
panel plots returns on these stocks when we further divide them by intensity of retail trading. The

right panel is similar, except that it focuses on the socks with the most positive earnings surprises.

The left panel shows that among the stocks with the worst earnings surprises, those
experiencing the largest positive net inflows (retail group 5) tend to exhibit the most negative
returns over the following 12 months. The right panel shows a symmetrical effect for momentum
stocks experiencing the most positive earnings surprises and the largest outflows (retail group 1).
Such stocks exhibit the most positive returns in the post-formation period, particularly the stocks

in the winner portfolio.

Overall, the evidence shown in Figure 10 and Figure 11 suggests that the impact of retail
contrarian investor behavior on stock prices goes well beyond a few days around company news

announcements and might extend to months beyond the announcements.
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VI. Robustness Checks and Alternative Explanations

Alternative Explanations: The Disposition Effect

A possible alternative explanation for the net selling of stocks with positive earnings surprises is
the disposition effect, the tendency of investors to prioritize assets with embedded capital gains
over those with capital losses when selling a stock (Shefrin and Statman, 1985; Odean, 1998). The

disposition effect is a widely studied and widespread phenomenon.

In order to distinguish this explanation from contrarianism we proceed in two steps. First, we
show that the investors in our sample do indeed suffer from the disposition effect, and then we
zero in on their trading around earnings surprises and show that the disposition effect doesn’t

explain investor behavior in this setting.

Table 3 reports the estimated disposition effect in our sample of retail investors using a
methodology similar to Odean (1998). Pct. Loss (Gain) Realized, PL(G)R, is calculated as the number of
stock positions that were sold at a loss (gain) divided by total number of stock positions that had losses
(gains), both realized and on paper. A negative difference between PLR and PGR suggests investors are
more likely to realize a gain than a loss, i.e. the disposition effect. The table reproduces the results in the
Odean (1998) study for ease of comparison and shows that the investors in our sample exhibit the
disposition effect, and, if anything, the magnitude of the effect appears to be larger in our sample

than in Odean’s (1998) sample.

Table 4 contains the analysis of the trading behavior of the same investors around earnings
announcements. The analysis is performed on a 1% sample of the accounts. For each positive
earnings surprise, we collect the portfolios of all investors in the sample who hold that stock. We
then perform regressions with investor-surprise fixed effects, i.e. for each investor-surprise, we
check which of the stocks in her portfolio, if any, the investor traded in the days around the
surprise, from day -1 to +3, and specifically whether it was a stock with a gain (disposition effect)

or the one with a surprise regardless of the embedded capital gains (contrarianism), or one with

both.>

5 Separating day -1 from days 0 to 3 doesn’t affect the results (available upon request).
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The disposition effect predicts that stocks for which the investor has a gain are more likely to
be sold, i.e. a positive sign on the Gain coefficient.° Column (1) of the table shows that around
earnings surprises having a gain on a stock is unrelated to the likelihood such stock will be sold.

The coefficient is both economically and statistically insignificant.

Colum (2) shows that a stock experiencing a positive earnings surprise is 1.16 percentage
points more likely to be sold, compared to a baseline probability of 8.92% of selling a different
stock in the investor portfolio at that time. Column (3) reports the results of a regression with
controls for both the presence of a capital gain, a positive surprise, and their interaction. It confirms
the results of the previous two columns: around earnings surprises investors act as contrarian and
don’t seem to display the disposition effect. The interaction terms also indicates that conditional

on a positive surprise, having a gain doesn’t increase the probability the stock is sold.

Column (4) and (5) split the sample into investors who have bought the surprise stock within
the [-1,+3] interval and those who have been holding the surprise stock before day -1, respectively.
The results indicate that contrarianism is concentrated among those who buy the stock around the
surprise episode. For these investors, the coefficient of the interaction term is negative and
statistically significant, indicating that, conditional on a positive earnings surprise, the presence of
an embedded gain makes the probability of selling the stock in the short period after the

announcement slightly lower.

