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Abstract

This paper shows that rank e�ects, investors’ preferences for selling both their best and
worst-ranked stocks, can be traced to di�erent investor responses as their portfolio per-
formance �uctuates over time. Rank preferences are asymmetric: When investors face
poorly performing portfolios, they are predisposed to liquidate their best stocks; otherwise,
their rank preferences attenuate and show some shift towards selling their worst positions.
These �ndings are consistent with investors becoming more risk averse after observing
under performing portfolios and allocating greater attention to their extreme performing
positions. Because asymmetric rank preferences can induce mechanical changes in the
disposition e�ect, these results also shed light on the countercyclical movement of the
disposition e�ect with both the portfolio performance and the stock market, as well as on
the puzzling asymmetric V-shaped selling propensity in response to unrealized pro�ts.
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1 Introduction

The leading empirical framework for the study of investors’ trading behaviour assumes that they

engage in narrow framing by paying attention to each stock’s gains and losses in isolation (e.g.,

Barberis and Xiong, 2012; Ingersoll and Jin, 2013; Frydman et al., 2014). Most of the empirical

literature on asset prices ignores the fact that trading choices are made from sets. Pervasive

e�ects of the choice set have been repeatedly demonstrated in consumer choice (e.g., Benartzi

and Thaler, 2001; Kivetz et al., 2004; Simonson and Tversky, 1992). These �ndings suggest

that judgments are relative and highlight the possibility that investors may have unstable or

ill-formed preferences about their assets. More recently, some studies have taken into account

the context provided by the choice set. Hartzmark (2015) o�ers what may be the most careful

treatment of how the relative performance of stocks within the portfolio impacts trading

decisions. He �nds that investors are more likely to sell both the positions with the highest

and the lowest performance ranks in their portfolio (a phenomenon he labels the “rank e�ect”).

Furthermore, he shows that both retail traders (including sophisticated investors) and mutual

fund managers exhibit strong rank e�ects. Subsequent work has replicated these �ndings using

diverse security brokerage data (An and Argyle, 2020; Frydman and Wang, 2020), and even

when ranks were de�ned di�erently, by alphabetical order of company names (Frydman and

Wang, 2020).

In this paper, I show that investors’ preferences for selling both the best and the worst-

ranked positions in their portfolio, observed in the cross section, can be traced to di�erent

responses of investors when their portfolio performance �uctuates over time.1 Rank e�ects

are asymmetric: when investors face portfolios with poor performance, they are predisposed

to liquidate their best stocks; otherwise, their rank preferences attenuate and show some

shift toward liquidating their worst positions. More broadly, the mechanisms behind the

interaction e�ect between rank preferences and portfolio performance that I document here

can explain other perplexing features in retail trading data, such as the asymmetric V-shaped

selling propensity in response to unrealized pro�ts (i.e., the �nding that the investors’ selling

probability increases as the magnitude of gains and losses increases, with a steeper slope for

1 Throughout, when I refer to portfolio performance, I mean the proportion of stocks in gain in the portfolio.
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gains than for losses; Ben-David and Hirshleifer, 2012), the countercyclical movement of the

disposition e�ect—perhaps the most prominent bias exhibited by investors—with the portfolio

performance (An et al., 2019) and with the stock market (Bernard et al., 2021).

My empirical analysis exploits two comprehensive datasets. The �rst dataset is provided

by Barclays Stockbroking, one of the largest execution-only discount brokerages operating

in the United Kingdom. I use individual investor account data from a four-year period. The

data contains detailed records of positions held by investors, as well as their daily trading and

login activity on their accounts. These features allow me to calculate returns on purchased

stocks at a daily frequency for both selling days and login days. I use these returns to rank

stocks. The second dataset is the same as in Barber and Odean (2000), Hartzmark (2015), and

Strahilevitz et al. (2011). The dataset comes from a large discount brokerage (hereafter referred

to as the LDB dataset) and includes daily transactions and monthly positions from January

1991 to November 1996.2 As with the �rst dataset, I calculate returns on purchased stocks and

use them to rank stocks (albeit only for selling days). The LDB dataset is one of the most widely

used individual investor datasets in the literature, and so it eases the comparison of my rank

e�ect estimates with other documented patterns in investor trading behaviour.

To provide compelling evidence for how rank preferences �uctuate in response to changes

in portfolio performance, I start by revising the most common approach used to quantify rank

e�ects, which computes average sales for each rank category, polling sales data of portfolios of

di�erent sizes at the account × stock × day level (for more details, see Hartzmark, 2015). Despite

the initial focus on the method, it is important to emphasize that the argument developed here

should not be understood as suggesting that the original rank e�ect estimates are irrelevant.

Part of the point of this paper, and a �rst contribution, is to highlight some methodological

issues that have received little attention thus far and o�er some methodological suggestions

for consideration.

Under the standard approach, rank categories are de�ned based on how far they are from

the best and worst positions in the portfolio, i.e., best (worst) stock, second-best (worst) stock,

etc. Then, there are as many rank categories as there are stocks in the portfolio. I note two

2 I thank Terry Odean for providing the large discount brokerage data.
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obstacles with this approach. First, although we obverse heterogeneity in the number of stocks

individuals hold, on most trading days investors sell only a few stocks (only one stock in over

75% of trading days). This implies that the probability of a sale decreases with the portfolio

size and that rank positions are endogenous to the number of stocks in the portfolio. In other

words, by combining portfolios of di�erent sizes, rank e�ect estimates are subject to downward

bias at the middle positions. This mechanical confound has not been fully recognized in the

literature. Moreover, because the mechanics behind it are not self-evident, earlier could not

distinguish between authentic and mechanical rank e�ects.3 Second, I demonstrate that the

resulting rank e�ect estimates cannot help to draw inferences about the pervasiveness of this

behavioural phenomenon as estimates are uninformative about how prevalent rank e�ects are

among investors or among trading days.

Notably, as I discuss later in the paper, the prevailing practice of neglecting investors low

trading, regardless of their portfolio size, has consequences that go beyond studies of rank

preferences. Failure to account for this aspect, for instance, may lead to signi�cant arti�cial

variations in the disposition e�ect, perhaps the most extensively researched cognitive bias in

behavioral �nance.4

Thus, the �rst part of this paper o�ers a new and complementary approach for assessing

rank e�ects. I test rank preferences by computing the proportion of selling days in which

investors sold stocks belonging exclusively to a particular rank category. I classify stocks into

three rank categories by dividing them into terciles based on their performance. In the raw

Barclays data, I observe that on most trading days investors sell either their best or their middle

positions (43% and 20% of days, respectively), and only on a small fraction of days (18%) they

realize their worst positions.5 Although small in the aggregate sample, the preference for selling

3 Even when this confound is partially o�set by adding dummy variables for account × day �xed e�ects, a more
exhaustive treatment demands the study of trading patterns for di�erent sub-samples of the data split by the
number of stocks held (i.e., allowing rank e�ects and coe�cients from other control variables to vary across
sub-samples). Moreover, a complete treatment also demands the study of the prevalence of the rank e�ect among
investors and trading days, while accounting for this mechanical bias. The �rst part of this paper o�ers a new
approach aiming to achieve these goals.

4 In Section 5.4, I show that neglecting this aspect in the data can lead to a mechanical association between the
disposition e�ect and the portfolio performance.

5 These percentages do not necessarily add up to 100% because they only include days in which the investor sold
stocks exclusively from one of the three rank categories, i.e., observations from an investor selling a position from
the top rank category and another from the middle-rank category are not included in the computation of the
percentages for these two rank categories.
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the worst-ranked stocks almost doubles when investors held portfolios with a large proportion

of stocks in gain, which provides initial evidence for the asymmetric rank e�ects of primary

concern in this paper.

While the analysis described above allows us to get a good sense of the prevalence of

rank preferences in the data, the next part of the paper focuses on testing the moderating role

of the portfolio performance on rank e�ects. To rule out possible omitted variable concerns

related to stock-speci�c factors correlated with rank positions, such as volatility, skewness or

dividend announcements, it is necessary to analyze the data at the account × stock × day level

to allow the inclusion of relevant control variables. Nevertheless, I exclude from the analysis all

middle positions in order to avoid the confounds introduced by studying portfolios of di�erent

sizes that bias downward preferences for middle positions.6 This structure of the data allows

for a clean identi�cation of rank e�ects by comparing the trading behaviour among investors

who have held the same stock on the same day, but who di�ered in the composition of their

remaining portfolio. My baseline regression model includes dummy variables to indicate rank

positions and interaction terms with portfolio performance.

In a series of tests, I show that the observed asymmetric rank e�ects are robust to a wide

range of checks. First, they are not driven by the disposition e�ect (i.e., the preference for

selling winner stocks over loser stocks or sign realization preferences). Second, they are robust

to controlling for magnitude realization preferences (i.e., magnitude of stocks’ returns). Third,

they are not driven by unobserved (time-invariant) individual di�erences, such as innate ability

or investor sophistication. Fourth, by analysing di�erent splits of the data, I show that the

results are not speci�c to particular demographic groups or portfolio characteristics.

As part of further robustness tests, I also o�er a more detailed account of confounds arising

from the disposition e�ect. In a recent study, An et al. (2019) contrasted the disposition e�ect

for paper gain and paper loss portfolios. The authors’ main �nding is that the disposition e�ect

diminishes in paper gain portfolios. I present a series of econometric exercises that provide

compelling evidence for independent e�ects of these two phenomena. Moreover, I show that

6 This exclusion does not represent a concern since my goal now is no longer to investigate the prevalence of rank
preferences across all rank categories but to analyse how preferences for the best and worst positions �uctuate
within accounts.
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asymmetric rank preferences account for at least 60% of the e�ect initially attributed to the

disposition e�ect. The paper also devotes a section to the study of trading heuristics that

could account for the remaining e�ect, all of which are often unintentionally overlooked when

investors’ low trading activity is not accounted for in empirical analyses.

Collectively, to the extent that the documented asymmetric rank e�ects are pervasive in

two di�erent datasets, these results provide much support for the interpretation of the rank

e�ect as a fundamental component of investor behaviour. These results demonstrate that once

we consider the in�uence of the portfolio performance on rank preferences, we are able to

elucidate large variations in trading behavior across assets.

The remaining question is what is the mechanism by which portfolio performance moder-

ates rank e�ects? To shed light on this, I start by examining three rational-based explanations. I

test whether the results are driven by portfolio rebalancing motives or by tax-motivated selling.

I also test whether beliefs in mean-reverting stock returns could account for the observed

patterns. All these alternatives are ruled out by additional checks.

Next, I discuss four non-exclusive behavioural explanations. First, while my results indicate

that the disposition e�ect is not the root of this phenomenon—as asymmetric rank a�ects

arise even when investors’ portfolios contain all positions in loss—I test for the possibility

that investors may reset reference points over time, then stocks trading below the purchase

price may be considered to be trading at a gain. However, allowing for dynamic reference

points (given by prices observed in the past week, month, and quarter) cannot account for the

observed trading patterns. Investors liquidate their best positions even when they are at a loss

relative to their purchase price and relative to each of these other alternative reference points.

Second, investors may exhibit cognitive dissonance. When leverage constrained investors

hold all their positions at a loss, selling a small loser would involve admitting the smallest

mistake. However, cognitive dissonance cannot justify why investors holding portfolios in gain

are less prone to sell their best positions, even if doing so would reinforce positive beliefs about

themselves.

Third, I consider the possibility that portfolio value movements induce (hedonic) utility
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at the moment investors observe them,7 and that investors attending to underperforming

portfolios become more risk averse and fearful of further losses. This increased risk aversion,

added to the assumption that investors pay more attention to extreme performing stocks,8

would motivate the sale of their best positions. This narrative is consistent with �ndings from

Thaler and Johnson (1990) and Imas (2016), who show that a loss is less painful to people when

it comes after a substantial prior gain (the house money e�ect). Conversely, prior losses make

people more risk-averse to gambles that risk additional losses.

The last mechanism I consider is the possibility that investors take actions to self-regulate

their mood. Isen and colleagues show that people in whom positive a�ect has been induced

are reluctant to gamble, sometimes avoiding signi�cant large stakes and even when there is

increased optimism about winning (e.g., Isen and Patrick, 1983; Isen et al., 1988; Isen, 2000).

Perhaps selling a stock at a gain could be an investor strategy to o�set the mood e�ects induced

by observing portfolios in loss. However, the �nding that investors are willing to sell their best

stocks even when these correspond to stocks in loss casts doubt on this interpretation of the

results.

The last part of the paper examines the implications of the primary mechanism discussed

above on a particular related phenomenon: the asymmetric V-shaped selling propensity in

response to unrealized pro�ts (i.e., the observation that the investors’ selling probability

increases as the magnitude of gains and losses increases, with a steeper slope for gains than

for losses, documented by Barber and Odean, 2013, Ben-David and Hirshleifer, 2012, and Seru

et al., 2010). Elucidation of this phenomenon is important because, as �ndings from An and

Argyle (2020) point out, this trading behaviour can impact equilibrium price dynamics and

generate subsequent return predictability in the cross-section. The most accepted explanation,

developed by Ben-David and Hirshleifer (2012), contends that this trading pattern arises from

speculative traders who revise their beliefs about the future performance of their stocks when

large price movements occur. This paper proposes a complementary but distinct view of

this phenomenon, namely, that it stems in part from investors changing risk attitudes when

7 Therefore, investors derive utility from both the (paper) gains in their portfolio as well as and the realized gains
from stock sales, evaluating these two in two di�erent “choice brackets”.

8 When holding many positions at a loss, the best position stands out a lot. Likewise, when holding many positions
at a gain, the worst position stands out more.
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their portfolio performance �uctuates over time (in accordance with the main behavioural

mechanism described above). It is natural to expect that preferences for extreme-ranked stocks

and preferences for extreme returns should move in the same direction. These expectations are

veri�ed in the data.

In addition to motivating a new explanation for the rank e�ect observed in the cross

section and providing insight on the V-shaped investors’ selling propensity, the primary results

of this paper can also shed light on the observed countercyclical �uctuations of the disposition

e�ect with the stock market (Bernard et al., 2021). Part of these �uctuations may be due to

changes in risk preferences if boom periods correlate with a large proportion of stocks in gain

in investors’ portfolios; while bust periods, with a large proportion of stocks in loss.

This paper contributes to several strands of the literature. First, it extends earlier research

examining the role of prior losses on subsequent risk-taking behaviour (Andrade and Iyer, 2009;

Imas, 2016; Langer and Weber, 2008; Shiv et al., 2005; Weber and Zuchel, 2005) by documenting

that investors react to (paper) portfolio losses in addition to (realized) stocks losses.

Second, the paper complements the strand of work that studies how people allocate

attention to possible outcomes. A large body of experimental work has shown that people

assign disproportionate attention to the best and worst outcomes that could happen (Rank-

Dependent Utility Models, starting with Quiggin, 1982). The asymmetric rank e�ect documented

here demonstrates that investors’ attention to extreme outcomes (i.e., extreme stock returns) is

exacerbated when investors face portfolio losses.

In the asset pricing literature, the primary �ndings of this paper are consistent with models

that assume loss aversion over wealth �uctuations and time-varying risk aversion in order to

explain asset pricing anomalies, such as the excess volatility of returns and the equity premium

puzzle (e.g., Barberis et al., 2001). Changes in risk aversion driven by acknowledging shifts in

portfolio value might explain high volatility in returns, which could lead to persistent losses,

making our loss-averse investors require a high equity premium to hold stocks.

In the broader literature, the paper is also related to growing research on behavioural

biases exhibited by individual investors. Investors often display pervasive biases such as the

disposition e�ect (Odean, 1998; Shefrin and Statman, 1985), narrow framing (Barberis et al.,
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2006; Kumar and Lim, 2008), and overcon�dence (Barber and Odean, 2001). Investors also appear

to employ basic heuristics to limit the set of stocks between which to choose, trading often

based on attention grabbing characteristics (Bordalo et al., 2012; Hartzmark, 2015; Itzkowitz

et al., 2016; Jacobs and Hillert, 2016). Moreover, while there is much evidence suggesting that

trading is focused on attention-grabbing stocks, such as stocks with extreme returns,9 much

less is currently known about when investors shift their preferences toward other asset types.

Here, I demonstrate that �uctuations in the portfolio performance can elucidate part of these

shifts in investors’ preferences.

The paper proceeds as follows: Section 2 describes the data used in the study. Section 3

discusses the standard measures researchers have proposed for the study of rank e�ects.

Section 4 presents the empirical analysis aimed to quantify the prevalence of rank e�ects in

the data. Section 5 focuses on testing the moderating role of the portfolio performance and is

followed by additional robustness and sensitivity tests. Section 6 discusses the main �ndings

and concludes.

2 Data

This paper uses two comprehensive datasets on retail investors. The �rst dataset is provided by

Barclays Stockbroking, an execution-online brokerage service operating in the United Kingdom.

The data include daily trading activity of new accounts that opened after the beginning of April

2012, which I follow until March 2016. The analysis focuses solely on new accounts because to

be able to rank stocks based on their performance, I need to calculate returns since purchase

on all stocks held within each account. For the computation of returns, I matched each security

identi�er in the data against SEDOL codes in Datastream to �nd the market prices on the

day.10 The sample excludes investor × stocks for which the purchase price is unknown because

either their security codes could not be linked to Datastream codes, or because their positions

were transferred into the account during the sample period (from a di�erent brokerage service

9 For examples, see An and Argyle (2020); Barber et al. (2005); Barber and Odean (2008); Frydman and Wang (2020);
Hartzmark (2015); Meng and Weng (2018).

10 When investors purchased additional shares of a stock, I use the weighted-average purchase price as the purchase
price for the computation of returns.
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provider). The sample also excludes days on which the investor held fewer than �ve stocks,

following Hartzmark (2015). Stocks are not included on the day that their position is opened.

The �nal baseline sample includes 4100 accounts. A breakdown of the steps in sample selection

and data exclusions is provided in Table A1.

The main analyses use days when the investor made at least one sale (Sell-Days). This

sample restriction is standard in the literature (beginning with Odean, 1998) given that in the

remaining days it is not certain that investors were aware of all prices and returns on their

stocks (i.e., it is not possible to distinguish whether the absence of a sale is the result of a

deliberate choice or due to inattention). However, the data also includes records of investor

login activity (a daily-level dummy variable for whether the investor made a login to the online

trading platform). Given this feature of the data, I am able to replicate the main analyses using

the extended sample of Login-Days (which incorporates the Sell-Days sample). On these days,

investors accessed their portfolio, gathered information on their stocks’ prices and returns, and

could potentially make a trade.

Table A2 shows summary statistics for the baseline sample. The majority of account

holders are male (approximately 85%). Their average age is 50 years, and they have held their

accounts with Barclays for roughly two years on average. The average portfolio value is

approximately £60,000; however, the median investor holds a much smaller portfolio of about

£14,000. Portfolios contain eight stocks on average but note that this sample excludes account

× days with fewer than �ve stocks. Besides holding a few stocks, only a small proportion of the

portfolio size (by value) is invested in mutual funds (7.8%). This pro�le of investors is consistent

with the characteristics described in a broad set of studies analysing retail investors.

Table A2 also presents statistics for login and transaction activity. Account holders log in

to their accounts much more frequently than they trade. They log in on average once every

four days, but make a transaction only once every �fteen market open days (i.e., approximately

once every three weeks). Again, this much more frequent login activity is reminiscent of login

patterns observed among retail investors in the United States (see Sicherman et al., 2016).

The second dataset (the LDB dataset) is the same as Barber and Odean (2000), Hartzmark

(2015), and Strahilevitz et al. (2011). The LDB dataset comes from a large discount brokerage
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and includes daily transactions and monthly positions from January 1991 to November 1996.

Like with the �rst dataset, the analysis focuses solely on new accounts (albeit it is restricted to

Sell-Days). I augmented the data using daily CRSP prices and split factors because prices in the

LDB dataset are not adjusted for splits and dividends.11 Following Odean (1998), Ben-David

and Hirshleifer (2012), and Hartzmark (2015), I restricted the analyses to US common stocks

and removed any account × stocks with negative commissions or that included short sale

transactions. The �nal sample retains days on which the investor held at least �ve stocks. The

�nal baseline sample consists of 7083 accounts. A detailed breakdown of the steps in sample

selection and data exclusions is provided in Table B1. Table B2 shows summary statistics for this

baseline sample. The average portfolio value is approximately $57,000; however, the median

investor holds a much smaller portfolio of about $27,000. Portfolios contain eight stocks on

average in the baseline sample but, again, note that this sample excludes account × days with

fewer than �ve stocks.

At this point, it is important to stress that while for comparability with the original rank

e�ect estimates, both datasets are restricted to portfolios containing at least �ve stocks, in reality,

retail investors are much more under-diversi�ed. In both datasets, the median investor holds

only three stocks in their portfolios before narrowing the samples (with an upper interquartile

range of six stocks).12 Thus, data analyses could be arguably constrained to less conventional

investors who may wish to diversify their asset allocation and rebalance over time.13

3 Di�culties in the Estimation of Rank E�ects

This section describes the standard framework used to test for rank e�ects and its major

drawbacks. Rank e�ects are computed by pooling the data at the account × stock × day level.

Thus, each observation is a stock (j) for an investor (i) on a sell day (t). Ranks are de�ned based

11 Returns in the Barclays dataset use the closing price of the sell day. However, for comparability with Hartzmark
(2015), returns in the LDB dataset use the closing price on the day prior to the sell day. In both cases, rank e�ect
estimates are not much di�erent when using either the closing price of the sell day or that of the day before the
sell day for the computation of returns. Figure A1 shows that returns are approximately normally distributed
with mean at zero for the Barclays dataset. Figure B1 shows that returns are more positively skewed for the LDB
dataset.

12 Preferences for small portfolios are prevalent among retail investors and appear to be driven by preferences for
skewness, volatility, and low prices (Kumar, 2009; Mitton and Vorkink, 2007).

13 In Section 5, I study whether the �ndings of the paper arise from investors’ desire to rebalance their portfolios.
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on returns from purchase within accounts. The following proportions de�ne rank preferences.

�4BC =
#�4BC (>;3

#�4BC (>;3 + #�4BC #>C (>;3

2=3 �4BC =
#2=3 �4BC (>;3

#2=3 �4BC (>;3 + #2=3 �4BC #>C (>;3

"833;4 =
#"833;4 (>;3

#"833;4 (>;3 + #"833;4 #>C (>;3

2=3 ,>ABC=
#2=3 ,>ABC (>;3

#2=3 ,>ABC (>;3 + #,>ABC #>C (>;3

,>ABC =
#,>ABC (>;3

#,>ABC (>;3 + #,>ABC #>C (>;3

In the �rst proportion, #�4BC (>;3 is the number of best-ranked stocks on a sell day that

had their positions decreased, and #�4BC #>C (>;3 is the number of best-ranked stocks for which

the number of shares stayed the same or increased. The remaining proportions are computed in

the same fashion. Note that middle stocks incorporate stocks not ranked in the top or bottom

two positions. These measures, proposed by Hartzmark (2015), are analogous to the proportion

of realized gains (losses) used by Odean (1998).

The rank e�ect can be seen by examining the bottom part of Table 1. Best–Middle is

the di�erence between the best and middle proportions described above. On selling days, a

best-ranked (worst-ranked) stock appears to be 25.9% (6.9%) more likely to be sold than a

middle-ranked stock. The results using login days in Column 1 display parallel patterns, i.e., a

stronger preference for extreme ranks than for middle ranks.

A visual representation of rank e�ects can be seen in Figure 1, but this time the proportions

are computed for the four best and the four worst ranked stocks. We observe a clear “U” shape

pattern, with some larger preferences for higher ranked stocks. The overall patterns we observe

in Table 1 and Figure 1 replicate the initial set of results presented by Hartzmark (2015). Table B3

and Figure B2 in the Appendix replicate these patterns in the LDB dataset. However appealing

these patterns may initially be, there are concerns to address before we connect rank preferences

to trading patterns.
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3.1 Bias Introduced by Ignoring Heterogeneity in Portfolio Sizes

First, consider that in the data investors sell often one stock even when they hold large portfolios

(as illustrated by Figure 2 for the Barclays dataset and Figure B3 for the LDB dataset). This

behaviour implies that by mixing portfolios of di�erent sizes it is possible to obtain an (arti�cial)

rank e�ect. Observe Figure 3 where I simulate 1000 trading days for three investors (in panels

(a), (b), and (c)) who hold portfolios of various sizes. Every day, investors reduce their position

in one randomly selected stock from their portfolio. Panel (d) aggregates all trading days from

these three investors. Panel (d) reveals a smooth "U" shape, even when, by construction, these

investors hold no preferences over stocks’ ranks.

Second, even if we restrict the analysis to stocks belonging to portfolios of the same size

(which can be achieved, to some extent, by adding account × day �xed e�ects into a regression

framework), the magnitude of the rank e�ect estimates is not informative to the extent to

which people display rank e�ects, i.e., rank estimates do not inform on the prevalence of rank

e�ects across trading days or across investors.

To illustrate this point, see the top panel of Figure 4 where I simulate data for three types

of investors who hold each ten stocks. The �rst type of investors prefers to sell low-ranked

stocks; the second type is averse to selling extreme ranks but has no particular preference

for any stock in the middle positions; and the third type prefers to sell high-ranked stocks.

Subpanel (d) aggregates their trading days in equal proportions.

In the bottom panel of Figure 4, I repeat the same exercise, but this time investors hold

portfolios of 20 stocks. Subpanel (d), again, aggregates their trading days, but now investors

averse to selling extreme ranks comprise 50% of the total sample. Results from the aggregate

samples are striking. First, both subpanels (d) re�ect a “U” shape, despite the fact that no

single investor in these simulated samples has simultaneous preferences for selling extreme

ranks (i.e., best and worst stocks). Second, the aggregated samples in these two panels appear

identical even when a much larger proportion of investors are averse to selling extreme ranks

in the second panel. It is trivial to generate examples in which a “U” shape emerges despite

the addition of a much larger proportion of investors displaying preferences for selling middle
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stocks.14

4 Prevalence of Rank E�ects

To provide rank e�ect estimates that are informative on the prevalence of rank preferences, I

move from an analysis of selling probabilities at the account× stock × day level to an analysis

at the account× day level. This data structure is coherent with the �nding that investors often

sell only one stock regardless of their portfolio size.

I de�ne three rank categories by dividing stocks into terciles based on their performance.15

Panel A of Table 2 shows rank preference using Barclays data at the account × day level. The

�rst column shows the proportion of selling days in which the investor sold any stock from the

top rank category (Any Best Rank), the bottom rank category (Any Worst Rank), or positions in

between (Any Middle Rank). Proportions are not mutually exclusive, i.e., observations from an

investor selling a position from the top rank and another from the middle rank will contribute to

the computation of proportions for these two rank categories. However, in Panel B, proportions

are computed including days in which the investor sold stocks exclusively from one of the

three rank categories.16 Columns 2 to 5 split the sample by the proportion of stocks in gain in

the portfolio.

Raw patterns from Column 1 (Panel B) reveal that on most trading days investors sell

either their best or their middle positions (43% and 20% of the trading days, respectively), and

only on a small fraction of trading days (18%), investors prefer to realize exclusively their worst

positions. Contrasting the size of these observed preferences with those obtained using data

at the account × stock × day level (in Table 1) underlines the downward bias at the middle

14 Although subpanel (b) is designed to illustrate the methodological constraints of the standard framework, it is not
necessarily rare. Because of salience, an investor can easily detect their best and worst performing stocks, but
could hardly identify the precise rank position of their middle stocks. As a consequence, the probability of selling
their middle stocks would be more evenly distributed, particularly when holding large portfolios.

15 While one could compute selling preferences for each precise ordinal rank, doing so assumes that investors can
recognize the precise ordinal position of each stock in their portfolio. However, it is unlikely that they can do
so e�ectively. A large body of studies in perception research shows that the number of separate categories that
individuals can reliably identify without error along a single physical dimension is often very small (about 7 ± 2
according to Miller, 1956).

16 As such, proportions in Panel B do not necessarily add up to 100%, e.g., observations from an investor selling
a position from the Best Rank category and another from the Middle Rank category will not be included in the
computation of the selling proportions for these two rank categories.

14



positions introduced by the conventional analysis.

A remarkable feature of Table 2, across both panels, is how large the drop in the preference

for realizing the best-ranked stocks is when the portfolio composition moves from 0%-25%

stocks in gain to 75%-100% stocks in gain (a drop of about 50% in the proportion of sell days).

This change in the preference for the best stocks is accompanied by a parallel increase in the

preference for realizing stocks from the bottom positions. Although small in the aggregate

sample, the preference for the worst-ranked stocks almost doubles in the subset of days when

investors hold portfolios with a large proportion of stocks in gain.

To facilitate the interpretation of the data, Panel A of Figure 5 plots the rank preferences

for the case of mutually exclusive rank categories. We observe a moderate trade-o� between

the extreme rank categories, while preferences for middle stocks change little. An alternative

categorization is displayed in Panel B. Now the Best (Worst) rank category includes the top (bot-

tom) two positions.17 The similarity across these two panels suggests that the trade-o� between

rank categories observed in Panel A is driven by the top and bottom extreme performance

stocks. Table B8 and Figure B6 display comparable results for the LDB dataset.

The foremost �nding across these sets of results is that rank preferences are not stable

across trading days. Instead, they �uctuate, with variations being determined by the portfolio

performance. However, a valid criticism of the above analyses is that patterns in Table 2 could

be confounded by stock-speci�c factors correlated with the rank positions, such as volatility or

skewness, or perhaps by unobserved investor characteristics. The second part of the paper deals

with these concerns. The goal of the following analyses is no longer to study the prevalence of

rank preferences across all rank categories but to analyze how preferences for the best and

worst categories �uctuate within accounts.

5 Asymmetric Rank E�ects

To rule out possible omitted variable concerns related to stock-speci�c factors correlated with

the rank positions, it is unavoidable to change the structure of the data in order to allow the

17 Selling proportions for the Middle rank category in Panel B should not be overinterpreted. When investors hold
large portfolios, a random selling strategy would make them more likely to sell middle stocks, as the middle
category includes a larger number of stocks under this rank categorization.
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inclusion of an array of relevant control variables. Thus, in this section I proceed to analyse

the data at the account × stock × day level but excluding all middle positions, avoiding the

confounds introduced by combining portfolios of di�erent sizes18—which bias downwards

preferences for middle positions. This exclusion does not represent a concern because, as

highlighted earlier, my goal is no longer to study the prevalence of rank preferences across

all rank categories but to analyse how preferences for the best and worst positions vary

within accounts. One attractive feature of this structure of the data is that it enables a clean

identi�cation of rank preferences (on extreme positions). It allows us to compare the trading

behaviour across investors who have held the same stock on the same day, but who di�ered in

the composition of their remaining portfolio (i.e., by controlling for stock × days �xed e�ects

in the econometric speci�cation).

Before turning to the econometric analysis, it is useful to illustrate raw patterns from this

new structure of the data. Table A4 displays the underlying rank preferences. The last rows of

the table test statistically whether the gap Best-Worst is nonzero.

Observe that Table A4 is reminiscent of Table 1 but using a balanced number of observations

per portfolio. The Best-Worst gap is one tenth in Column 5 compared to the gap in Column

2. Here again we �nd evidence of the moderating role of the portfolio performance on rank

e�ects.

Moving on now to consider the econometric speci�cation used to estimate rank e�ects,

in Equation 1, the unit of observation is an account × stock × day. (0;48 9C takes a value of 1 if

investor 8 made a sale of the stock 9 , and is zero otherwise. '0=: +0A801;4B8 9C are four dummy

variables indicating the ordinal positions of the stocks in the portfolio (referring to best, 2nd

best, 2nd worst, and worst positions). The model also includes the interaction terms of these

ordinal positions with the portfolio performance. Across a series of analyses, I add standard

control variables to the main speci�cation, such as controls for the portfolio size (i.e., the

number of stocks in the portfolio), for the time elapsed since purchase, and for the disposition

e�ect (i.e., sing realization preferences).

18 Under this new structure of the data, I include four observations per day, the two highest ranked stocks and the
two lowest ranked stocks. Thus, for every investor, the data contains the same number of observations on each
selling day.
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(0;48 9C =10 + V ('0=: +0A801;4B8 9C ) + W (%A>?>AC8>= > 5 (C>2:B 8= �08=8 9C )+

q ('0=: +0A801;4B8 9C × %A>?>AC8>= > 5 (C>2:B 8= �08=8 9C ) + n8 9C ,
(1)

In subsequent robustness analyses, I also estimate models that add i) individual �xed

e�ects to control for individual-speci�c time-invariant heterogeneity in selling behavior, ii)

stock × day �xed e�ects to control for time-varying stock characteristics, iii) and continuous

measures of returns since purchase above and below the zero threshold (i.e., controls for

magnitude realization preferences). I also present additional sub-sample analyses based on

di�erent investor and portfolio characteristics, and replicate the main �ndings using the sample

of Login-Days in Barclays data.

Finally, Appendix B also features a discussion on the interpretation of Table 5 in Hartzmark

(2015)19, which looks at rank e�ects on portfolios for which all positions are either at a gain or

at a loss.

5.1 Main Results

Table 3 shows the coe�cients from a series of regressions based on Equation 1 using Barclays

data. Controls are added sequentially. The omitted rank category across columns is the worst

stock. As a starting point, Column 1 shows the main speci�cation without interactive terms.

The coe�cient on second-worst dummy captures the change in selling probabilities when the

stock increases performance and moves from the worst position to the second-worst position.

The magnitude of the second-worst and best coe�cients suggests that there are signi�cant

changes in selling probabilities when stocks reach extreme positions. However, these changes

are not uniform: the probability of a sale raises in 13.8pp when the stock reaches the best

position (from the second-best); while the probability of a sale raises by only 3.6pp when it

reaches the worst position (from the second-worst). These patterns are consistent with raw

estimates from Table A4.

Column 2 adds controls for the performance of the portfolio and Column 3 adds the

interaction terms. The coe�cients on the interaction terms in Column 3 capture the extent to

19 A copy of Table 5 in Hartzmark (2015) is shown inTable B6.
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which the gaps between the worst stock and the other ordinal categories are moderated by

the portfolio performance. We observe that the interactions are all signi�cant at the 1% level.

What stands out is the magnitude of the interaction terms. The negative coe�cient on the

interaction term with the best stock is 1.4 times the magnitude of the independent e�ect of the

best stock, suggesting that rank preferences are largely reduced in well-performing portfolios.

Negative signs across all interaction terms indicate that the preference for categories, relative

to the worst position, decreases when the portfolio improves performance. As a result, there is

a notable decrease in the gap between the worst stock and the top position, but a small increase

in the gap between the worst and the second-worst stock. Similar �ndings are observed in the

LDB dataset (Table B9).

5.2 Robustness Tests

5.2.1 Multiple Fixed E�ects

The �rst robustness test adds account �xed e�ects to control for unobserved (time-invariant)

account holder di�erences, such as innate ability or investors’ sophistication. The test also adds

stock × day �xed e�ects to control for potential stock-speci�c factors correlated with the rank

positions, such as dividend announcements, volatility, or skewness. The addition of these �xed

e�ects has also the advantage of removing the in�uence of any public information about each

stock that varies over time (such as past returns, market values, book-to-market ratios, etc.).

Results are shown in Table 4 for the Barclays dataset. The table reports estimates using

the full speci�cation reported in Table 3 (Column 3). The �ndings are in line with the baseline

regressions described earlier. All coe�cients of the interacting terms that are of main concern

here show the expected negative signs. Comparable estimates are shown in Table B10 for the

LDB dataset. Thus, the qualitative pattern of results remains consistent: the gap between the

best stocks and the worst stocks diminishes when the portfolio exhibits a large proportion of

stocks in gain.
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5.2.2 Controlling for Magnitude Realization Preferences

My main speci�cation controls for sign realization preferences. However, Ben-David and

Hirshleifer (2012) show that the propensity to sell as a function of returns is V-shaped, i.e., it

raises as returns increase (decrease) above (below) zero. They also show that investors appear

to be more responsive to positive changes in returns, with the right branch being steeper than

the left branch. The second robustness test adds linear controls for returns to the econometric

models. To take into account potential asymmetric e�ects for positive and negative returns, I

augment the speci�cation with linear controls for returns on either side of zero.20

Results are shown in Table 5 for the Barclays sample and in Table B11 for the LDB sample.

The tables report estimates both without individual �xed e�ects and stock × day �xed e�ects,

shown in Column 1, and with the addition of these e�ects across Columns 2-4. Here again, the

pattern of estimates remains qualitatively the same as that shown in the main speci�cation of

Table 3.

5.2.3 Investor and Portfolio Characteristics

The third robustness test augments the baseline econometric speci�cations with a broader set

of control variables. Table 6 adds progressively controls for portfolio value, account tenure

(proxying investor sophistication or �nancial literacy), and investor demographics (age and

gender). Columns 6-7 add account �xed e�ects and stock × day �xed e�ects to the analysis. In

all speci�cations, we see large and negative coe�cients on the interaction e�ect for the best

positions in the portfolio, consistent with the main results.

5.2.4 Sensitivity Tests

The fourth robustness test investigates the sensitivity of my main results across di�erent sub-

samples de�ned based on investor and portfolio characteristics. Results are shown in Table 7,

with subsamples split at the median of the characteristic under study. First, I investigate the

sensitivity of my main results to investors’ demographics. The literature often highlights gender

and age di�erences in trading behavior (Barber and Odean, 2001; Choi et al., 2002; Dorn and

20 Returns are winsorized at the 1% and 99% levels to remove the e�ect of outliers.
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Huberman, 2005). However, the coe�cients on the interaction terms are rather similar in the

gender and age sub-samples.21

Second, I explore the sensitivity of my main results to investor sophistication, proxied

here by the number of years for which the investor has held the trading account with Barclays

Stockbroking, the portfolio value, and the number of stocks held in the portfolio (which are

restricted to a minimum of �ve). Previous studies suggest that behavioural biases (e.g., the

disposition e�ect) decline with trading experience and investor’s wealth (Feng and Seasholes,

2005; Nicolosi et al., 2009; Seru et al., 2010). Results reveal large coe�cients on the interaction

terms for the best position for above-median trading experience, above-median portfolios, and

above-median number of stocks held. These patterns indicate that the moderating role of the

portfolio performance is more prominent when investors hold sizable portfolios (probably

because, due to limited attention, stocks with extreme performance become more salient).

Moving on now to consider the e�ect of market conditions on my results, the next set

of splits in Table 7 explore whether my results hold on both days following market upturns

and days following market downturns. Estimates from subsamples that split the data based on

changes in the Financial Times Stock Exchange 100 Index show qualitatively similar results

across subsamples. The last rows of Table 7 also indicate that similar qualitative patterns are

observed in the subsets that divide the data by the time elapsed since purchase.

Together, these analyses con�rm that my main �ndings are not speci�c to particular

demographic groups, portfolio characteristics, and marked conditions.

5.3 Additional Robustness Tests

Additional robustness tests are presented in the Supplementary Online Appendix A. I �nd

consistent results using (i) the sample of Login-Days (which includes the sample of Sell-Days

used in the main analyses) and (ii) when examining smaller portfolios (e.g., portfolios containing

three or four stocks). I also perform a (iii) placebo test by studying asymmetric rank e�ects using

an alternative rank order based on the alphabetical order of the company names. Under this

21 Although the estimates reveal slightly smaller coe�cients on the interaction terms for the best position for males
and younger investors, baseline selling probabilities, given by the intercepts, are also slightly smaller for these
groups, suggesting no meaningful relative di�erences in rank preferences.
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new rank categorization, rank positions and their interaction with the portfolio performance

yield precise null e�ects on trading behaviour.

5.4 Portfolio Performance and the Disposition E�ect

Collectively, the analyses presented provide compelling evidence for the moderating role of

the portfolio performance on rank preferences. The next part of the paper is concerned with

providing more direct evidence that rules out the possibility that the disposition e�ect con-

founds these �ndings. In a recent study, An et al. (2019) contrast the disposition e�ect for

paper gain and paper loss portfolios. The authors’ main �nding is that the disposition e�ect

diminishes in paper gain portfolios.

To discriminate between these two phenomena, this section presents further robustness

tests that show that investors are willing to sell their best position even if this position corre-

sponds to a stock in loss. The disposition e�ect cannot readily account for this empirical pattern.

Next, I also extend the array of controls of my main econometric speci�cation by adding the

interaction between the disposition e�ect and the portfolio performance (using the proportion

of stocks in gain in the portfolio as well as An et al.’s measure of portfolio performance22).

Together, these two analyses provide convincing evidence for independent e�ects from these

two phenomena.

5.4.1 Raw Patterns of the Association Between the Rank E�ect, the Disposition E�ect, and the

Portfolio Performance

Before conducting a formal test, I plot raw patterns that replicate the key results, but now

adding another layer of analysis that separates stocks into winners and losers.