Finally, Column (6) controls for the fact that earnings surprises tend to be clustered in time and
that it is possible that the investor sells a different stock than the surprise stock we are looking at,
but that such stock is also experiencing a surprise in those days. Indeed, the coefficient on the
dummy variable capturing whether the investor sells other stocks in her portfolio that also have a
positive surprise in that time interval is positive and statistically significant, reinforcing the result
that investors are more likely to sell a stock with a positive surprise. Similar to the results in
Columns (3)-(5), whether these other stocks are also experiencing a capital gain is not an

economically nor statistically significant determinant of the probability of selling.

® To calculate the gain, we use the average cost basis method, whereby we assume the cost of buying the shares of the
stock being sold is equal to the average cost of that stock’s shares in the investor portfolio.
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Alternative Explanations: Stale Limit Orders

Another potential explanation for our findings is that the contrarianism we observe is a mechanical
result of stale limit orders posted by retail investors some time before the earnings surprise, and
possibly forgotten, and that are eventually fulfilled by following the jump in price generated by

the earnings announcement.

Figure 12 shows that this is not a concern in our dataset: 34.3% are limit orders placed by our
investors are filled when they are placed, and an additional 46% are filled within 36 seconds from
the time they are placed. These statistics are even starker if we weight the orders by dollar amount,
in which case we find that the additional 46% of orders that is not executed immediately is fulfilled

within 6 seconds.
Alternative Explanations: Rebalancing and Tax Considerations

In future work we plan to also investigate portfolio rebalancing and tax considerations as possible
explanations of our results. These explanations are unlikely to account for the phenomena we
observe as they have been already dispelled by Odean (1998) as not being major drivers of retail

investor trading.
VII. Who is Contrarian?

Individual Contrarian Score

While contrarian trading behavior by retail investors around earnings announcements is
statistically and economically significant, not all retail investors are contrarians. Figure 13 plots
the distribution across individuals of the fraction of their earnings-related trades that are contrarian.
The left panel includes all individuals who execute at least 2 earnings-related trades, while the
right panel restricts the sample to those who execute at least 12 earnings-related trades during their
time in the sample. We define a trade as contrarian if it is a buy (sell) between t and t+3, and the

SUE was less (greater) than zero.

Both panels show that there is dispersion in the buying and selling behavior of individual
investors around earnings surprises with respect to contrarianism. Although contrarian trading
appears more often in our sample than trend trading, the latter is still significant. The right panel

shows that for the population of investors who trade often around earnings announcements, more
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than 50% of them trade contrarian at least half of time, and more than 65% trade contrarian at least
40% of the time. But close to 50% of investors trade non-contrarian at least half the time.
Nevertheless, only 10% always trend-trade. This proportion goes to 20% in the population that

trades less frequently on earnings announcements.

We find that contrarian scores are higher for younger investors and those who make round trips
trades around the earnings announcement. By contrast, once we control for the variables above,
gender doesn’t appear to be statistically significantly related to the share of contrarian trades an

investor makes around earnings announcements.
Firm Contrarian Score

Similarly, in Figure 14 we report the distribution of the fraction of trades that are contrarians for
each earnings announcement. Such fraction is zero for earnings surprises where none of the
investors in our sample who traded did so in a contrarian manner, while it is equal to one for the

announcements where all those who traded were contrarians.

The graph shows that about 12% of the earnings announcements do not have any contrarian
trades among the investors in our sample, while about 3% only have contrarian trades. The

distribution of the remaining scores appears to be symmetric around 50%.

In Table 5 we investigate the characteristics of the firms with more contrarian trades around
their earnings announcements. We focus on sale transactions in Columns (1) to (4), and on buy

transactions in Columns (5) to (8).