Figure 6 plots the probability of sales by rank category, portfolio performance, and dis-

tinguishing winner from loser stocks for the Barclays sample. The panels help visualize any

22 An et al. (2019) de�ne a portfolio gain dummy that takes the value of one if the investor has a net gain in their
holdings (by adding the gains and losses (in dollars) in all their positions as of the given day). I de�ne the portfolio
performance by a continuous measure of the proportion of stocks in gain in the portfolio. The reason for this
choice is twofold. First, the calculation of proportions demands only simple cognitive processes (people are fairly
good at encoding and manipulating frequencies, e.g., Gigerenzer and Ho�rage, 1995; Sedlmeier and Betsch, 2002).
Second, in the raw data I observe a monotonic and close to linear decreasing rank e�ect, rather than a discrete
jump, across quantiles in the proportion of stocks in gain. Note, however, that both measures are essentially
non-perfect proxies of perceived portfolio performance.
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potential interaction across these three dimensions. Blue bars describe the top-two stocks’

selling probabilities, while light blue bars, the bottom-two stocks’ selling probabilities. First,

the comparison between blue bars in the top panels shows a large (more than 15%) increase

in the selling probability when a stock moves from the second to the top position, even if the

sale provides negative pro�ts.23 If investors hold pure sign realization preferences (in line with

the disposition e�ect), blue bars on each panel should be uniform. However, we observe a

disproportionate preference for the best-ranked stock.

Second, the two right panels of Figure 6 illustrate the interaction e�ect of portfolio

performance on rank e�ects, again, even when accounting for sign realization preferences.

The comparison of the blue bars reveals a much smaller distance between the best and the

second-best stocks in portfolios of good performance. While the propensity to sell the best

stock diminishes, the left panels show the opposite, a small increase in the tendency to sell the

worst stock. These empirical observations are consistent with the earlier �ndings described in

Section 5.1. Figure 6 also reveals an important fact: if portfolio performance moderates rank

preferences, it will also moderate (mechanically) the disposition e�ect even in the absence of

sign realization preferences.24

For simplicity, Figure 6 displays a discrete comparison between two sets of portfolio

performance. However, in Figure A4 I illustrate how rank preferences change over a larger

number of sets, over quintiles of portfolio performance. There are important di�erences to

note in Figure A4. The top panels for the best and second-best stocks show substantial (but

decreasing) jumps in selling probabilities across quintiles of portfolio performance, with the best

stock displaying a much larger variation among the two. However, the bottom panels for the

worst and second-worst stocks re�ect much smaller changes in their selling probabilities, which

are only perceptible for the worst stock (left panel). In other words, preferences for extreme

ranks (i.e., for the best and worst stocks) appear to be particularly sensitive to �uctuations in

the portfolio performance.25

23 While the �gure uses the Sell-Days sample from Barclays, patterns using the LDB Sell-Days sample (Figure B7)
are identical, and so are those from the Barclays Login-Days sample (Figure A3).

24 In Figure 6, the disposition e�ect represents the di�erence in the average selling probability for winning stocks
and losing stocks. This di�erence is greater when investors hold portfolios in loss (top panels) than when they
hold portfolios in gain (bottom panels).

25 Similar results are observed in the LDB sample in Figure B8.
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5.4.2 Controlling for the Interaction Between the Portfolio Performance and the Disposition E�ect

The tables that follow provide a formal test of the two interaction e�ects associated with the

portfolio performance. Columns 1-3 in Table 8 expand the main speci�cation by adding the

interaction between the proportion of stocks in gain in the portfolio and the disposition e�ect.

Adding the interaction has little impact on the qualitative pattern of results. Columns 5-7

reproduce these results using An et al.’s original measure of portfolio performance (a portfolio

gain dummy that takes the value of one if the investor has a net gain in their holdings). These

�ndings indicate that investors’ concerns for the sign of their pro�ts are not driving the headline

results of the paper.

The table displays two other columns, Columns 4 and 8, that serve as benchmarks for

the analysis. Columns 4 and 8 illustrate the size of these e�ects when rank preferences are

not accounted for. The comparison of these speci�cations with Columns 3 and 7 re�ects a

considerable attenuation on the disposition e�ect coe�cients once we introduce rank controls.

The interaction e�ect between the portfolio performance and the disposition e�ect is halved

in Columns 3 and 7. The independent e�ect of the disposition e�ect is also diluted (by more

than 40%). This reduction is more evident in the LDB sample (Table B12), with a drop in the

e�ect size of between 60% and 70%.26 Thus, rank preferences account for much of the e�ects

attributed to the disposition e�ect or to its interaction with the portfolio performance.

Despite the attenuation of the disposition e�ect coe�cients, Table B12 still displays

relatively sizeable interaction terms with the disposition e�ect, in line with An et al.’s results. To

prevent the overinterpretation of these secondary �ndings, the following paragraphs comment

on potential alternative mechanisms that could mechanically produce these results.

5.4.3 Alternative Mechanisms for the Interaction Between the Portfolio Performance and the

Disposition E�ect

As is standard in the literature, An et al. test the disposition e�ect by pooling the data at the

account × stock × day level. This practice, however, ignores investors’ tendency to sell a few
26 An et al. (2019) use a subset of the LDB data, albeit a larger subset than the LDB sample studied in this paper

since the authors do not need to restrict their analysis to portfolios containing �ve or more stocks. Because large
portfolios have low selling probabilities when analyzed at the account × stock × day level, we should expect lower
coe�cients in the LDB sample than those reported by An et al. (2019).
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stocks (often one or two stocks) regardless of their portfolio size and could lead to inadvertent

spurious patterns in the data.

To illustrate this point, note �rst how rank preferences can mechanically recreate the

interaction e�ect between the portfolio performance and the disposition e�ect. Imagine a

group of investors who hold preferences for realizing their best stocks. They sell only one

stock on every trading day (as we generally observe empirically). When they hold portfolios

with a higher proportion of stocks in gain, the proportion of realized gains will be small by

construction. Similarly, when they hold portfolios with a higher proportion of stocks in loss

(which still contain a few stocks in gain), the proportion of realized gains will be large by

construction. Similar results would arise if investors were, instead, more inclined to liquidate

their worst-ranked stocks. This negative interaction also holds under our asymmetric rank

e�ect hypothesis, under which the preference for the best stocks diminishes in portfolios

composed mainly of winner stocks.

Second, this mechanical interaction holds too if investors were making a gain-loss choice

every trading day (i.e., they �rst choose whether to sell a stock in gain or loss, a gain-loss

choice), to then decide which stock from the selected domain they would prefer to sell (as in

the two-stage decision model proposed by Sakaguchi et al., 2019).27

For example, Figure A5, Panel A, graphs (simulated) selling probabilities for 27 investors

that di�er in their portfolio composition (from 10% to 90% of stocks in gain) and in their

preferences for realizing a gain on the day. Selling probabilities are calculated at the the

investor × stock × day level. For each investor, there are 10,000 observations (1000-days ×10-

stocks). In the simulated data, everyday investors make a gain-loss choice and then sell only

one stock. I consider three types of investors with varying degrees of loss aversion, from loss

tolerant (left panel) to loss averse (right panel). For instance, a loss tolerant investor with a

preference for realizing a gain of .3 (left panel) will realize one stock in gain on 30% of the

selling days, and on the remaining 70% of days, one stock in loss. Blue bars show the probability

of realizing a gain; grey bars, the probability of realizing a loss. The di�erence between these

27 Generally, two-stage decision processes are supported by evidence that people naturally engage in within-
domain comparisons when they evaluate outcomes (i.e., they naturally consider a context of similar outcomes for
comparison, such as losses against other losses) (McGraw et al., 2010).
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two bars is referred to in the literature as the disposition e�ect.

Each of the top panels shows that the disposition e�ect is mechanically related to the

portfolio composition, even though, by construction, the portfolio composition is irrelevant for

the gain-loss selling choice investors make each day. The bottom panel, however, provides a

clearer representation of the data, displaying selling probabilities computed at the investor ×

day level (i.e., the proportion of selling days in which investors realized a stock in gain/loss),

which re�ect no interaction with the portfolio composition.

These cases highlight the fact that a negative interaction with the portfolio performance

can emerge even when the portfolio performance has no direct in�uence on investors’ trading

preferences.

To test for pure gain-loss day level choices (as described above), I collapse the data at the

account × day level and compute the proportion of selling days in which investors liquidated

any winner stocks minus the proportion of days in which they liquidated any loser stock.

For simplicity, I label this measure the day-level preference for winners. If the gain-loss (day

level) choice hypothesis is correct, the day-level preference for winners should be invariant to

�uctuations in the portfolio composition. Contrary to this prediction, Figure A6 expose the

opposite: a positive association between the day-level choice for winners and the proportion of

stocks in gain in the portfolio.

It may be helpful to outline the intuition behind these results under the asymmetric rank

e�ect hypothesis. If investors’ rank preferences �uctuate in such a way that when they hold a

portfolio in loss, they are eager to liquidate their best stocks, but when they hold a portfolio in

gain, they become indi�erent between their best and worst stocks. Then, on days when their

portfolio is in loss, the day-level disposition e�ect will be large. However, on the days when

their portfolio is in gain, investors will be about equally likely to select between their best or

their worst positions. Because winner stocks are more common in this second case, their rank

preferences will lead to a sizeable proportion of selling days when a winner stock was sold,

or a large day-level disposition e�ect, too. The combination of these two results can lead to a

day-level disposition e�ect that is much larger when investors hold paper gain portfolios.

It is important to acknowledge that although the data do not appear consistent with
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investors making pure gain-loss day level trading choices, it may nevertheless be compatible

with a mixture of gain-loss day level choices on some trading days and the random selection of

stocks in others28. Testing for this alternative or any other combination of trading heuristics is

outside the scope of this paper.

This section has examined in more detail the di�erences between the primary results

of this paper and the interaction e�ect documented by An et al. (2019). While my extended

analysis provides some support to An et al.’s �ndings, it is essential to emphasize that the

goal here has not been to explicitly test the interaction the authors document, but rather to

articulate some alternative mechanisms and, fundamentally, wary researchers of some other

potential confounds that derive from neglecting retail investors’ low trading activity regardless

of their portfolio size. The next section discusses possible mechanisms by which the portfolio

performance moderates rank e�ects.

5.5 Rank E�ect Psychology-Free Mechanisms

5.5.1 Portfolio Rebalancing

Let us consider �rst some rational (psychology-free) reasons why investors may display patterns

consistent with the asymmetric rank e�ect hypothesis. One potential explanation might be

portfolio rebalancing. If an investor holds many stocks in loss and only a few in gain, the

best performing stock may denote a higher weight in the portfolio and the investor might be

inclined to reduce his position in the stock. While such rebalancing strategies might explain

partial sell-o�s, they are often not consistent with liquidations of stocks’ entire positions.

I test for this possibility by restricting the analysis to complete sales (i.e., liquidation

of positions), thereby excluding partial sales (following the same treatment used by Odean,

1998). Table A10 replicates Table 4, but now with the use of a restricted dependent variable

indicating complete sales. The coe�cient estimates across columns are in line with those in

the baseline speci�cations, with the best stocks showing negative interactive rank e�ects. The

same conclusions hold for the LDB sample in Table B13.

28 Or perhaps the combination of one-stage and two-stage models, as �ndings from Sakaguchi et al. (2019) suggest.
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5.5.2 Tax-Motivated Selling

A second explanation might be tax-motivated selling, whereby investors with potential large

capital gains might choose to sell their loser stocks near the end of the tax year. The Barclays

Stockbroking platform o�ered a range of account types, all of which were execution-only, but

di�ered in taxable status. In the baseline sample, about 50% of accounts are tax liable direct

investing accounts.29

To test for this possibility, �rst, I reproduce the main analysis but exclude from the sample

the month before the end of the tax year (in the UK, the tax year ends on 5 April) when tax

loss selling is more likely to occur. Second, I also replicate the main analysis on the subset

of tax-exempt accounts. This second exercise restricts the analysis to 2249 accounts, which

include principally Retail Individual Savings Accounts (ISA).30

Table A12 presents the results from these two exercises. Columns 1-3 show the expected

rank e�ects in the sample that excludes the month prior to the end of the tax year. Columns

4-6 reproduce the main headline of results in the subset of tax-exempt accounts. Both results

suggest that tax considerations cannot explain the interactive rank e�ects observed in the data.

The same conclusions can be reached in the LDB sample. Table B14 restricts the LDB sample to

1,310 tax-exempt accounts, including IRA and Keogh accounts.

5.5.3 Expectations About Stocks’ Returns

The patterns we observe could also re�ect the behaviour of investors who extrapolate the past

growth of their most salient stocks (e.g., their extreme-ranked stocks). Investors may believe

that returns of their best-performing stocks may move back towards their long-run average (or

mean revert). Moreover, recent evidence characterizes retail investors as contrarians around

news announcements, selling stocks on large positive earnings surprises, and buying stocks on

large negative earnings surprises (Luo et al., 2020). Investors holding mean-reverting beliefs

29 Though, tax-motivated selling is likely to be minimal because of the amount of tax-free allowance for capital
gains available, which was between £10,600 and £11,100 throughout 2012-2016. Since in the data, 90% of investors’
trades are below £9,980, and 50%, below £2070, most investors would not be concerned about paying tax on their
investment income.

30 ISA investments are non-tax accruing, with caps on maximum annual investment amounts. A small proportion of
accounts (16%) are money-purchase Self-Invested Personal Pensions (SIPP), which are also non-tax accruing.
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may intensify those beliefs when they experience losing portfolios and so be prone to sell.

Investors may also form beliefs about the performance of their worst-ranked stocks.

Observing that their investment thesis has failed to develop, investors may revise downward

their beliefs about the stocks’ fundamentals and decide to sell. Holding portfolios in gain could

exacerbate this revision since low-performing stocks would be more distinguishable from the

other stocks in the portfolio. Note that in both situations, with losing or winning portfolios,

experiencing abnormal returns will also help investors rationalize (and therefore justify) their

selling decisions.

In Figure A7, I provide a set of empirical evidence that my results are not dependent on the

pattern of returns investors recently experienced, which are more likely to drive their beliefs

about future returns. The �gure reproduces the main result for sub-samples of observations

split by whether the stock was in gain (bottom sub-plots) or loss (top sub-plots) since the

previous week (Panel A), month (Panel B) or quarter (Panel C). Each panel yields the same

selling pattern: portfolios in gain motivate the sale of the best stock, and portfolios in loss

attenuate the gap between the best and worst stocks. The pattern emerges regardless of the

sample under analysis (see Figure B9 for results using the LDB sample).

5.6 Rank E�ect Psychology-Based Explanations

5.6.1 Dynamic Reference Points

Let us now consider some potential psychology-based explanations for the �ndings. First,

while the observation that investors are willing to liquidate stocks in loss when holding

underperforming portfolios shows that the disposition e�ect is not driving the headline results

of the paper, I examine now the possibility that investors may reset reference points over time.

Then, stocks trading below the purchase price may be considered to be trading at a gain with

respect to other reference points.

To test for this possibility, I evaluate the trading responses to gains/losses de�ned relative

to prices observed in the past week, month, and quarter. To control for the disposition e�ect, I

�rst restrict the sample to stocks in loss since purchase. Then, in Figure A8 I replicate the main

�ndings for sub-samples split by whether the stock was in gain/loss since the previous week
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(Panel A), month (Panel B) or quarter (Panel C). Each panel reveals the same interaction e�ect:

asymmetric rank e�ects emerge even when stocks are in loss relative to their purchase price

and relative to each of these other alternative reference prices.

5.6.2 Cognitive Dissonance

I now turn to investigate whether cognitive dissonance can explain these results. When investors

are leverage constrained but hold all their positions at a loss, selling a small loser would involve

admitting the smallest mistake (driving a lower cognitive dissonance between the belief that

they are good at making investment choices and the fact that they have realized a loss). Despite

its appeal, cognitive dissonance cannot justify why investors holding portfolios in gain are

less prone to sell their best positions, even if doing so would reinforce positive beliefs about

themselves.

5.6.3 Time Varying Risk Aversion and Salience

Another possibility is that investors’ degree of risk aversion changes as their portfolio perfor-

mance �uctuates over time. Investors attending to poorly performing portfolios would become

wary of experiencing additional losses and be prone to make a sale. This implies that investors

derive utility from both (paper) gains in their portfolio and (realized) gains from stock sales.

Furthermore, the context provided by the portfolio would make some stocks more distinctive

and in�uential in determining their trading choices (e.g., when holding many positions at a

loss, the best position would stand out more).31 In addition, evidence suggest that loss aversion

increases the salience of salient cues (e.g., investors over-sell at prices above round numbers

when positions are in loss, Fraser-Mackenzie et al., 2015). This evidence is in line with the

larger trading response we observe in Figure 5 when investors face portfolio losses.

This view is consistent with two strands of research. First, a large amount of experimental

evidence suggests that a loss is less painful to people when it comes after a substantial prior

gain (the house money e�ect). Prior losses, on the other hand, make people more risk-averse to

gambles that risk additional losses (e.g., Thaler and Johnson, 1990 and Imas, 2016).32

31 Likewise, when holding many positions in gain, the worst performing stock would be more attention grabbing.
32 As Imas (2016) points out, this enhanced loss aversion may be due to the increased salience of the potential
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Second, a growing body of research recognizes the possibility that investors derive utility

from �uctuations in the value of their holdings (or their �nancial wealth) and that the utility

generated by wealth �uctuations could go beyond the indirect utility associated with anticipated

changes in future consumption, e.g., at the moment investors observe that their portfolios

are doing poorly, they might feel vulnerable and lacking con�dence in their trading abilities

(Barberis, 2018; Barberis et al., 2001).

Furthermore, the evidence presented in Quispe-Torreblanca et al. (2020) is compatible with

this body of research. After analysing the look-up behaviour of approximately 87,000 Barclays

stockbroking customers (including, to a large extent, the baseline sample studied here33), they

�nd that investors devote disproportionately less attention (proxied by logins to the online

trading platform) to their portfolio when their stocks exhibit losses. This reluctance to observe

losses suggests that paper losses may directly confer utility to individuals.34 Then, observing

portfolio losses may have made investors more risk averse and fearful of experiencing further

losses in the near future.

5.6.4 Mood Self-Regulation Trading

A �nal explanation for the results might be that investors are making selling decisions in

order to self-regulate their mood. A large body of literature studying the in�uence of a�ect,

or feelings, on decision making, including experimental work by Isen and colleagues, shows

that individuals in whom positive a�ect has been induced are reluctant to gamble, sometimes

avoiding signi�cant large stakes and even when there is greater optimism about the prospect

of winning (e.g., Isen and Patrick, 1983; Isen et al., 1988; Isen, 2000). These studies support the

hypothesis that individuals make decisions aimed at safeguarding their a�ective state (mood

maintenance hypothesis).

Under this mechanism, selling the best performing stocks could be a strategy used to

subsequent loss (Bordalo et al., 2012) or perhaps the reduced capacity for dealing with bad news about future
consumption (Kőszegi and Rabin, 2009; Pagel, 2017).

33 The baseline sample studied here is restricted to accounts that open after the beginning of April 2012 (accounts
for which I observe the purchase price on all stocks held within their portfolios).

34 These �ndings are consistent with earlier research on information avoidance (and models of beliefs-based utility),
under which individuals attempt to make attention decisions to protect themselves from receiving information
they suspect may be adverse (for examples, see Karlsson et al., 2009; Sicherman et al., 2016).
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o�set the mood e�ects induced by observing portfolios in loss. However, if mood maintenance

strategies are prevalent in the data, we should expect that portfolios in loss are followed by

either the realization of winner stocks or, if not available, the reluctance to trade on the day. The

evidence discussed in Figure 6, revealing that investors are willing to sell their best positions

even when they correspond to stocks in loss, casts doubt on the validity of this mechanism.

The caveat to the mechanisms discussed above is that I cannot rule out the possibility

that emotions (or mood) could a�ect investors’ cognitive functions or other intrapersonal

factors, such as motivation, that could in�uence their trading skills (by biasing beliefs about the

probability of attaining gains, for example) and lead to apparent changes in risk preferences. In

the context of this paper, as with most empirical work in asset pricing, distinguishing whether

changes in trading behaviour are driven by emotions in�uencing risk preferences or rather by

the in�uence of emotions on the cognitive evaluation of prospects is di�cult.

5.7 The Relation with the V-shaped Selling Propensity

Up to now, the discussion has turned around rank e�ects. We now move on to examining

the implications of the primary mechanism discussed above on a particular phenomenon: the

asymmetric V-shaped selling propensity in response to unrealized pro�ts (i.e., the observation

that the investors’ selling probability increases as the magnitude of gains and losses increases,

with a steeper slope for gains than for losses, documented by Barber and Odean, 2013, Ben-

David and Hirshleifer, 2012, and Seru et al., 2010). Elucidation of this phenomenon is important

because this trading behaviour can impact equilibrium price dynamics and generate subsequent

return predictability in the cross-section (An and Argyle, 2020). The most accepted explana-

tion contends that it arises from speculative trades who revise their beliefs about the future

performance of their stocks when large price movements occur (Ben-David and Hirshleifer,

2012).35

In this section, I propose a complementary but distinct view of this phenomenon, namely,

that it stems in part from investors changing their risk attitudes when their portfolio perfor-

35 Alternative explanations for this phenomenon are given by Meng and Weng (2018), with a model in which investors
who hold prospect theory preferences use as reference points their expected �nal wealth; and by Ingersoll and Jin
(2013), whose model can predict a V-shaped selling pattern as an aggregation e�ect of heterogeneous investors
who also display prospect theory preferences.
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mance �uctuates over time. It is natural to expect that preferences for extreme-ranked stocks

and preferences for extreme returns should move in the same direction, as they both highlight

attention grabbing characteristics related to stocks’ returns. The following set of results appears

to con�rm this intuition.

To ease the comparison with the results reported in Ben-David and Hirshleifer (2012), I

start by showing patterns in the LDB sample. Figure 7 shows binned scatter plots that plot

selling probabilities over four di�erent holding periods: less than 30 days, 31 to 100 days, 101

to 300 days, and over 300 days. Because rank preferences are not of main interest here, the

sample includes portfolios with two or more stocks. For holding periods of less than 30 days,

we observe a V-shaped selling pattern with the right branch for positive returns being steeper

than the left branch for negative returns. As documented by Ben-David and Hirshleifer (2012),

this pattern diminishes over time.

We now analyze the association between this pattern and investors’ portfolio performance.

Figure 8 distinguishes portfolios in loss from portfolios in gain. To be as detailed as possible,

each subpanel of the �gure reports the proportion of observations and the proportion of trading

days that are used for the analysis36. These proportions indicate that, for each holding period,

observations are nearly evenly distributed across sub-panels of portfolios in gain or loss, and so

that each subpanel is roughly equally important in producing the aggregate results we observe

in Figure 7. Comparing the sub-panels of portfolios in gain (Columns 1 and 3) with those of

portfolios in loss (Columns 2 and 4), the V-shaped selling pattern appears to be speci�c to

the trading days on which investors face well-performing portfolios, in accordance with the

main behavioural mechanism sketched above. The pattern weakens as the time since purchase

increases; however, it is detectable even for the largest holding period plotted. The moderating

role of the portfolio performance appears to be more prominent in the Barclays sample (see

Figure A9 and Figure A10). These results suggest that both rank preferences and preferences

for extreme returns point towards the same mechanism, under which the hedonic impact of

�uctuations in portfolio performance will provoke immediate changes in risk attitudes that are

manifested more strongly in sales of stocks with salient returns.

36 Including the proportion of trading days is informative as large portfolios are mechanically overweighted by
o�ering more observations to the analysis.
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6 Conclusion

In this paper, I show that the patterns that prior literature has attributed to preferences for

selling both the best- and the worst ranked stocks (i.e., rank e�ects) can be traced to di�erent

responses of investors when their portfolio performance �uctuates over time. I show that when

investors face poorly performing portfolios, they become predisposed to liquidate their best

stocks; otherwise, their rank preferences for their best stocks attenuate and show some shifts

towards their low-ranked stocks.

To provide conclusive and compelling evidence for the asymmetric rank e�ect hypothesis

sketched above, this paper starts by describing some methodological constraints in the standard

estimation of the rank e�ect and proposes a new framework with a number of advantages. A

drawback of the standard framework is that it ignores investors tendency to liquidate only

a small number of stocks, irrespective of their portfolio size. Neglecting this aspect of retail

investor data may lead to misleading conclusions. As a noteworthy illustration, a re-estimation

of alphabetical rank e�ects, which have been used as evidence that rank e�ects may occur due

to factors orthogonal to economic variables, reveals null e�ects.

Although the reader may reasonably argue that the confounds I discuss could be reduced

by the inclusion of account × day level �xed e�ects, what I want to emphasize is that the

widespread practice of relying solely on saturated �xed models to control for unobservables may

mask (potentially large) time-varying investors’ heterogeneity. First, estimates overweight the

in�uence of investors that contribute more observations (e.g., those with large portfolios, those

who trade frequently, etc.). Second, this practice arguably ignores or at least downplays the

quanti�cation of the pervasiveness of the behavioural phenomena under study. Large estimates

do not necessarily imply that rank e�ects are prevalent among investors or that they are regular

across trading days. Providing estimates of the extent to which rank preferences in�uence

trading patterns is useful for a discipline in which behavioral biases are often understood as

systematic and persistent.

Beyond the study of rank preferences, the paper illustrates a number of cases when

the standard �xed e�ect models used to characterize investor behaviour cannot discriminate

genuine from spurious trading patterns (e.g., the apparent changes in the disposition e�ect

33



discussed in Section 5.4.3).

Despite the initial focus on the method, the argument developed in this paper should not

be understood as a conceptual critique of the original rank e�ect hypothesis. On the contrary,

to the extent that asymmetric rank e�ects are pervasive across two di�erent datasets covering

two distinct countries and two distant decades, the evidence presented here strengthens the

interpretation of the rank e�ect as a fundamental aspect of investor behaviour.

The evidence discussed in the second part of the paper lends strong support for the associ-

ation between the portfolio performance and the rank e�ect. I provide suggestive evidence on

the psychology underlying this association. A careful examination of potential mechanisms

highlights the possibility that �uctuations in portfolio performance may induce immediate he-

donic utility, leading to subsequent changes in risk preferences, where those investors attending

under-performing portfolios would become apprehensive of facing further losses in the near

future. As discussed, this mechanism is consistent with a growing body of research showing

that prior outcomes in�uence future risk-taking behaviour by altering the way individuals

experience subsequent gains and losses.

Beyond providing a link between rank preferences and portfolio performance, this mech-

anism can also shed light on the asymmetric V-shaped selling propensity in response to

unrealized pro�ts. I show that the V-shaped pattern is particularly speci�c to trading days

when investors hold well-performing portfolios. These results are also consistent with recent

evidence demonstrating that the disposition e�ect moves countercyclically with the stock

market Bernard et al. (2021). If boom and bust cycles correlate with investors’ portfolio perfor-

mance, then part of these �uctuations in the disposition e�ect may be explained by changes in

investors’ risk attitudes and rank preferences. More generally, my results provide new insights

to a growing literature in behavioural �nance documenting behavioural biases exhibited by

individual investors, highlighting the importance of rank e�ects and attention on decision

making.
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Figure 1: Unconditional Rank E�ect, Barclays Sell-Day Sample
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Note: The �gure shows the unconditional probability of a sale based on rank positions. Observations are at
the account × stock × day level. The sample includes days in which the investor made at least one sale. Each
bar represents the ratio of stocks that are sold in the indicated category divided by all stocks in that category.
For example, the Worst bar reports #Worst Sold/(#Worst Sold + #Worst Not Sold). Vertical lines represent 95%
con�dence intervals.

39



Figure 2: Number of Stocks Sold on a Trading Day by Portfolio Size, Barclays Sample
(A) Numbers of Stocks Sold on a Trading Day
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Note: The �gure shows the frequency of sales by portfolio size. Panel A displays the average number of stocks
sold on a trading day by portfolio size. The sample includes days in which the investor made at least one sale.
Panel B shows the probability of a sale using observations at the account × stock × day level. For a better
visualization, outliers above the 99th percentile of portfolio size were excluded. Vertical lines represent 95%
con�dence intervals.
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Figure 3: Simulated Selling Probability by Portfolio Size
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Note: The �gure shows simulated distributions of selling probabilities by rank preferences. Probabilities are
computed using observations at the account × stock × day level. Plots (a), (b), and (c) show each the probability
of a sale for three investors with di�erent portfolio sizes, assuming that each investor sells one stock randomly
each day (i.e., they have no rank preferences). The data includes 1,000 simulated selling days for every investor.
Panel (d) plots the probability of a sale for the aggregated data. Vertical lines represent 95% con�dence intervals.
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Figure 4: Simulated Selling Probability by Investor’s Preferences
(A) 10-stocks portfolios
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(B) 20-stocks portfolios
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Note: The �gure shows simulated distributions of selling probabilities for three investors with di�erent rank
preferences. Probabilities are computed using observations at the account × stock × day level. In the top panel,
plots (a), (b), and (c) show each (simulated) selling probabilities for 1,000-selling-days × 10-stock-portfolios
(10,000 observations for each investor). In the bottom panel, the portfolios contain twenty stocks instead of
ten. In the top panel, when the investor has preferences for selling the best (worst) ranked stocks, one stock is
drawn each day from the portfolio set with probability weights 0.60,0.35,0.5 for the three stocks with the highest
(lowest) ranks, and with zero probabilities for the remaining stocks. In the bottom panel, these probabilities
are 0.45,0.30,0.20,0.05 for the four stocks with the highest (lowest) ranks. When the investor has an aversion to
extreme ranked stocks (i.e., a preference for selling stocks in the middle but with no particular interest in any in
particular), the six stocks (14 stocks) in the middle receive uniform probability weights in the top panel (bottom
panel). Plots in the fourth column display the selling probabilities for the aggregate samples composed by (a), (b),
and (c) in the top panel; and (a), 2(b), and (c) in the bottom panel. Aggregate samples, despite including di�erent
structures, expose identical patterns. Vertical lines represent 95% con�dence intervals.
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Figure 5: Proportion of Selling Days by Portfolio Composition, Barclays Sample
(A) Best/Worst Ranks De�ned as the Top Tercile/Bottom Tercile Positions
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(B) Best/Worst Ranks De�ned as the Top/Bottom Two Positions
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Note: The �gure shows rank preferences using data at the account × days level. The sample includes days in
which the investor made at least one sale. Panels shows the proportion of sell days in which the investor sold
stocks exclusively from one rank category. In Panel A, rank categories are de�ned based on terciles of the rank
distribution. When equal-sized categories were not possible, the larger group of stocks was assigned to the
bottom tercile (e.g., in portfolios containing 7 stocks, 3 stocks were assigned to the Worst Rank; 2 stocks, to the
Middle Rank; and 2 stocks, to the Best Rank). However, similar trading patterns are observed when the larger
group is assigned to either the middle or top terciles. Panel B repeats the same exercise but now the top two
positions de�ne the Best Rank; the bottom two positions, the Worst Rank; and positions in between, the Middle
Rank. Sub-panels split the sample by the proportion of stocks in gain in the portfolio. Column 1 includes days in
which over 75% of stocks in the portfolio were in loss; likewise, Column 4, days in which over 75% of stocks were
in gain. Vertical lines represent 95% con�dence intervals.
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Figure 6: Probability of Selling Stock by Portfolio Compositions and Gain Since Purchase,
Barclays Sell-Day Sample
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Note: The �gure shows the probability of a sale by rank category, portfolio composition, and distinguishing
winner from loser stocks. The sample includes days in which the investor made at least one sale. Observations
are at the account × stock × day level. Blue bars describe the top-two stocks’ selling probabilities, while light
blue bars, the bottom-two stocks’ selling probabilities. Vertical lines represent 95% con�dence intervals.
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Figure 7: V-Shaped Selling Schedule, LDB Sell-Day Sample
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Note: The �gure shows binned scatter plots displaying selling probabilities by holding period. The sample includes
days in which the investor made at least one sale. Vertical lines represent 95% con�dence intervals.
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Figure 8: V-Shaped Selling Schedule by Portfolio Performance, LDB Sell-Day Sample
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Note: The �gure shows binned scatter plots displaying selling probabilities by holding period and portfolio performance. The sample includes days in which the investor made
at least one sale. Vertical lines represent 95% con�dence intervals.
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Table 1: Proportion of Stocks Sold by Rank Category,
Barclays Sample

Login-Day-Sample Sell-Day-Sample

Rank Group
All Ranks 0.0081 0.1309

Best 0.0194 0.3441
2nd Best 0.0119 0.2105
Middle 0.0055 0.0846
2nd Worst 0.0068 0.1213
Worst 0.0087 0.1537

Rank E�ect
Best-Middle 0.0139*** 0.2595***

(0.0006) (0.0079)
Worst-Middle 0.0031*** 0.0691***

(0.0003) (0.0050)
Observations 5202679 321146

Note: The table presents the ratios of stocks that are sold in the
indicated rank category divided by all stocks in that category.
For example, the Best row reports #Best Sold/(#Best Sold+#Best
Not Sold). Ratios are computed using observations at the ac-
count × stock × day level. Column 1 includes days in which
the investor made at least one sale; while Column 2, days in
which the investor made at least one login to their account. The
last rows present the di�erence between the indicated groups
with standard errors clustered by account and date. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.
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Table 2: Proportion of Selling Days by Rank Category, Best/Worst Ranks De�ned as
the Top/Bottom Tercile Positions, Barclays Sample

Panel (A): Non Mutually Exclusive Rank Categories

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
Any Best Rank 0.5398 0.6553 0.5968 0.4728 0.3888
Any Middle Rank 0.3165 0.2601 0.3000 0.3545 0.3547
Any Worst Rank 0.3195 0.2431 0.2765 0.3530 0.4539

Rank E�ect
Any Best-Any Middle 0.2233*** 0.3952*** 0.2968*** 0.1183*** 0.0341***

(0.0113) (0.0197) (0.0142) (0.0123) (0.0132)
Any Worst-Any Middle 0.0030 -0.0171 -0.0235** -0.0015 0.0992***

(0.0082) (0.0105) (0.0104) (0.0129) (0.0160)
Observations 30264 6743 9444 9620 4457

Panel (B): Mutually Exclusive Rank Categories

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
Only Best Rank 0.4289 0.5581 0.4830 0.3572 0.2740
Only Middle Rank 0.1951 0.1539 0.1788 0.2281 0.2206
Only Worst Rank 0.1785 0.1258 0.1436 0.2019 0.2818

Rank E�ect
Only Best-Only Middle 0.2338*** 0.4041*** 0.3041*** 0.1291*** 0.0534***

(0.0105) (0.0184) (0.0134) (0.0115) (0.0123)
Only Worst-Only Middle -0.0166** -0.0282*** -0.0353*** -0.0262** 0.0613***

(0.0069) (0.0083) (0.0086) (0.0108) (0.0141)
Observations 30264 6743 9444 9620 4457

Note: The table shows rank preferences using data at the account × day level. The sample includes days
in which the investor made at least one sale. Best/Worst ranks are de�ned as the top/bottom tercile
positions. Panel A shows the proportion of sell days in which the investor sold any stock from the top
tercile positions (Any Best Rank), the bottom tercile positions (Any Worst Rank), or positions in between
(Any Middle Rank). Proportions are not mutually exclusive, i.e., observations from an investor selling
a position from the top rank and another from the middle rank will contribute to the computation
of proportions for these two rank categories. Column 1 displays proportions for the whole sample.
Columns 2 to 5 split the sample by the proportion of stocks in gain in the portfolio. Panel B repeats the
same exercise, but proportions are computed including days when the investor sells stocks from only
one rank category (i.e., proportions are mutually exclusive). When equal-sized categories were not
possible, the larger group of stocks was assigned to the bottom tercile (e.g., in portfolios containing 7
stocks, 3 stocks were assigned to the Worst Rank; 2 stocks, to the Middle Rank; and 2 stocks, to the Best
Rank). However, similar trading patterns arise when the larger group is assigned to either the middle
or top terciles. Standard errors in parentheses are clustered by account and date. ∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01.
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Table 3: Estimates of the Rank E�ect, Barclays Sell-Day Sample
(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst -0.0366*** -0.0422*** 0.0013

(0.0035) (0.0035) (0.0063)
2nd Best 0.0506*** -0.0123* 0.0949***

(0.0069) (0.0074) (0.0103)
Best 0.1880*** 0.1162*** 0.3007***

(0.0095) (0.0088) (0.0155)
2nd Worst × Proportion of Stocks in Gain -0.0946***

(0.0136)
2nd Best × Proportion of Stocks in Gain -0.2404***

(0.0207)
Best × Proportion of Stocks in Gain -0.4116***

(0.0269)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) -0.0785*** 0.1058***

(0.0079) (0.0137)
Number of Stocks (10 stocks) -0.0436*** -0.0454*** -0.0461***

(0.0056) (0.0056) (0.0057)
Days Since Purchase (100 days) -0.0166*** -0.0166*** -0.0145***

(0.0009) (0.0010) (0.0009)
Gain Since Purchase=1 0.0773*** 0.0817***

(0.0073) (0.0078)
Constant 0.2365*** 0.2722*** 0.1840***

(0.0071) (0.0078) (0.0092)
Observations 121,056 121,056 121,056
R2 0.0607 0.0632 0.0719

Note: The table presents ordinary least squares regression estimates of the main speci�-
cation. The dependent variable takes a value of 1 if the investor made a sale of the stock
and zero otherwise. The sample includes days in which the investor made at least one sale.
Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 4: Estimates of the Rank E�ect, Fixed E�ects, Barclays Sell-Day
Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0014 -0.0274** -0.0183

(0.0063) (0.0129) (0.0128)
2nd Best 0.0896*** 0.1132*** 0.1195***

(0.0104) (0.0166) (0.0184)
Best 0.2938*** 0.2918*** 0.3006***

(0.0159) (0.0231) (0.0244)
2nd Worst × Proportion of Stocks in Gain -0.0968*** -0.0158 -0.0235

(0.0135) (0.0258) (0.0256)
2nd Best × Proportion of Stocks in Gain -0.2394*** -0.2242*** -0.2263***

(0.0207) (0.0309) (0.0327)
Best × Proportion of Stocks in Gain -0.4071*** -0.3657*** -0.3759***

(0.0267) (0.0362) (0.0368)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0913*** 0.0752*** 0.0555**

(0.0149) (0.0207) (0.0234)
Number of Stocks (10 stocks) -0.0369*** -0.0493*** -0.0450***

(0.0089) (0.0049) (0.0105)
Days Since Purchase (100 days) -0.0167*** -0.0095*** -0.0124***

(0.0011) (0.0014) (0.0022)
Gain Since Purchase=1 0.0866*** 0.1084*** 0.1200***

(0.0080) (0.0123) (0.0130)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 121,056 121,056 121,056
R2 0.1191 0.8012 0.8356

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock and zero
otherwise. The sample includes days in which the investor made at least one sale. Standard
errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 5: Estimates of the Rank E�ect
Including Continuous Returns Since Purchase, Barclays Sell-Day Sample

(0;48 9C

(1) (2) (3) (4)
Rank E�ects (Ref: Worst)
2nd Worst -0.0120* -0.0073 -0.0359*** -0.0299**

(0.0067) (0.0069) (0.0131) (0.0130)
2nd Best 0.0521*** 0.0618*** 0.0783*** 0.0745***

(0.0124) (0.0130) (0.0183) (0.0207)
Best 0.2613*** 0.2679*** 0.2632*** 0.2626***

(0.0181) (0.0187) (0.0242) (0.0260)
2nd Worst × Proportion of Stocks in Gain -0.0891*** -0.0930*** -0.0142 -0.0206

(0.0135) (0.0135) (0.0257) (0.0255)
2nd Best × Proportion of Stocks in Gain -0.1899*** -0.2071*** -0.1697*** -0.1604***

(0.0213) (0.0212) (0.0321) (0.0339)
Best × Proportion of Stocks in Gain -0.3553*** -0.3717*** -0.2997*** -0.2994***

(0.0276) (0.0272) (0.0368) (0.0373)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0646*** 0.0690*** 0.0500** 0.0209

(0.0148) (0.0160) (0.0209) (0.0237)
Number of Stocks (10 stocks) -0.0415*** -0.0341*** -0.0442*** -0.0406***

(0.0055) (0.0085) (0.0048) (0.0102)
Days Since Purchase (100 days) -0.0117*** -0.0151*** -0.0035** -0.0078***

(0.0011) (0.0012) (0.0016) (0.0023)
Gain Since Purchase=1 0.0806*** 0.0852*** 0.1112*** 0.1195***

(0.0082) (0.0086) (0.0124) (0.0132)
Return Since Purchase > 0 (%) -0.0006*** -0.0003* -0.0015*** -0.0015***

(0.0002) (0.0002) (0.0002) (0.0003)
Return Since Purchase < 0 (%) 0.0009*** 0.0006*** 0.0015*** 0.0017***

(0.0001) (0.0002) (0.0002) (0.0003)
(0.0276) (0.0272) (0.0368) (0.0373)

Constant 0.2221***
(0.0117)

Account FE NO YES NO YES
Day × Stock FE NO NO YES YES
Observations 121,056 121,056 121,056 121,056
R2 0.0731 0.1194 0.8017 0.8359

Note: The table presents �xed e�ects regression estimates of the main speci�cation with the addition of
continuous control variables for the return since purchase. Two separate variables are added to allow
for di�erent slopes for positive and negative returns. The dependent variable takes a value of 1 if the
investor made a sale of the stock and zero otherwise. The sample includes days in which the investor
made at least one sale. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 6: Estimates of the Rank E�ect
Including Portfolio and Demographic Controls, Barclays Sell-Day Sample