As a baseline, in Columns (1) and (5) we regress the fraction of contrarian trades in each
earnings announcement on year dummies. The coefficients show that the average fraction of

contrarian trades by announcement is stable over our sample for both buys and sales.

In Columns (2) and (6) we control for market beta, dividend yield, t-12 to t-2 returns, and
liquidity, as measured by Kyle’s (1985) lambda. We find that stocks with higher betas, lower
dividend yields, and lower past returns tend to experience a higher fraction of contrarian sales
around their earnings announcements. A one-point increase in the stock’s beta is associated with
a 2.5 percentage point increase in the fraction of contrarian trades, while a one percentage point
increase in the dividend yield or in the past returns is associated with a 3.11% and a 2.71% decrease

in such fraction, respectively. By contrast, the stocks that experience more contrarian buying
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around negative earnings surprises tend to have higher dividends and lower past returns. The effect
is particularly strong in the case of dividends: a one percentage point higher dividend yield is
associated with a more than twice as big fraction of contrarian buys. A one percentage point lower
past return is associated with a 2.04 percentage point higher fraction of contrarian buys. The
association between market beta and the fraction of contrarian buys is both economically and
statistically insignificant. Finally, liquidity doesn’t appear to be statistically significantly related

to neither contrarian buys nor sales.

When we further control for firm size, as measured by assets, book to market ratio, gross
profitability, leverage, number of analysts covering the stock, institutional ownership, and market
capitalization, we find that the coefficients on the original controls are stable and that among the
new control variables only book to market, leverage, and analyst coverage matter for the sales
(Column (3)). Specifically, a 0.10 increase in the book-to-market (leverage) ratio is associated with
a 2.10 (0.50) percentage points increase in the fraction of contrarian sales following a positive
earnings surprise. An additional analyst following the stock is associated with 13.4 basis points
increase in such fraction. For buys, among the additional control variables firm size, gross
profitability, the number of analysts, institutional ownership, and market capitalization are
statistically significant. Column (7) shows that a $10 million increase in firm size is associated
with a 3.8 percentage points increase in the average fraction of contrarian buys. A one percentage
point increase in gross profitability is associated with a 4.29 percentage points drop in it, while an
additional analyst with a 24.2 basis points increase in such fraction. A one percentage point
increase in institutional ownership is associated with 7.24 percentage lower contrarian buys share.
Finally, in Columns (4) and (8) we re-run the same regressions controlling for year fixed effects

and obtain qualitatively and quantitatively similar results.
VIII. The Role of Attention

In this section we investigate the role of attention on investor behavior.

For a subset of our sample of retail investors, we can observe how active they are in the trading
platform, i.e. how often they log into their online account, and how often they look up a stock in

the research page of their online account.
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Table 6 examines buying and selling behavior conditional on earnings announcements for this
sub-sample of 11 thousand investors. We construct an indicator variable that takes a value of 1 if
the investor has been looking up a stock in the research page of her online account prior to the

earnings announcement.

Columns (1) and (4) of Table 6 confirm that our investors tend to sell stocks with positive
earnings announcement returns and buys stocks with negative earnings announcement returns. We
calculate earnings announcement returns as the cumulative return on the stock in the five trading
days following the earnings announcement. A one percentage point increase in the earnings return
is associated with a 92 basis points higher probability of selling the stock. Compared to the same
table for a large sub-sample not conditional on the availability of clicks information (Table 1A in
the Appendix), the coefficients are larger, indicating that this contrarian behavior is, if anything,

more intense for this subsample of individuals.

Column (2) and (5) show that the coefficient on the attention variable is positive and
statistically significant in both selling and buying, consistent with the positive relationship between
trading and attention. Column (2) shows that, holding earnings returns constant, the probability of
selling for an investor who has researched the stock on the platform is 1.9 percentage points higher
than for one who hasn’t. However, conditional on doing research a higher earnings return doesn’t
further increase the probability of selling in a statistically significant way. By contrast, Columns
(4) to (6) show that pa