(0;48 9C

(1) (2) (3) (4) (5) (6) (7)
Rank E�ects (Ref: Worst)
2nd Worst 0.0009 0.0009 0.0008 0.0008 0.0008 0.0009 -0.0180

(0.0064) (0.0065) (0.0065) (0.0065) (0.0065) (0.0064) (0.0127)
2nd Best 0.0937*** 0.0943*** 0.0941*** 0.0940*** 0.0940*** 0.0886*** 0.1236***

(0.0105) (0.0105) (0.0106) (0.0106) (0.0105) (0.0106) (0.0184)
Best 0.3022*** 0.3031*** 0.3028*** 0.3028*** 0.3028*** 0.2957*** 0.3003***

(0.0158) (0.0158) (0.0158) (0.0158) (0.0158) (0.0162) (0.0241)
2nd Worst × Proportion of Stocks in Gain -0.0960*** -0.0957*** -0.0957*** -0.0957*** -0.0957*** -0.0979*** -0.0270

(0.0139) (0.0139) (0.0139) (0.0139) (0.0139) (0.0138) (0.0253)
2nd Best × Proportion of Stocks in Gain -0.2411*** -0.2409*** -0.2406*** -0.2404*** -0.2404*** -0.2393*** -0.2376***

(0.0210) (0.0210) (0.0210) (0.0210) (0.0210) (0.0210) (0.0329)
Best × Proportion of Stocks in Gain -0.4162*** -0.4165*** -0.4161*** -0.4159*** -0.4159*** -0.4113*** -0.3800***

(0.0273) (0.0273) (0.0273) (0.0273) (0.0272) (0.0271) (0.0364)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.1044*** 0.1074*** 0.1066*** 0.1063*** 0.1063*** 0.0958*** 0.0650***

(0.0137) (0.0137) (0.0138) (0.0138) (0.0137) (0.0146) (0.0227)
Number of Stocks (10 stocks) -0.0444*** -0.0412*** -0.0411*** -0.0413*** -0.0412*** -0.0284*** -0.0341***

(0.0057) (0.0058) (0.0058) (0.0059) (0.0059) (0.0085) (0.0107)
Days Since Purchase (100 days) -0.0149*** -0.0147*** -0.0149*** -0.0150*** -0.0150*** -0.0172*** -0.0131***

(0.0009) (0.0009) (0.0009) (0.0009) (0.0009) (0.0011) (0.0022)
Gain Since Purchase=1 0.0823*** 0.0816*** 0.0816*** 0.0816*** 0.0815*** 0.0865*** 0.1222***

(0.0079) (0.0079) (0.0079) (0.0079) (0.0079) (0.0082) (0.0134)
Portfolio Value (£10000) -0.0007*** -0.0007*** -0.0007*** -0.0007*** -0.0023*** -0.0027***

(0.0002) (0.0002) (0.0002) (0.0002) (0.0005) (0.0008)
Account Tenure (years) 0.0013 0.0011 0.0012

(0.0023) (0.0023) (0.0023)
Female=1 0.0082 0.0083

(0.0052) (0.0052)
Age (10 years) -0.0004

(0.0014)
Constant 0.1795*** 0.1784*** 0.1759*** 0.1756*** 0.1775***

(0.0091) (0.0090) (0.0104) (0.0104) (0.0127)
Account FE NO NO NO NO NO YES YES
Stock FE NO NO NO NO NO NO YES
Observations 118,640 118,640 118,640 118,640 118,640 118,640 118,640
R2 0.0730 0.0733 0.0733 0.0734 0.0734 0.1104 0.8360

Note: The table presents ordinary least squares regression estimates of the main speci�cation with the addition of
demographic controls and (daily level) portfolio controls. The sample includes days in which the investor made
at least one sale. Outliers (investor × stock × days) below the 1st and above 99th percentiles of daily portfolio
values are excluded. Account tenure, gender and age (calculated from decades of birth) are within individual
time invariant. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 7: The Rank E�ect:
Sub-Sample Analysis, Barclays Sell-Day Sample

2nd Worst 2nd Best Best 2nd Worst × 2nd Best × Best × Constant
Prop. Gains Prop. Gains Prop. Gains

Gender
Female -0.0106 (0.0163) 0.0726*** (0.0251) 0.3565*** (0.0412) -0.0652* (0.0379) -0.1776*** (0.0536) -0.4631*** (0.0682) 0.2028*** (0.0205)

Male 0.0032 (0.0067) 0.0985*** (0.0110) 0.2918*** (0.0161) -0.0995*** (0.0143) -0.2509*** (0.0220) -0.4036*** (0.0284) 0.1818*** (0.0098)
Age

Below Median 0.0068 (0.0072) 0.1021*** (0.0113) 0.2970*** (0.0165) -0.1002*** (0.0161) -0.2321*** (0.0231) -0.3831*** (0.0287) 0.1769*** (0.0099)
Above Median -0.0172 (0.0118) 0.0682*** (0.0239) 0.3089*** (0.0335) -0.0746*** (0.0238) -0.2549*** (0.0445) -0.4893*** (0.0588) 0.2120*** (0.0170)

Account Tenure
Below Median -0.0010 (0.0083) 0.0874*** (0.0140) 0.2810*** (0.0191) -0.0920*** (0.0198) -0.2503*** (0.0302) -0.3742*** (0.0368) 0.1957*** (0.0127)
Above Median 0.0023 (0.0098) 0.1016*** (0.0148) 0.3174*** (0.0237) -0.0934*** (0.0190) -0.2280*** (0.0264) -0.4370*** (0.0379) 0.1819*** (0.0107)

Portfolio Value
Below Median 0.0097 (0.0089) 0.0944*** (0.0133) 0.2995*** (0.0192) -0.1274*** (0.0194) -0.2259*** (0.0274) -0.3609*** (0.0334) 0.2061*** (0.0119)
Above Median -0.0068 (0.0084) 0.0958*** (0.0139) 0.2989*** (0.0225) -0.0641*** (0.0179) -0.2590*** (0.0277) -0.4595*** (0.0391) 0.1630*** (0.0103)

Number of Stocks
Below Median 0.0016 (0.0095) 0.0636*** (0.0125) 0.2995*** (0.0190) -0.1084*** (0.0189) -0.1758*** (0.0236) -0.3488*** (0.0308) 0.2898*** (0.0129)
Above Median 0.0034 (0.0073) 0.1357*** (0.0144) 0.3054*** (0.0223) -0.0885*** (0.0177) -0.3496*** (0.0305) -0.5145*** (0.0393) 0.1324*** (0.0110)

FTSE 100 Index
Return in C − 1 > 0 -0.0021 (0.0073) 0.1129*** (0.0129) 0.3311*** (0.0186) -0.0846*** (0.0160) -0.2539*** (0.0239) -0.4328*** (0.0307) 0.1772*** (0.0095)
Return in C − 1 < 0 0.0041 (0.0092) 0.0782*** (0.0130) 0.2728*** (0.0187) -0.1034*** (0.0188) -0.2280*** (0.0277) -0.3959*** (0.0334) 0.1896*** (0.0123)

Days Since Purchase
Below Median -0.0251** (0.0112) 0.0340** (0.0155) 0.2859*** (0.0207) -0.0930*** (0.0206) -0.1509*** (0.0286) -0.3385*** (0.0346) 0.2685*** (0.0134)
Above Median 0.0087 (0.0072) 0.1266*** (0.0118) 0.2542*** (0.0159) -0.0603*** (0.0177) -0.2945*** (0.0239) -0.3897*** (0.0265) 0.1194*** (0.0098)

Note: The table presents ordinary least squares regression estimates for separate samples by gender, age, trading experience and portfolio value. Each row
reports coe�cients and standard errors from a single regression in which the dependent variable takes a value of 1 if the investor made a sale of the stock and
zero otherwise, covariates include rank categories and their interaction with the portfolio composition. The sample includes days in which the investor made
at least one sale. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 8: Estimates of the Rank E�ect and the Disposition E�ect, Barclays Sell-Day Sample
(0;48 9C

Controlling for the Interaction Speci�cation (3) Omitting Controlling for the Interaction Speci�cation (7) Omitting
of the Disposition E�ect with Rank E�ects of the Disposition E�ect with a Rank E�ects

the Portfolio Composition Portfolio Gain Dummy
(An et al.’ original measure)

(1) (2) (3) (4) (5) (6) (7) (8)
Rank E�ects (Ref: Worst)
2nd Worst -0.0101 -0.0327** -0.0292** -0.0027 -0.0309** -0.0233*

(0.0063) (0.0128) (0.0128) (0.0063) (0.0129) (0.0128)
2nd Best 0.0523*** 0.0979*** 0.0891*** 0.0722*** 0.0990*** 0.1004***

(0.0103) (0.0168) (0.0189) (0.0104) (0.0164) (0.0183)
Best 0.2352*** 0.2679*** 0.2524*** 0.2680*** 0.2705*** 0.2716***

(0.0151) (0.0238) (0.0254) (0.0154) (0.0229) (0.0244)
2nd Worst × Proportion of Stocks in Gain -0.0584*** 0.0025 0.0143 -0.0826*** -0.0027 -0.0045

(0.0132) (0.0259) (0.0261) (0.0133) (0.0258) (0.0258)
2nd Best × Proportion of Stocks in Gain -0.1275*** -0.1696*** -0.1147*** -0.1892*** -0.1784*** -0.1612***

(0.0209) (0.0342) (0.0369) (0.0203) (0.0307) (0.0329)
Best × Proportion of Stocks in Gain -0.2628*** -0.2974*** -0.2358*** -0.3443*** -0.3093*** -0.2965***

(0.0263) (0.0417) (0.0430) (0.0256) (0.0363) (0.0374)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.1188*** 0.0873*** 0.0822*** 0.0159 0.0560*** 0.0318 -0.0006

(0.0159) (0.0211) (0.0238) (0.0199) (0.0147) (0.0230) (0.0244)
Gain Since Purchase=1 0.1720*** 0.1439*** 0.1924*** 0.3510*** 0.1122*** 0.1292*** 0.1486*** 0.2419***

(0.0116) (0.0176) (0.0183) (0.0163) (0.0086) (0.0130) (0.0135) (0.0107)
Gain Since Purchase=1 × Proportion of Stocks in Gain -0.2013*** -0.0941*** -0.1956*** -0.3577***

(0.0201) (0.0306) (0.0327) (0.0270)
Portfolio Gain=1 0.0338*** 0.0383*** 0.0557*** 0.0535***

(0.0051) (0.0079) (0.0089) (0.0085)
Gain Since Purchase=1 × Portfolio Gain=1 -0.0604*** -0.0551*** -0.0808*** -0.1404***

(0.0087) (0.0117) (0.0123) (0.0122)
Number of Stocks (10 stocks) -0.0407*** -0.0507*** -0.0488*** -0.0541*** -0.0383*** -0.0506*** -0.0462*** -0.0495***

(0.0099) (0.0050) (0.0108) (0.0110) (0.0092) (0.0050) (0.0105) (0.0102)
Days Since Purchase (100 days) -0.0164*** -0.0097*** -0.0123*** -0.0128*** -0.0162*** -0.0094*** -0.0114*** -0.0123***

(0.0011) (0.0014) (0.0022) (0.0022) (0.0011) (0.0014) (0.0022) (0.0022)
Account FE YES NO YES YES YES NO YES YES
Day × Stock FE NO YES YES YES NO YES YES YES
Observations 121,056 121,056 121,056 121,056 121,056 121,056 121,056 121,056
R2 0.1209 0.8013 0.8358 0.8334 0.1201 0.8014 0.8359 0.8324

Note: The table presents �xed e�ects regression estimates of the main speci�cation controlling for the disposition e�ect and its interaction with the portfolio
performance. The dependent variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. Columns 1 to 4 measure portfolio performance
as the proportion of stocks in gain in the portfolio. Columns 5 to 8 use An el al.’ original measure of portfolio performance, a portfolio gain dummy that takes
the value of one if the investor has a net gain in their holdings. The sample includes days in which the investor made at least one sale. Standard errors are
clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Internet Appendix

Online Appendix A: Supplementary Items for the Barclays Sample

Additional Robustness Tests

Login-Days Analysis

The results presented in the paper use Sell-Days samples. Research on retail investors is
typically limited to the study of days in which the investor made at least one sale because in
the remaining days it is not possible to determine whether the absence of sales is the result of
deliberate choices or due to inattention. However, as described in the paper, the Barclays dataset
also includes records of investor login activity. The �rst robustness test replicates the main
results in the Login-Days sample. Examining the Login-Days sample increases the power of the
statistical tests and allows for a cleaner interpretation of the results as trading activity is usually
occasional among investors, but login activity is generally regular—on average, investors make
transactions approximately once every three weeks, but they log in about once every four days.

First, I show unconditional trading patterns in Table A5. The �rst column includes all
portfolios, and Columns 2 to 5 split the sample by the proportion of stocks in gain in the
portfolio. We observe a large drop in the preference for realizing the best-ranked stocks when
the portfolio composition moves from 0%-25% stocks in gain to 75%-100% stocks in gain (a
drop of about 55%). In parallel, preferences for realizing the worst-ranked stocks increase by
approximately 60%. Then, I replicate the main tests conducted in the Sell-Day samples. In
Table A6 and Table A7, I show coe�cients from the baseline speci�cation and from �xed e�ects
regression models that address omitted variable concerns related to unobserved time-varying
account characteristics. In Table A8, I replicate the sub-samples analyses that split the data
into sets, each corresponding to di�erent investor and portfolio characteristics. Although
estimates are smaller in this sample (because login activity is much more frequent than trading
activity), the relative magnitude of the independent rank coe�cients and the interaction terms
is approximately similar to that documented for the Sell-Days samples. This consistency in the
pattern of estimates reinforces the interpretation of the main �ndings in the paper.

Estimating Rank E�ects in Small Portfolio Sizes

The next robustness test explores whether asymmetric rank e�ects are also present in smaller
portfolios. To evaluate this possibility, I narrow down the data to portfolios of between three to
six stocks (the main analysis in the paper uses portfolios with �ve or more stocks). By adding
accounts holding three and four stocks to the main samples, I expand the Barclays sample by
2,529 accounts and the LDB sample by 5,870 accounts.

Figure A2 shows the selling probabilities by portfolio size in the Barclays sample. For each
portfolio size, rank preferences are computed at the account × stock × day level. Column 1
suggests that the preference for the worst stocks might be smaller than originally observed in
Table 1 once we account for the portfolio size and include the same number of observations for
each rank category.

Figure A2 also provides a test of the moderating e�ect of the portfolio performance on
rank preferences. Columns 2 and 3 split the data by the portfolio composition. Column 2,
which includes portfolios composed mainly of loser stocks, highlights a preference for selling
the best performing stocks. This preference is much less pronounced in Column 3, which
consists of the remaining portfolios. Contrasting Columns 2 and 3, we observe that the small
probability of realizing the worst stocks raises marginally once the portfolios contain more

55



winner stocks. These distinct trading patterns in Columns 2 and 3 are also found in the LDB
sample (Figure B4).37 This evidence is consistent with the central idea of the paper: rank
preferences are not stable across trading days. Instead, they �uctuate, with variations being
determined by the portfolio performance.

Placebo Test Using Alphabetical Rank Variables

As a �nal robustness test, I perform a placebo test using an alternative rank order based on
the alphabetical order of the companies’ names, as stocks are often displayed in this order
online or in brokerage statements. Although the �rst and last positions in alphabetical order
have been found to be more likely to be sold (Hartzmark, 2015), none of the mechanisms
discussed in the paper predicts that portfolio �uctuations will increase trading of stocks with
salient characteristics unrelated to what the investors’ choice brackets or mental accounts are
balancing o� (i.e., unrelated to stocks’ gains and losses). Thus, alphabetic rank positions can be
used as placebo ranks positions.

I begin by showing estimates of Equation 1 using these alternative rank variables. To enable
a comparison with the original (alphabetical) rank e�ect estimates documented by Hartzmark
(2015), this analysis is computed on the LDB sample. Table B15 displays rank coe�cients from
di�erent �xed e�ects speci�cations. In general, there is an apparent inconsistency between
these rank coe�cients and our prior set of results that use ranks de�ned based on returns. For
instance, across columns, we observe larger e�ects, albeit imprecise, for the second name than
for the �rst name. Although a few rank coe�cients are signi�cant in Columns 1 or 2, once
investor and stock heterogeneity is considered in the estimation (Column 3), we �nd null e�ects
for each rank position and interaction term. Hence, there is no evidence of an asymmetric rank
e�ect using these placebo rank variables.

While null e�ects for the interaction terms are not surprising (as the mechanisms described
in the paper provide no priors that could suggest the opposite), null e�ects on the independent
rank coe�cients are intriguing. What follows is a discussion regarding these secondary �ndings.

To account for the possibility that alphabetical rank e�ects exist but are limited to large
portfolios, I analyse raw trading patterns of di�erent subsets of the data split by portfolio
size. Table B16 displays the unconditional selling probabilities for each alphabetical position.
Column 1 pools all observations in the sample. Columns 2 to 5 limit the sample to portfolios of
5, 7, 9 and 11 stocks, respectively. Column 1 shows signi�cant and sizeable rank e�ects: the �rst
name-middle name and the last name-middle name gaps are of about six percentage points
(representing changes of about 50% in the average selling probability of the sample). However
large these e�ects appear to be, notice that a large portion of these e�ects could be due to the
mechanical artefact induced by pooling together portfolios of di�erent sizes. Columns 2 to 5
address this concern by restricting the sample to portfolios of the same size. These columns
con�rm the conclusions reached in Table B15 above that the order of company names has
no meaningful e�ect on the propensity to make a sale. Notice that the magnitude of the �rst
name-middle name and the last name-middle name gaps is close to zero, and the sign of these
gaps appears erratic across columns.

As an additional check, I re-estimate Table 8 from Hartzmark (2015). In Columns 1 to 3 of
Table B18, I reproduce the original alphabetical rank estimates, i.e., a larger tendency to sell

37 In Figure B5, I repeat the analysis for portfolios containing between seven and ten stocks. We can note that
a “U” shape emerges as the number of stocks increases and that the changes in the preferences for the best
position, following variations in the portfolio performance, are more pronounced. These results suggest that rank
preferences are stronger in large portfolios, highlighting the role of salience when investor have limited attention.
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the �rst and last positions by alphabetical order.38 However, these rank e�ects have their size
halved after adding a linear control for the portfolio size in Columns 3 to 4; and are undetectable
once we allow for a more �exible treatment of time-varying account heterogeneity in Columns
4 to 9.

Taken together, these analyses show that alphabetical rank e�ects do not hold in the
underlying data. It is important to acknowledge that although I �nd that alphabetical rank
e�ects are plausible and compatible with potential primacy and recency e�ects in memory if
investors study their portfolio of �rms from the top to the bottom of the list displayed in their
screens,39 this reanalysis of the LDB sample shows that the original e�ects were the result of
the mechanical artifact induced by mixing portfolios of di�erent sizes. In addition, this absence
of alphabetical rank e�ects is consistent with the intuition that stocks with extreme returns
would be more attention-grabbing than stocks in the top/bottom alphabetical positions.

38 See Table B17 for a copy of Table 8 in Hartzmark (2015).
39 Alphabetical bias e�ects have been reported in other domains. For instance, Einav and Yariv (2006) and Van Praag

and Van Praag (2008) show that faculty with earlier surname initials are more likely to receive tenure at top ten
economics departments. Itzkowitz et al. (2016) and Jacobs and Hillert (2016) document that US �rms positioned
early in an alphabetically ordered list (e.g., NYSE/Amex/Nasdaq �rms) have higher trading activity and liquidity.
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Figure A1: Histogram of Returns, Barclays Sample
(A) Login-Day Sample
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(B) Sell-Day Sample
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Note: The �gure shows the histograms of returns since purchase. For a better visualization of the distributions,
outliers below the 1st and above 99th percentiles were excluded.
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Figure A2: Probability of Selling Stock for Small Portfolios, Barclays Sell-Day Sample
All Portfolios > 50% Stocks in Loss in Portfolio ≥ 50% Stocks in Gain in Portfolio
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Note: The �gure shows selling probabilities for small-size portfolios. Portfolios of between three to six stocks
are included separately across rows. The sample includes days in which the investor made at least one sale.
Observations are at the account × stock × day level. Each bar represents the probability of a sale in the indicated
rank category. Column 1 aggregates all portfolios. Columns 2 and 3 split the data by portfolio composition.
Column 2 includes portfolios composed mainly of loser stocks. Column 3 consists of the remaining portfolios.
Vertical lines represent 95% con�dence intervals.
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Figure A3: Probability of Selling Stock by Portfolio Compositions and Gain Since Purchase,
Barclays Login-Day Sample
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Note: The �gure shows the probability of a sale by rank category, portfolio composition, and distinguishing
winner from loser stocks. The sample includes days in which the investor made at least one login to their
account. Observations are at the account × stock × day level. Blue bars describe the top-two stocks’ selling
probabilities, while light blue bars, the bottom-two stocks’ selling probabilities. Vertical lines represent 95%
con�dence intervals.
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Figure A4: Rank E�ects by Portfolio Composition, Barclays Sell-Day Sample
(A) Best Two Positions
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(B) Worst Two Positions
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Note: The �gure shows the probability of a sale by rank category, quintiles of portfolio performance, and
distinguishing winner from loser stocks. The sample includes days in which the investor made at least one sale.
Observations are at the account × stock × day level. Groups across the x-axis are de�ned based on quintiles on
the proportion of stocks in gain in the portfolio. Panel A describes the top-two stocks’ selling probabilities, while
Panel B, the bottom-two stocks’ selling probabilities. Vertical lines represent 95% con�dence intervals.
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Figure A5: Simulated Selling Probabilities by Preferences for Realizing Gains
(A) Selling Probability Computed at the Investor × Stock × Day level - Mechanical Interaction with the
Portfolio Composition.
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(B) Selling Probability at the Investor × Day level
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Note: The �gure shows the simulated distribution of selling probabilities for 27 di�erent investors that di�er in
their portfolio composition (from 10% to 90% of stocks in gain) and in their preferences for realizing a gain on
the day. For each investor, there are 10,000 observations (1000-days × 10-stocks). Given that empirically retail
investors often trade only one stock on each trading day, in the simulated data investors sell only one stock a
day, and preferences are de�ned at the day level (i.e., a gain-loss choice a day). Thus, a preference for realizing a
gain of .3 (left panel) implies that on 30% of the selling days, the investor will realize one stock in gain (and on
the remaining 70% of the days, one stock in loss). In Panel A, the probability of a sale uses observations at the
investor × stock × day level. Blue bars show the probability of realizing a gain; grey bars, that of realizing a loss.
The di�erence between these two bars represents the disposition e�ect. Panel B shows the proportion of selling
days in which investor realized a stock in gain/loss. Proportions in Panel B use observations at the investor ×
day level. Vertical lines represent 95% con�dence intervals.
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Figure A6: Day-Level Preferences for Winners, Barclays Sample
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Note: The �gure shows the day-level preference for selling winner stocks by investors’ portfolio composition.
The sample includes days in which the investor made at least one sale and hold at least one stock in gain and
at least one stock in loss. Observations are at the account × day level. The day-level preference for winners is
computed as the proportion of selling days in which investors liquidated any winner stocks minus the proportion
of days in which they liquidated any loser stock. The plot tests the gain-loss (day level) choice hypothesis (that
posits that on each trading day investors �rst choose whether they want to sell a stock in gain or loss, a gain-loss
choice, to then select their preferred stock from the chosen domain). If the hypothesis is correct, the day-level
preference for winners should be invariant to �uctuations in the portfolio composition. Vertical lines represent
95% con�dence intervals.
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Figure A7: Interaction E�ect of the Portfolio Performance by Stock Performance in the Past Week, Month, and Quarter, Barclays Sell-Day Sample
(A) Stock’s Performance in the Past Week
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(B) Stock’s Performance in the Past Month
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(C) Stock’s Performance in the Past Quarter
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Note: The �gure shows the probability of a sale by rank category, portfolio performance, and recent stock performance. Panels A, B, and C split the data by returns during the
prior week, month, and quarter, respectively. Sub-plots across panels distinguish stocks displaying recent gains (bottom sub-plots) from stocks displaying recent losses (top
sub-plots). The sample includes days in which the investor made at least one sale. Observations are at the account × stock × day level. Vertical lines represent 95% con�dence
intervals.
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Figure A8: Asymmetric Rank E�ects Allowing for Dynamic Reference Points Given by Stocks’ Prices in the Past Week, Month, and Quarter,
Barclays Sell-Day Sample (Restricted to Stocks in Loss Since Purchase)
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(B) Stock’s Performance in the Past Month
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(C) Stock’s Performance in the Past Quarter
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Note: The �gure shows the probability of a sale by rank category, portfolio performance, and recent stock performance. The �gure is restricted to stocks that are in loss since
purchase. Panels A, B, and C explore the e�ect of reference points given stocks’ prices in the past week, month, and quarter, respectively. Blue bars describe the top-two stocks’
selling probabilities, while light blue bars, the bottom-two stocks’ selling probabilities. The sample includes days in which the investor made at least one sale. Observations are
at the account × stock × day level. Vertical lines represent 95% con�dence intervals.
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Figure A9: V-Shaped Selling Schedule, Barclays Sell-Day Sample
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Note: The �gure shows binned scatter plots displaying selling probabilities by holding period. The sample includes
days in which the investor made at least one sale. Vertical lines represent 95% con�dence intervals.
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Figure A10: V-Shaped Selling Schedule by Portfolio Performance, Barclays Sell-Day Sample
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Note: The �gure shows binned scatter plots displaying selling probabilities by holding period and portfolio performance. The sample includes days in which the investor made
at least one sale. Vertical lines represent 95% con�dence intervals.
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Table A1: Sample Selection in Barclays Dataset
Accounts Login-Days Sells

Starting Sample 13635 12420193 123119
Drop due to:

Excluding Account × Stocks with Unmatched Prices 21 2276860 13210
Excluding Account × Stocks with Unknown
Purchase Price (transfers-in) 1175 2465752 16490

Retaining Account × Stocks × Days with Five Stocks 8339 2474902 51386
Baseline sample 4100 5202679 42033

Note: The table detail the steps in sample selection. Logins-Days in Column 2 re�ect the number of
observations at the account × stock × day level for the set of days in which the investors made at least
one login to their account. Sells in Column 3 include all the stocks’ liquidations or partial sells in the data.
The largest drop (in step three) restricts the data to portfolios containing at least �ve stocks. This step
also excludes stocks on the day that their position was opened and accounts with missing demographics.
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Table A2: Accounts Summary Statistics, Barclays Sample
Mean Min p25 p50 p75 Max

Account Holder Characteristics
Female 0.152
Age (years) 50.273 17.000 37.000 47.000 57.000 87.000

Account Characteristics
Account Tenure (years) 2.299 0.348 1.547 2.297 3.052 3.995
Portfolio Value (£10000) 6.066 0.002 0.640 1.425 3.092 5077.266
Investment in Mutual Funds (£10000) 0.275 0.000 0.000 0.000 0.000 24.980
Investment in Mutual Funds (%) 7.851 0.000 0.000 0.000 0.000 100.000
Number of Stocks 7.820 5.000 5.301 6.401 8.600 57.423
Login days (% all days) 28.975 0.393 11.628 24.884 44.388 71.452
Transaction days (% all market open days) 6.442 0.295 2.357 4.190 7.686 71.667

N Accounts 4100

Note: The table presents summary statistics for new accounts. Age is measured at 2017. Account tenure is measured
on the �nal day of the data period. Portfolio value is the value of all securities within the portfolio at market
prices. Portfolio value and investment in mutual funds are measured as within-account averages of values at the
�rst day of each calendar month in the data period. Number of stocks are measured as within-account averages
of the count of stocks during login days. The variable is computed including only the set of days in which the
account had at least 5 stocks in their portfolio. Login days is the percentage of days the account is open in the data
period and the account holder made at least one login. Transaction days is the percentage of market open days the
account is open in the data period and the account holder made at least one trade.
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Table A3: Proportion of Stocks Sold by Rank,
5-Stocks-Portfolios, Barclays Sample

Login-Day-Sample Sell-Day-Sample

Rank Group
All Ranks 0.0138 0.2558

Best 0.0235 0.4360
2nd Best 0.0141 0.2608
Middle 0.0104 0.1935
2nd Worst 0.0096 0.1787
Worst 0.0113 0.2098

Rank E�ect
Best-Middle 0.0131*** 0.2425***

(0.0007) (0.0114)
Worst-Middle 0.0009* 0.0164*

(0.0005) (0.0089)
Observations 521800 28120

Note: The table presents the ratios of stocks that are sold in the
indicated rank category divided by all stocks in that category.
The table is restricted to portfolios composed by �ve stocks.
For example, the Best row reports #Best Sold/(#Best Sold+#Best
Not Sold). Ratios are computed using observations at the ac-
count × stock × day level. Column 1 includes days in which
the investor made at least one sale; while Column 2, days in
which the investor made at least one login to their account. The
last rows present the di�erence between the indicated groups
with standard errors clustered by account and date. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.
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Table A4: Proportion of Stocks Sold by Rank Categories and Investors’
Portfolio Composition, Barclays Sell-Day Sample

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
All Ranks 0.2074 0.2276 0.2038 0.1937 0.2139

Best 0.3441 0.4775 0.3478 0.2826 0.2670
2nd Best 0.2105 0.2107 0.2391 0.1941 0.1849
2nd Worst 0.1213 0.1066 0.1005 0.1277 0.1737
Worst 0.1537 0.1154 0.1278 0.1706 0.2300

Rank E�ect
Best-Worst 0.1904*** 0.3622*** 0.2200*** 0.1121*** 0.0370***

(0.0098) (0.0162) (0.0112) (0.0107) (0.0134)
Observations 121056 26972 37776 38480 17828

Note: The table presents the ratios of stocks that are sold in the indicated rank category
by the investor’s portfolio composition. Column 1 includes all portfolios. Columns 2-5
split the data by the proportion of stocks in gain in the portfolios. Ratios are computed
using observations at the account × stock × day level. The sample includes days in which
the investor made at least one sale. Only the best/worst two stocks are included in the
sample. The last rows present the di�erence between the indicated groups with standard
errors clustered by account and date. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A5: Proportion of Stocks Sold by Rank Categories and Investors’
Portfolio Composition, Barclays Login-Day Sample

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
All Ranks 0.0117 0.0134 0.0128 0.0106 0.0100

Best 0.0194 0.0281 0.0219 0.0154 0.0125
2nd Best 0.0119 0.0124 0.0150 0.0106 0.0087
2nd Worst 0.0068 0.0063 0.0063 0.0070 0.0081
Worst 0.0087 0.0068 0.0080 0.0093 0.0108

Rank E�ect
Best-Worst 0.0107*** 0.0213*** 0.0138*** 0.0061*** 0.0017***

(0.0007) (0.0014) (0.0009) (0.0006) (0.0006)
Observations 2146108 458372 600596 706172 380968

Note: The table presents the ratios of stocks that are sold in the indicated rank category
by the investor’s portfolio composition. Column 1 includes all portfolios. Columns 2-5
split the data by the proportion of stocks in gain in the portfolios. Ratios are computed
using observations at the account × stock × day level. The sample includes days in which
the investor made at least one login to their account. Only the best/worst two stocks are
included in the sample. The last rows present the di�erence between the indicated groups
with standard errors clustered by account and date. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A6: Estimates of the Rank E�ect, Barclays Login-Day Sample
(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst -0.0023*** -0.0029*** -0.0002

(0.0002) (0.0002) (0.0004)
2nd Best 0.0029*** -0.0030*** 0.0027***

(0.0004) (0.0005) (0.0006)
Best 0.0110*** 0.0044*** 0.0144***

(0.0006) (0.0005) (0.0010)
2nd Worst × Proportion of Stocks in Gain -0.0058***

(0.0007)
2nd Best × Proportion of Stocks in Gain -0.0127***

(0.0014)
Best × Proportion of Stocks in Gain -0.0219***

(0.0019)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) -0.0097*** 0.0002

(0.0011) (0.0008)
Number of Stocks (10 stocks) -0.0007 -0.0007* -0.0007*

(0.0004) (0.0004) (0.0004)
Days Since Purchase (100 days) -0.0021*** -0.0022*** -0.0021***

(0.0001) (0.0001) (0.0001)
Gain Since Purchase=1 0.0075*** 0.0079***

(0.0007) (0.0008)
Constant 0.0151*** 0.0196*** 0.0147***

(0.0006) (0.0007) (0.0007)
Observations 2,146,108 2,146,108 2,146,108
R2 0.0045 0.0049 0.0053

Note: The table presents ordinary least squares regression estimates of the main speci�ca-
tion. The dependent variable takes a value of 1 if the investor made a sale of the stock and
zero otherwise. The sample includes days in which the investor made at least one login to
their account. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A7: Estimates of the Rank E�ect, Fixed E�ects, Barclays Login-Day
Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0003 0.0003 0.0005

(0.0003) (0.0005) (0.0005)
2nd Best 0.0043*** 0.0070*** 0.0077***

(0.0007) (0.0010) (0.0009)
Best 0.0155*** 0.0171*** 0.0174***

(0.0010) (0.0014) (0.0013)
2nd Worst × Proportion of Stocks in Gain -0.0061*** -0.0038*** -0.0040***

(0.0007) (0.0009) (0.0009)
2nd Best × Proportion of Stocks in Gain -0.0162*** -0.0152*** -0.0180***

(0.0014) (0.0017) (0.0016)
Best × Proportion of Stocks in Gain -0.0254*** -0.0239*** -0.0266***

(0.0019) (0.0022) (0.0021)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0146*** 0.0061*** 0.0178***

(0.0013) (0.0011) (0.0014)
Number of Stocks (10 stocks) 0.0025*** -0.0015*** 0.0007

(0.0006) (0.0004) (0.0006)
Days Since Purchase (100 days) -0.0005*** -0.0021*** -0.0007***

(0.0001) (0.0001) (0.0001)
Gain Since Purchase=1 0.0083*** 0.0109*** 0.0116***

(0.0008) (0.0009) (0.0009)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 2,146,108 2,146,108 2,146,108
R2 0.0337 0.3183 0.3386

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock and zero
otherwise. The sample includes days in which the investor made at least one login to their
account. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A8: The Rank E�ect:
Sub-Sample Analysis, Barclays Login-Day Sample

2nd Worst 2nd Best Best 2nd Worst × 2nd Best × Best × Constant
Prop. Gains Prop. Gains Prop. Gains

Gender
Female -0.0004 (0.0008) 0.0006 (0.0014) 0.0145*** (0.0023) -0.0046*** (0.0018) -0.0091*** (0.0031) -0.0217*** (0.0042) 0.0128*** (0.0015)
Male -0.0002 (0.0004) 0.0031*** (0.0007) 0.0144*** (0.0011) -0.0060*** (0.0008) -0.0133*** (0.0015) -0.0220*** (0.0021) 0.0150*** (0.0007)

Age
Below Median 0.0001 (0.0004) 0.0034*** (0.0007) 0.0151*** (0.0011) -0.0063*** (0.0009) -0.0131*** (0.0016) -0.0218*** (0.0020) 0.0152*** (0.0008)
Above Median -0.0009 (0.0006) 0.0009 (0.0013) 0.0125*** (0.0022) -0.0044*** (0.0011) -0.0111*** (0.0026) -0.0216*** (0.0041) 0.0130*** (0.0012)

Account Tenure
Below Median 0.0000 (0.0005) 0.0029*** (0.0009) 0.0144*** (0.0013) -0.0073*** (0.0011) -0.0167*** (0.0022) -0.0235*** (0.0029) 0.0166*** (0.0010)
Above Median -0.0004 (0.0005) 0.0021** (0.0009) 0.0133*** (0.0014) -0.0045*** (0.0010) -0.0090*** (0.0015) -0.0193*** (0.0024) 0.0139*** (0.0009)

Portfolio Value
Below Median 0.0002 (0.0005) 0.0027*** (0.0008) 0.0137*** (0.0012) -0.0081*** (0.0010) -0.0126*** (0.0017) -0.0187*** (0.0021) 0.0154*** (0.0011)
Above Median -0.0006 (0.0005) 0.0028*** (0.0009) 0.0152*** (0.0016) -0.0037*** (0.0010) -0.0127*** (0.0019) -0.0249*** (0.0029) 0.0133*** (0.0009)

Number of Stocks
Below Median -0.0004 (0.0004) 0.0007 (0.0006) 0.0120*** (0.0010) -0.0060*** (0.0009) -0.0074*** (0.0012) -0.0143*** (0.0016) 0.0235*** (0.0013)
Above Median -0.0000 (0.0005) 0.0064*** (0.0014) 0.0193*** (0.0022) -0.0055*** (0.0011) -0.0220*** (0.0027) -0.0355*** (0.0039) 0.0136*** (0.0011)

FTSE 100 Index
Return in C − 1 > 0 -0.0004 (0.0004) 0.0038*** (0.0008) 0.0167*** (0.0012) -0.0054*** (0.0008) -0.0137*** (0.0016) -0.0239*** (0.0022) 0.0149*** (0.0007)
Return in C − 1 < 0 -0.0000 (0.0005) 0.0017** (0.0007) 0.0125*** (0.0011) -0.0063*** (0.0010) -0.0121*** (0.0017) -0.0207*** (0.0021) 0.0146*** (0.0009)

Days Since Purchase
Below Median -0.0018*** (0.0006) -0.0017 (0.0010) 0.0160*** (0.0016) -0.0068*** (0.0011) -0.0084*** (0.0021) -0.0204*** (0.0029) 0.0250*** (0.0013)
Above Median 0.0004 (0.0004) 0.0039*** (0.0006) 0.0083*** (0.0007) -0.0030*** (0.0008) -0.0111*** (0.0011) -0.0139*** (0.0012) 0.0069*** (0.0005)

Note: The table presents ordinary least squares regression estimates for separate samples by gender, age, trading experience and portfolio value. Each row
reports coe�cients and standard errors from a single regression in which the dependent variable takes a value of 1 if the investor made a sale of the stock and
zero otherwise, covariates include rank categories and their interaction with the portfolio composition. The sample includes days in which the investor made at
least one login to their account. Standard errors are clustered by account and day. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A9: Estimates of the Rank E�ect and the Disposition E�ect, Barclays Login-Day Sample
(0;48 9C

Controlling for the Interaction Speci�cation (3) Omitting Controlling for the Interaction Speci�cation (7) Omitting
of the Disposition E�ect with Rank E�ects of the Disposition E�ect with a Rank E�ects

the Portfolio Composition Portfolio Gain Dummy
(An et al.’ original measure)

(1) (2) (3) (4) (5) (6) (7) (8)
Rank E�ects (Ref: Worst)
2nd Worst -0.0014*** -0.0007 -0.0012** -0.0003 -0.0000 -0.0001

(0.0004) (0.0005) (0.0005) (0.0003) (0.0005) (0.0005)
2nd Best -0.0010* 0.0043*** 0.0030*** 0.0021*** 0.0058*** 0.0058***

(0.0006) (0.0010) (0.0008) (0.0006) (0.0010) (0.0009)
Best 0.0068*** 0.0126*** 0.0096*** 0.0121*** 0.0150*** 0.0143***

(0.0008) (0.0013) (0.0011) (0.0009) (0.0013) (0.0011)
2nd Worst × Proportion of Stocks in Gain -0.0003 -0.0003 0.0019** -0.0042*** -0.0024*** -0.0020**

(0.0007) (0.0008) (0.0009) (0.0007) (0.0008) (0.0008)
2nd Best × Proportion of Stocks in Gain -0.0006 -0.0056*** -0.0022 -0.0099*** -0.0108*** -0.0117***

(0.0011) (0.0015) (0.0013) (0.0012) (0.0015) (0.0014)
Best × Proportion of Stocks in Gain -0.0049*** -0.0116*** -0.0062*** -0.0174*** -0.0183*** -0.0186***

(0.0013) (0.0019) (0.0016) (0.0016) (0.0020) (0.0018)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0204*** 0.0096*** 0.0243*** 0.0221*** 0.0106*** 0.0026** 0.0130***

(0.0016) (0.0012) (0.0016) (0.0015) (0.0012) (0.0011) (0.0013)
Gain Since Purchase=1 0.0230*** 0.0193*** 0.0260*** 0.0315*** 0.0123*** 0.0137*** 0.0158*** 0.0201***

(0.0016) (0.0014) (0.0017) (0.0019) (0.0010) (0.0011) (0.0011) (0.0012)
Gain Since Purchase=1 × Proportion of Stocks in Gain -0.0326*** -0.0202*** -0.0339*** -0.0383***

(0.0024) (0.0017) (0.0024) (0.0025)
Portfolio Gain=1 0.0044*** 0.0037*** 0.0056*** 0.0079***

(0.0005) (0.0004) (0.0005) (0.0005)
Gain Since Purchase=1 × Portfolio Gain=1 -0.0087*** -0.0067*** -0.0099*** -0.0132***

(0.0008) (0.0007) (0.0008) (0.0010)
Number of Stocks (10 stocks) 0.0016*** -0.0021*** -0.0003 -0.0005 0.0022*** -0.0018*** 0.0004 0.0003

(0.0005) (0.0004) (0.0006) (0.0006) (0.0006) (0.0004) (0.0006) (0.0006)
Days Since Purchase (100 days) -0.0004*** -0.0021*** -0.0007*** -0.0007*** -0.0004*** -0.0021*** -0.0006*** -0.0007***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Account FE YES NO YES YES YES NO YES YES
Day × Stock FE NO YES YES YES NO YES YES YES
Observations 2,146,108 2,146,108 2,146,108 2,146,108 2,146,108 2,146,108 2,146,108 2,146,108
R2 0.0345 0.3185 0.3392 0.3389 0.0340 0.3184 0.3389 0.3385

Note: The table presents �xed e�ects regression estimates of the main speci�cation controlling for the disposition e�ect and its interaction with the portfolio
performance. The dependent variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. Columns 1 to 3 measure portfolio performance
as the proportion of stocks in gain in the portfolio. Columns 3 to 6 use An el al.’ original measure of portfolio performance, a portfolio gain dummy that takes
the value of one if the investor has a net gain in their holdings. The sample includes days in which the investor made at least one login to their account. Standard
errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A10: Estimates of the Rank E�ect, Complete Liquidations, Fixed
E�ects, Barclays Sell-Day Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst -0.0008 -0.0214* -0.0093

(0.0054) (0.0122) (0.0119)
2nd Best 0.0431*** 0.0503*** 0.0732***

(0.0083) (0.0143) (0.0165)
Best 0.2132*** 0.2190*** 0.2446***

(0.0146) (0.0203) (0.0217)
2nd Worst × Proportion of Stocks in Gain -0.0950*** -0.0433* -0.0564**

(0.0120) (0.0245) (0.0238)
2nd Best × Proportion of Stocks in Gain -0.1900*** -0.1746*** -0.1823***

(0.0185) (0.0287) (0.0306)
Best × Proportion of Stocks in Gain -0.3361*** -0.3129*** -0.3301***

(0.0251) (0.0344) (0.0347)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0690*** 0.0590*** 0.0720***

(0.0134) (0.0193) (0.0223)
Number of Stocks (10 stocks) -0.0222*** -0.0404*** -0.0198**

(0.0054) (0.0049) (0.0079)
Days Since Purchase (100 days) -0.0180*** -0.0152*** -0.0184***

(0.0010) (0.0012) (0.0018)
Gain Since Purchase=1 0.0845*** 0.1137*** 0.1197***

(0.0079) (0.0121) (0.0123)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 121,056 121,056 121,056
R2 0.1294 0.7962 0.8366

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock (liquidating
the entire position) and zero otherwise. The sample includes days in which the investor
made at least one sale. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01.
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Table A11: Estimates of the Rank E�ect, Complete Liquidations, Fixed
E�ects, Barclays Login-Day Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0001 0.0001 0.0004

(0.0003) (0.0004) (0.0004)
2nd Best 0.0019*** 0.0039*** 0.0049***

(0.0005) (0.0007) (0.0007)
Best 0.0113*** 0.0128*** 0.0135***

(0.0009) (0.0011) (0.0011)
2nd Worst × Proportion of Stocks in Gain -0.0057*** -0.0040*** -0.0043***

(0.0006) (0.0008) (0.0008)
2nd Best × Proportion of Stocks in Gain -0.0129*** -0.0120*** -0.0149***

(0.0012) (0.0014) (0.0014)
Best × Proportion of Stocks in Gain -0.0209*** -0.0196*** -0.0223***

(0.0017) (0.0019) (0.0019)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0114*** 0.0045*** 0.0148***

(0.0012) (0.0009) (0.0012)
Number of Stocks (10 stocks) 0.0025*** -0.0014*** 0.0011**

(0.0005) (0.0004) (0.0005)
Days Since Purchase (100 days) -0.0005*** -0.0019*** -0.0009***

(0.0001) (0.0001) (0.0001)
Gain Since Purchase=1 0.0075*** 0.0101*** 0.0110***

(0.0007) (0.0009) (0.0009)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 2,146,108 2,146,108 2,146,108
R2 0.0302 0.3237 0.3423

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock (liquidating
the entire position) and zero otherwise. The sample includes days in which the investor
made at least one login to their account. Standard errors are clustered by account and day.
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A12: Estimates of the Rank E�ect, Tax-Motivated Selling, Fixed E�ects,
Barclays Sell-Day Sample

(0;48 9C

Excluding the Month Prior to Excluding Tax Liable
the End of the Tax Year Accounts

(1) (2) (3) (4) (5) (6)
Rank E�ects (Ref: Worst)
2nd Worst 0.0011 -0.0308** -0.0230* -0.0049 0.0018 0.0063

(0.0067) (0.0138) (0.0137) (0.0096) (0.0233) (0.0244)
2nd Best 0.0851*** 0.1033*** 0.1082*** 0.0603*** 0.0712*** 0.0998***

(0.0111) (0.0177) (0.0197) (0.0148) (0.0259) (0.0313)
Best 0.2875*** 0.2805*** 0.2911*** 0.2361*** 0.2220*** 0.2499***

(0.0166) (0.0246) (0.0263) (0.0238) (0.0358) (0.0393)
2nd Worst × Proportion of Stocks in Gain -0.1009*** -0.0122 -0.0214 -0.0985*** -0.0469 -0.0443

(0.0144) (0.0276) (0.0273) (0.0203) (0.0481) (0.0499)
2nd Best × Proportion of Stocks in Gain -0.2358*** -0.2113*** -0.2101*** -0.2265*** -0.1423*** -0.1830***

(0.0222) (0.0341) (0.0359) (0.0280) (0.0504) (0.0567)
Best × Proportion of Stocks in Gain -0.3932*** -0.3467*** -0.3629*** -0.3572*** -0.2795*** -0.3340***

(0.0279) (0.0381) (0.0391) (0.0384) (0.0564) (0.0587)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0856*** 0.0714*** 0.0471* 0.0838*** 0.0445 0.0710*

(0.0160) (0.0226) (0.0263) (0.0200) (0.0347) (0.0425)
Number of Stocks (10 stocks) -0.0383*** -0.0484*** -0.0453*** -0.0319** -0.0441*** -0.0428***

(0.0094) (0.0054) (0.0114) (0.0126) (0.0106) (0.0161)
Days Since Purchase (100 days) -0.0171*** -0.0093*** -0.0121*** -0.0168*** -0.0096*** -0.0089***

(0.0012) (0.0015) (0.0023) (0.0014) (0.0021) (0.0032)
Gain Since Purchase=1 0.0863*** 0.1102*** 0.1181*** 0.0866*** 0.0986*** 0.1038***

(0.0084) (0.0133) (0.0143) (0.0103) (0.0207) (0.0239)
Account FE YES NO YES YES NO YES
Day × Stock FE NO YES YES NO YES YES
Observations 107,304 107,304 107,304 62,584 62,584 62,584
R2 0.1195 0.8061 0.8423 0.1015 0.8692 0.9025

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The dependent
variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. The sample
includes days in which the investor made at least one sale. Columns 1 to 3 exclude from the sample the
month before the end of the tax year (in the UK, the tax year ends on 5 April). Columns 4 to 6 exclude
from the sample tax liable accounts. The latter exclusion restricts the analysis to 2249 accounts, which
include principally Retail Individual Savings Accounts (ISA) and a small proportion (16%) of accounts
are money-purchase Self-Invested Personal Pensions (SIPP). Standard errors are clustered by account
and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table A13: Estimates of the Rank E�ect, Tax-Motivated Selling, Fixed E�ects,
Barclays Login-Day Sample

(0;48 9C

Excluding the Month Prior to Excluding Tax Liable
the End of the Tax Year Accounts

(1) (2) (3) (4) (5) (6)
Rank E�ects (Ref: Worst)
2nd Worst 0.0003 0.0003 0.0004 -0.0002 -0.0004 -0.0001

(0.0004) (0.0005) (0.0005) (0.0005) (0.0007) (0.0007)
2nd Best 0.0040*** 0.0068*** 0.0074*** 0.0025*** 0.0043*** 0.0046***

(0.0007) (0.0011) (0.0009) (0.0008) (0.0011) (0.0011)
Best 0.0150*** 0.0165*** 0.0167*** 0.0116*** 0.0123*** 0.0124***

(0.0010) (0.0014) (0.0013) (0.0013) (0.0016) (0.0015)
2nd Worst × Proportion of Stocks in Gain -0.0063*** -0.0040*** -0.0041*** -0.0051*** -0.0030** -0.0035***

(0.0007) (0.0009) (0.0009) (0.0009) (0.0012) (0.0013)
2nd Best × Proportion of Stocks in Gain -0.0160*** -0.0155*** -0.0181*** -0.0131*** -0.0114*** -0.0136***

(0.0015) (0.0018) (0.0017) (0.0016) (0.0019) (0.0019)
Best × Proportion of Stocks in Gain -0.0247*** -0.0234*** -0.0259*** -0.0204*** -0.0179*** -0.0204***

(0.0020) (0.0022) (0.0022) (0.0022) (0.0024) (0.0024)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0144*** 0.0058*** 0.0179*** 0.0108*** 0.0041*** 0.0142***

(0.0014) (0.0012) (0.0014) (0.0016) (0.0013) (0.0017)
Number of Stocks (10 stocks) 0.0023*** -0.0015*** 0.0005 0.0019*** -0.0014** 0.0006

(0.0006) (0.0004) (0.0006) (0.0007) (0.0006) (0.0007)
Days Since Purchase (100 days) -0.0004*** -0.0020*** -0.0007*** -0.0004*** -0.0019*** -0.0006***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Gain Since Purchase=1 0.0083*** 0.0109*** 0.0116*** 0.0068*** 0.0093*** 0.0101***

(0.0008) (0.0009) (0.0009) (0.0009) (0.0010) (0.0010)
Account FE YES NO YES YES NO YES
Day × Stock FE NO YES YES NO YES YES
Observations 1,924,532 1,924,532 1,924,532 1,234,872 1,234,872 1,234,872
R2 0.0346 0.3217 0.3429 0.0307 0.4080 0.4249

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The dependent
variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. The sample
includes days in which the investor made at least one login to their account. Columns 1 to 3 exclude
from the sample the month before the end of the tax year (in the UK, the tax year ends on 5 April).
Columns 4 to 6 exclude from the sample tax liable accounts. The latter exclusion restricts the analysis
to 2249 accounts, which include principally Retail Individual Savings Accounts (ISA) and a small
proportion (16%) of accounts are money-purchase Self-Invested Personal Pensions (SIPP). Standard
errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Online Appendix B: Supplementary Items for the LDB Sample

Additional Results

Replication of Table 5 in Hartzmark (2015)

Hartzmark (2015) presents estimates from samples that restrict the data to individual investor
portfolios for which all positions are either at a gain or at a loss. A copy of Table 5 in his paper
is shown in Table B5. The table displays marginal e�ects from logit regressions of a dummy
variable equal to one if a stock is sold on characteristics of the stock being held. Each column
includes rank variables and additional controls ('4CDA=, '4CDA= ∗ 2

√
�>;38=6�0~B , +0A80=24 ,

and 2
√
�>;38=6�0~B).

In Table B6, I provide a reestimation of Table 5 in Hartzmark (2015). The table presents
ordinary least squares regression estimates to enable comparison with results from additional
tests on the raw data described in detail below.40 Columns 1 and 3 feature sub-samples where
all securities in investors’ portfolios are at a gain or at a loss, respectively. Column 2 includes
portfolios with a mixture of stocks in gain and stocks in loss. Each speci�cation includes the
same set of controls used in Table B5.

Before discussing the rank e�ect estimates across these tables, it is important to note
some di�erences in the sample sizes. The baseline LDB sample used here considers 7,083
accounts, a smaller number of accounts than the sample used in Hartzmark (2015) of 10,619
accounts. Detailed steps in sample selection are shown in Table B1. While Hartzmark (2015) and
I follow several of the cleaning steps described in Ben-David and Hirshleifer (2012), this paper
includes additional steps that guarantee an accurate computation of the portfolio performance.
More speci�cally, we both drop portfolios containing positions for which the purchase price
is unknown. Hartzmark (2015) accomplishes this by excluding accounts present in the �rst
month of the position �les—the LDB raw data comprise a set of �les with monthly position
information and an additional �le with daily trading activity. In addition to this step, I also
drop accounts for which the position �les reveal that the account has held stocks before the
�rst transaction registered in the �le of trading activity. Because these accounts contain stocks
with unknown purchase prices, excluding them guarantees an accurate computation of the
proportion of stocks in gain in the portfolio as well as of the stocks’ ranks. As detailed in
Table B1, this additional step drops nearly 8,000 accounts.

Moving now on to discussing rank e�ect estimates, I make three observations about the
results displayed in Table B6 and Table B5. First, both tables pool portfolios of di�erent sizes
together, and so they both present in�ated rank e�ect estimates. Second, even though Table B6
shows the expected larger gap between the Best-Worst coe�cients for All-Loss portfolios
(Column 3) relative to All-Gain portfolios (Column 1), any comparison of coe�cients across
columns is generally hardly uninformative without much precision on the average number of
stocks held in each sub-sample. Because smaller portfolios have much lower selling probabilities
than larger portfolios when the data is structured at the account × stock × day level, large
coe�cients do not necessarily imply larger e�ects. For instance, All-Gain portfolios and All-
Loss portfolios are likely to contain fewer stocks than Mix portfolios. Third, setting aside
these caveats, we can note in Column 2 of Table B5 (from Hartzmark, 2015) a slightly smaller
coe�cient for the best stock (relative to the worst stock), together with an exceptionally large
positive coe�cient for the return since purchase (albeit imprecise). These observations suggest
potential multicollinearity between the dummy for the best stock and the control for return

40 However, a similar pattern of results is obtained from logit regressions.
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since purchase. To prevent the overinterpretation of Table B6 and Table B5, I discuss next
additional sub-samples analyses of the data that address the concerns raised above.

In Table B7, I split the sub-samples of All-Gain, All-Loss, and Mix portfolios into sets of
portfolios containing an equal number of stocks.41 Column 1 includes all portfolios; Columns
2 to 5 restrict the sample to portfolios holding 5, 7, 9 and 11 stocks, respectively. The table
presents unconditional selling probabilities for each rank category. Under the asymmetric rank
hypothesis, we should expect a larger Best-Worst gap for All-Loss portfolios than All-Gain
portfolios. This is precisely what we observe in the data. In Column 2, the Best-Worst gap
is nearly seven percentage points for All-Loss portfolios, but only three percentage points
for All-Gain portfolios. These di�erences are more prominent in Columns 3 to 5. This set of
evidence is consistent with all empirical results discussed in the paper.

41 The number of observations in Table B7 is slightly smaller than in Table B6 because Table B7 includes controls for
the variance of stocks’ returns over the previous year (calculated using the previous 250 days’ daily returns, if
there are at least �fty non-missing observations); therefore, observations without stocks’ variance are omitted.
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Figure B1: Histogram of Returns, LDB Sample
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Note: The �gure shows the histograms of returns since purchase. For a better visualization of the distributions,
outliers below the 1st and above 99th percentiles were excluded.
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Figure B2: Unconditional Rank E�ect, LDB Sell-Day Sample
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Note: The �gure shows the unconditional probability of a sale based on rank positions. Observations are at
the account × stock × day level. The sample includes days in which the investor made at least one sale. Each
bar represents the ratio of stocks that are sold in the indicated category divided by all stocks in that category.
For example, the Worst bar reports #Worst Sold/(#Worst Sold + #Worst Not Sold). Vertical lines represent 95%
con�dence intervals.
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Figure B3: Number of Stocks Sold on a Trading Day by Portfolio Size, LDB Sample
(A) Numbers of Stocks Sold on a Trading Day
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Note: The �gure shows the frequency of sales by portfolio size. Panel A displays the average number of stocks
sold on a trading day by portfolio size. The sample includes days in which the investor made at least one sale.
Panel B shows the probability of a sale using observations at the account × stock × day level. For a better
visualization, outliers above the 99th percentile of portfolio size were excluded. Vertical lines represent 95%
con�dence intervals.
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Figure B4: Probability of Selling Stock for Small Portfolios, LDB Sell-Day Sample
All Portfolios > 50% Stocks in Loss in Portfolio ≥ 50% Stocks in Gain in Portfolio
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Note: The �gure shows selling probabilities for small-size portfolios. Portfolios of between three to six stocks
are included separately across rows. The sample includes days in which the investor made at least one sale.
Observations are at the account × stock × day level. Each bar represents the probability of a sale in the indicated
rank category. Column 1 aggregates all portfolios. Columns 2 and 3 split the data by portfolio composition.
Column 2 includes portfolios composed mainly of loser stocks. Column 3 consists of the remaining portfolios.
Vertical lines represent 95% con�dence intervals.
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Figure B5: Probability of Selling Stock for Large Portfolios, LDB Sell-Day Sample
All Portfolios > 50% Stocks in Loss in Portfolio ≥ 50% Stocks in Gain in Portfolio
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Note: The �gure shows selling probabilities for large-size portfolios. Portfolios of between seven to ten stocks
are included separately across rows. The sample includes days in which the investor made at least one sale.
Observations are at the account × stock × day level. Each bar represents the probability of a sale in the indicated
rank category. Column 1 aggregates all portfolios. Columns 2 and 3 split the data by portfolio composition.
Column 2 includes portfolios composed mainly of loser stocks. Column 3 consists of the remaining portfolios.
Vertical lines represent 95% con�dence intervals.
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Figure B6: Proportion of Selling Days by Portfolio Composition, LDB Sample
(A) Best/Worst Ranks De�ned as the Top Tercile/Bottom Tercile Positions
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(B) Best/Worst Ranks De�ned as the Top/Bottom Two Positions
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Note: The �gure shows rank preferences using data at the account × days level. The sample includes days in
which the investor made at least one sale. Panels shows the proportion of sell days in which the investor sold
stocks exclusively from one rank category. In Panel A, rank categories are de�ned based on terciles of the rank
distribution. When equal-sized categories were not possible, the larger group of stocks was assigned to the
bottom tercile (e.g., in portfolios containing 7 stocks, 3 stocks were assigned to the Worst Rank; 2 stocks, to the
Middle Rank; and 2 stocks, to the Best Rank). However, similar trading patterns are observed when the larger
group is assigned to either the middle or top terciles. Panel B repeats the same exercise but now the top two
positions de�ne the Best Rank; the bottom two positions, the Worst Rank; and positions in between, the Middle
Rank. Sub-panels split the sample by the proportion of stocks in gain in the portfolio. Column 1 includes days in
which over 75% of stocks in the portfolio were in loss; likewise, Column 4, days in which over 75% of stocks were
in gain. Vertical lines represent 95% con�dence intervals.
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Figure B7: Probability of Selling Stock by Portfolio Compositions and Gain Since Purchase,
LDB Sell-Day Sample
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Note: The �gure shows the probability of a sale by rank category, portfolio composition, and distinguishing
winner from loser stocks. The sample includes days in which the investor made at least one sale. Observations
are at the account × stock × day level. Blue bars describe the top-two stocks’ selling probabilities, while light
blue bars, the bottom-two stocks’ selling probabilities. Vertical lines represent 95% con�dence intervals.
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Figure B8: Rank E�ects by Portfolio Composition, LDB Sell-Day Sample
(A) Best Two Positions
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(B) Worst Two Positions
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Note: The �gure shows the probability of a sale by rank category, quintiles of portfolio performance, and
distinguishing winner from loser stocks. The sample includes days in which the investor made at least one sale.
Observations are at the account × stock × day level. Groups across the x-axis are de�ned based on quintiles on
the proportion of stocks in gain in the portfolio. Panel A describes the top-two stocks’ selling probabilities, while
Panel B, the bottom-two stocks’ selling probabilities. Vertical lines represent 95% con�dence intervals.
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Figure B9: Interaction E�ect of the Portfolio Performance by Stock’ Performance in the Past Week, Month, and Quarter, LDB Sell-Day Sample
(A) Stock’s Performance in the Past Week
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(B) Stock’s Performance in the Past Month
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(C) Stock’s Performance in the Past Quarter
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Note: The �gure shows the probability of a sale by rank category, portfolio performance, and recent stock performance. Panels A, B, and C split the data by returns during the
prior week, month, and quarter, respectively. Sub-plots across panels distinguish stocks displaying recent gains (bottom sub-plots) from stocks displaying recent losses (top
sub-plots). The sample includes days in which the investor made at least one sale. Observations are at the account × stock × day level. Vertical lines represent 95% con�dence
intervals.
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Table B1: Sample Selection in LDB Dataset
Accounts Sells

Starting Sample 126465 1329394
Drop due to:

Retaining Common Stocks 22267 441755
Excluding Account × Stocks with Missing NCUSIP 562 15986
Excluding Account × Stocks with Potential Errors in Transactions

(with trades displaying negative quantities but positive principal
amounts, and vice versa) 9 773

Combining Multiple Intraday Trades (Excluding Trades with
Zero Net Quantities Traded) 15 28870

Excluding Account × Stocks with Negative Commissions 522 19579
Excluding Account with Positions in January 1991 52173 534549
Excluding Account with Positions Before the First Recorded Transactions 7982 43588
Excluding Account × Stocks with Missing Adjusted Quantities or Prices 504 4469
Excluding Account × Stocks with Negative Holdings (Short Positions) 3555 58891
Excluding Account × Stocks × Days when a Position Stars 7541 0
Excluding Account × Stocks × Days whith Missing Prices on C − 1 202 140
Excluding Accounts × Days with No Sells (i.e., Retaining Selling Days) 5757 0

Cleaned Sample 25376 180794
Drop due to:

Retaining Account × Stocks × Days with Five Stocks 18293 101646
Baseline sample 7083 79148

Note: The table detail the steps in sample selection. The starting sample includes all accounts with trading records
in the LDB dataset. Sells in Column 2 include all the stocks’ liquidations or partial sells in the data. The largest
drops, in steps 6 and 7, restrict the data to new accounts for which we know the purchase price of all stocks in
the portfolio. This is accomplished by i) excluding accounts present in the �rst month of the position �les (the
LDB raw data comprise a set of �les with monthly position information and an additional �le with daily trading
activity); and ii) excluding accounts for which the position �les reveal that the account has held stocks before the
�rst transaction registered in the �le of trading activity. The �nal drop restricts the data to portfolios containing
at least �ve stocks.
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Table B2: Accounts Summary Statistics, LDB Sample
Mean Min p25 p50 p75 Max

Account Characteristics
Account Tenure (years) 1.324 0.000 0.000 0.748 2.285 5.770
Portfolio Value ($10000) 5.665 0.000 1.446 2.764 5.905 282.736
Conditional Number of Stocks 7.557 5.000 5.000 6.000 8.000 87.000
Sell days (% all market open days) 29.068 0.152 1.333 3.281 100.000 100.000

N Accounts 7083

Note: The table presents summary statistics for new accounts. Account tenure is measured on the
�nal day of the data period. Portfolio value is the value of all securities within the portfolio at market
prices. Portfolio value and number of stocks are measured as within-account averages of values at
the �rst day of each calendar month in the data period. Number of stocks is computed including only
the set of days in which the account had at least 5 stocks in their portfolio. Sell days is the percentage
of market open days the account is open in the data period and the account holder made at least one
sale.
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Table B3: Proportion of Stocks
Sold by Rank Category,

LDB Sample
Sell-Day-Sample

Rank Group
All Ranks 0.1349

Best 0.2632
2nd Best 0.2026
Middle 0.0976
2nd Worst 0.1483
Worst 0.1657

Rank E�ect
Best-Middle 0.1656***

(0.0041)
Worst-Middle 0.0681***

(0.0040)
Observations 586588

Note: The table presents the ratios
of stocks that are sold in the indi-
cated rank category divided by all
stocks in that category. For example,
the Best row reports #Best Sold/(#Best
Sold+#Best Not Sold). Ratios are com-
puted using observations are at the ac-
count × stock × day level. The sam-
ple includes days in which the investor
made at least one sale. The last rows
present the di�erence between the in-
dicated groups with standard errors
clustered by account and date. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.
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Table B4: Proportion of Stocks
Sold by Rank,

5-Stocks-Portfolios,
LDB Sample

Sell-Day-Sample

Rank Group
All Ranks 0.2524

Best 0.3732
2nd Best 0.2693
Middle 0.2127
2nd Worst 0.1923
Worst 0.2145

Rank E�ect
Best-Middle 0.1606***

(0.0079)
Worst-Middle 0.0018

(0.0065)
Observations 55675

Note: The table presents the ratios of
stocks that are sold in the indicated
rank category divided by all stocks in
that category. The table is restricted
to portfolios composed by �ve stocks.
For example, the Best row reports #Best
Sold/(#Best Sold+#Best Not Sold). Ra-
tios are computed using observations
are at the account × stock × day level.
The sample includes days in which the
investor made at least one sale. The
last rows present the di�erence be-
tween the indicated groups with stan-
dard errors clustered by account and
date. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B5: Copy of Table 5 in Hartzmark (2015), Estimates of the Rank E�ect

[10:12 28/2/2015 RFS-hhu079.tex] Page: 1041 1024–1059

The Rank Effect and Trading Behavior

Table 5
Rank effect for individual investors with controls for past performance when all positions in a portfolio
are at a gain or loss

All gain All loss

Best 0.117 0.045
(8.31) (2.09)

Worst 0.062 0.058
(5.29) (3.10)

2nd best 0.073 0.007
(7.19) (0.41)

2nd worst 0.040 0.025
(3.88) (1.64)

Return 0.001 0.119
(0.04) (1.35)

Additional controls x x
Observations 23,679 8,898
R2 0.013 0.012

This table presents the marginal effects from logit regressions of a dummy variable equal to one if a stock is
sold on characteristics of the stock being held. Only days in which a stock is sold are included, and an investor
must hold at least five stocks to be included in the sample. Stocks are not included on the day that position
is opened. The All Gain column includes investor day observations for which all positions in a portfolio have
positive returns, and the All Loss column contains observations for which all holdings are nonpositive returns.
Best (Worst) is a dummy variable equal to one if the stock has the highest (lowest) return in the portfolio and
2nd Best (2nd Worst) is a dummy for the second highest (lowest) return. Return is the return since purchase
price, Additional controls are Return*

√
Holding Days, Variance, and

√
Holding Days. Data cover January 1991

to November 1996. The top number is the marginal effect, and the lower number in parentheses is the t-statistic.
Standard errors are clustered by date and account.

In the context of models of trades based on narrow framing, these results
suggest that the reference point needs to incorporate performance relative to
the portfolio. The Ingersoll and Jin (2013) realization utility model with a
reference point of the purchase price offers an illustrative example. In this
model, investors narrowly frame on each stock and sell a stock when its price
is above an upper cutoff or below a lower cutoff. If such an investor holds a
portfolio with all positions at a gain, each position is above the lower cutoff and
so the worst-ranked position will never be sold. Similarly, when all positions
are at a loss, the best-ranked position is not sold. Tables 4 and Table 5 show
this is not the case.14

Alternatively, a standard Ingersoll and Jin investor can use a reference point
based on relative evaluation within the portfolio and display the rank effect in
such situations. When all positions are at a loss, such a reference point would
allow the investor to sell a best-ranked position and similarly sell a worst-ranked
position when all positions are at a gain. Thus, the empirical results suggest that
the reference point cannot be based solely upon those mooted in the literature
and must vary with relative performance in the portfolio.

Section 2.2 examines whether rank proxies for common information,
whereas this section examines whether trading based on past returns can

14 Table 5 shows this is true for a zero return reference point. As an alternative example, an Ingersoll and Jin investor
could use the market return as the benchmark to measure gains and losses. Appendix Table IA.20 presents a
similar analysis based on when all holdings beat the market or all do not beat the market and finds a rank effect.
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Note: The table presents a copy of Table 5 Hartzmark (2015). The table displays marginal e�ects from logit
regressions of a dummy variable equal to one if a stock is sold on characteristics of the stock being held.
The dependent variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. The
sample includes days in which the investor made at least one sale. Additional controls include '4CDA=, '4CDA= ∗
2
√
�>;38=6�0~B , +0A80=24 , and 2

√
�>;38=6�0~B . The top number is the coe�cient, and the lower number in

parentheses is the t-statistic. Standard errors are clustered by account and day.
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Table B6: Estimates of the Rank E�ect, LDB Sell-Day
Sample

(0;48 9C

All-Gain Mix All-Loss
Rank E�ects (Ref: Middle)
Best 0.1098*** 0.1746*** 0.1235***

(0.0155) (0.0045) (0.0242)
2nd Best 0.0757*** 0.1066*** 0.0589***

(0.0134) (0.0029) (0.0191)
2nd Worst 0.0396*** 0.0519*** 0.0454**

(0.0128) (0.0030) (0.0189)
Worst 0.0751*** 0.0747*** 0.0648***

(0.0153) (0.0037) (0.0233)
Return Since Purchase (%) 0.0007** 0.0007*** 0.0011

(0.0004) (0.0001) (0.0008)
Constant 0.1663*** 0.1320*** 0.2315***

(0.0134) (0.0035) (0.0380)
Additional Controls YES YES YES
Observations 10,526 563,881 8,975
R2 0.0132 0.0326 0.0180

Note: The table presents ordinary least squares regression estimates
of the main speci�cation. The dependent variable takes a value of 1
if the investor made a sale of the stock and zero otherwise. The sam-
ple includes days in which the investor made at least one sale. Addi-
tional controls include '4CDA=, '4CDA= ∗ 2

√
�>;38=6�0~B ,+0A80=24 , and

2
√
�>;38=6�0~B . Returns are winsorized at the 1% and 99% levels to re-

move the e�ect of outliers. Standard errors are clustered by account
and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B7: Proportion of Stocks Sold by Rank
Categories and Investors’ Portfolio
Composition, LDB Sell-Day Sample

Panel (A): Portfolios with All Stocks in Gain

Subsamples of Portfolios

All Portfolios 5 Stocks 7 Stocks 9 Stocks 11 Stocks

Rank Group
All Ranks 0.2102 0.2647 0.2066 0.1435 0.1491

Best 0.2578 0.3069 0.2535 0.1944 0.0800
2nd Best 0.2347 0.2597 0.2347 0.2222 0.1200
Middle 0.1659 0.2306 0.1815 0.1194 0.1429
2nd Worst 0.2103 0.2556 0.1925 0.0694 0.2000
Worst 0.2456 0.2708 0.2207 0.2083 0.2400

Rank E�ect
Best-Middle 0.0918*** 0.0764*** 0.0720** 0.0750 -0.0629

(0.0136) (0.0250) (0.0306) (0.0572) (0.0699)
Worst-Middle 0.0797*** 0.0403 0.0391 0.0889 0.0971

(0.0153) (0.0264) (0.0399) (0.0544) (0.0884)
Observations 10576 3600 1491 648 275

Panel (B): Portfolios with All Stocks in Loss

All Portfolios 5 Stocks 7 Stocks 9 Stocks 11 Stocks

Rank Group
All Ranks 0.2251 0.2695 0.2130 0.1725 0.1773

Best 0.3258 0.3247 0.2994 0.2090 0.5000
2nd Best 0.2561 0.2795 0.2216 0.2090 0.2500
Middle 0.1865 0.2601 0.1896 0.1612 0.1357
2nd Worst 0.2098 0.2310 0.2036 0.2090 0.1000
Worst 0.2106 0.2520 0.1976 0.1194 0.1500

Rank E�ect
Best-Middle 0.1392*** 0.0646** 0.1098** 0.0478 0.3643***

(0.0231) (0.0304) (0.0428) (0.0604) (0.1004)
Worst-Middle 0.0241 -0.0081 0.0080 -0.0418 0.0143

(0.0154) (0.0261) (0.0337) (0.0443) (0.0660)
Observations 9039 3095 1169 603 220

Panel (C): Portfolios with a Mix of Stocks in Gain and in Loss

All Portfolios 5 Stocks 7 Stocks 9 Stocks 11 Stocks

Rank Group
All Ranks 0.1321 0.2504 0.1885 0.1517 0.1291

Best 0.2618 0.3812 0.2993 0.2377 0.2210
2nd Best 0.2002 0.2694 0.2136 0.1973 0.1669
Middle 0.0959 0.2084 0.1586 0.1267 0.1074
2nd Worst 0.1448 0.1852 0.1568 0.1387 0.1312
Worst 0.1621 0.2079 0.1739 0.1581 0.1486

Rank E�ect
Best-Middle 0.1659*** 0.1728*** 0.1407*** 0.1110*** 0.1136***

(0.0042) (0.0084) (0.0087) (0.0097) (0.0113)
Worst-Middle 0.0662*** -0.0004 0.0153** 0.0314*** 0.0412***

(0.0039) (0.0069) (0.0069) (0.0073) (0.0095)
Observations 566973 48980 43876 35172 27676

Note: The table presents the ratios of stocks that are sold
in the indicated rank category by the investor’s portfolio
composition. Column 1 includes all portfolios. Columns
2-5 split the data by the proportion of stocks in gain in
the portfolios. Ratios are computed using observations
at the account × stock × day level. The sample includes
days in which the investor made at least one sale. The
last rows present the di�erence between the indicated
groups with standard errors clustered by account and
date. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B8: Proportion of Selling Days by Rank Categories, Best/Worst Ranks De�ned as
the Top/Bottom Tercile Positions, LDB Sample

Panel (A): Non Mutually Exclusive Rank Categories

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
Any Best Rank 0.4588 0.5475 0.5202 0.4312 0.3616
Any Middle Rank 0.3595 0.3402 0.3449 0.3686 0.3760
Any Worst Rank 0.3736 0.3173 0.3222 0.3885 0.4591

Rank E�ect
Any Best-Any Middle 0.0993*** 0.2073*** 0.1753*** 0.0627*** -0.0144*

(0.0066) (0.0146) (0.0103) (0.0075) (0.0086)
Any Worst-Any Middle 0.0141** -0.0230 -0.0227*** 0.0199** 0.0831***

(0.0065) (0.0144) (0.0085) (0.0079) (0.0110)
Observations 56280 7448 16093 21997 10742

Panel (B): Mutually Exclusive Rank Categories

Portfolio Type (% of Portfolio’s Stocks in Gain)

All Portfolios 0%-25% 25%-50% 50%-75% 75%-100%

Rank Group
Only Best Rank 0.3468 0.4305 0.4096 0.3187 0.2520
Only Middle Rank 0.2314 0.2014 0.2187 0.2437 0.2460
Only Worst Rank 0.1988 0.1680 0.1607 0.2053 0.2638

Rank E�ect
Only Best-Only Middle 0.1154*** 0.2291*** 0.1909*** 0.0751*** 0.0061

(0.0060) (0.0129) (0.0094) (0.0070) (0.0081)
Only Worst-Only Middle -0.0326*** -0.0334*** -0.0580*** -0.0383*** 0.0179*

(0.0049) (0.0094) (0.0065) (0.0067) (0.0092)
Observations 56280 7448 16093 21997 10742

Note: The table shows rank preferences using data at the account × day level. The sample includes days
in which the investor made at least one sale. Best/Worst ranks are de�ned as the top/bottom tercile
positions. Panel A shows the proportion of sell days in which the investor sold any stock from the top
tercile positions (Any Best Rank), the bottom tercile positions (Any Worst Rank), or positions in between
(Any Middle Rank). Proportions are not mutually exclusive, i.e., observations from an investor selling
a position from the top rank and another from the middle rank will contribute to the computation
of proportions for these two rank categories. Column 1 displays proportions for the whole sample.
Columns 2 to 5 split the sample by the proportion of stocks in gain in the portfolio. Panel B repeats
the same exercise, but proportions are computed including days when the investor sells stocks from
only one rank category (i.e., proportions are mutually exclusive). When equal-sized categories were not
possible, the larger group of stocks was assigned to the bottom tercile (e.g., in portfolios containing
7 stocks, 3 stocks were assigned to the Worst Rank; 2 stocks, to the Middle Rank; and 2 stocks, to the
Best Rank). However, similar trading patterns are observed when the larger group is assigned to either
the middle or top terciles. Standard errors in parentheses are clustered by account and date. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.
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Table B9: Estimates of the Rank E�ect, LDB Sell-Day Sample
(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst -0.0243*** -0.0282*** 0.0116*

(0.0026) (0.0027) (0.0059)
2nd Best 0.0341*** -0.0035 0.0835***

(0.0046) (0.0062) (0.0102)
Best 0.1018*** 0.0609*** 0.2183***

(0.0053) (0.0065) (0.0108)
2nd Worst × Proportion of Stocks in Gain -0.0744***

(0.0112)
2nd Best × Proportion of Stocks in Gain -0.1565***

(0.0160)
Best × Proportion of Stocks in Gain -0.2917***

(0.0167)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) -0.0341*** 0.0984***

(0.0059) (0.0107)
Number of Stocks (10 stocks) -0.0494*** -0.0488*** -0.0493***

(0.0042) (0.0040) (0.0041)
Days Since Purchase (100 days) -0.0109*** -0.0108*** -0.0100***

(0.0004) (0.0004) (0.0004)
Gain Since Purchase=1 0.0432*** 0.0372***

(0.0054) (0.0054)
Constant 0.2561*** 0.2716*** 0.2006***

(0.0048) (0.0050) (0.0068)
Observations 225,120 225,120 225,120
R2 0.0343 0.0349 0.0388

Note: The table presents ordinary least squares regression estimates of the main speci�-
cation. The dependent variable takes a value of 1 if the investor made a sale of the stock
and zero otherwise. The sample includes days in which the investor made at least one sale.
Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B10: Estimates of the Rank E�ect, Fixed E�ects, LDB Sell-Day Sample
(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0104* 0.0271* 0.0291**

(0.0059) (0.0145) (0.0148)
2nd Best 0.0800*** 0.1162*** 0.1328***

(0.0098) (0.0186) (0.0199)
Best 0.2157*** 0.2324*** 0.2554***

(0.0108) (0.0206) (0.0223)
2nd Worst × Proportion of Stocks in Gain -0.0740*** -0.0861*** -0.0896***

(0.0112) (0.0259) (0.0266)
2nd Best × Proportion of Stocks in Gain -0.1505*** -0.2027*** -0.2151***

(0.0159) (0.0290) (0.0311)
Best × Proportion of Stocks in Gain -0.2855*** -0.3330*** -0.3616***

(0.0166) (0.0280) (0.0304)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0734*** 0.1225*** 0.1298***

(0.0101) (0.0191) (0.0224)
Number of Stocks (10 stocks) -0.0432*** -0.0439*** -0.0524***

(0.0053) (0.0032) (0.0067)
Days Since Purchase (100 days) -0.0115*** -0.0066*** -0.0070***

(0.0004) (0.0008) (0.0011)
Gain Since Purchase=1 0.0372*** 0.0290** 0.0218*

(0.0055) (0.0120) (0.0127)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 225,120 225,120 225,120
R2 0.0808 0.8770 0.9047

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock and zero
otherwise. The sample includes days in which the investor made at least one sale. Standard
errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B11: Estimates of the Rank E�ect
Including Continuous Returns Since Purchase, LDB Sell-Day Sample

(0;48 9C

(1) (2) (3) (4)
Rank E�ects (Ref: Worst)
2nd Worst 0.0132** 0.0206*** 0.0275* 0.0380***

(0.0061) (0.0062) (0.0145) (0.0147)
2nd Best 0.0866*** 0.1075*** 0.1137*** 0.1553***

(0.0103) (0.0100) (0.0196) (0.0207)
Best 0.2236*** 0.2441*** 0.2369*** 0.2844***

(0.0117) (0.0116) (0.0217) (0.0231)
2nd Worst × Proportion of Stocks in Gain -0.0750*** -0.0777*** -0.0851*** -0.0908***

(0.0113) (0.0113) (0.0259) (0.0266)
2nd Best × Proportion of Stocks in Gain -0.1511*** -0.1693*** -0.1742*** -0.2067***

(0.0161) (0.0158) (0.0296) (0.0313)
Best × Proportion of Stocks in Gain -0.2831*** -0.3018*** -0.2974*** -0.3452***

(0.0173) (0.0169) (0.0285) (0.0309)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.1014*** 0.0928*** 0.1203*** 0.1359***

(0.0111) (0.0103) (0.0194) (0.0227)
Number of Stocks (10 stocks) -0.0484*** -0.0448*** -0.0405*** -0.0513***

(0.0043) (0.0057) (0.0032) (0.0067)
Days Since Purchase (100 days) -0.0097*** -0.0117*** -0.0038*** -0.0052***

(0.0004) (0.0004) (0.0009) (0.0011)
Gain Since Purchase=1 0.0395*** 0.0440*** 0.0352*** 0.0355***

(0.0056) (0.0058) (0.0123) (0.0131)
Return Since Purchase > 0 (%) -0.0002*** -0.0001 -0.0006*** -0.0006***

(0.0001) (0.0001) (0.0001) (0.0001)
Return Since Purchase < 0 (%) -0.0001 -0.0006*** 0.0000 -0.0008***

(0.0001) (0.0001) (0.0002) (0.0003)
(0.0173) (0.0169) (0.0285) (0.0309)

Constant 0.1941***
(0.0080)

Account FE NO YES NO YES
Day × Stock FE NO NO YES YES
Observations 225,120 225,120 225,120 225,120
R2 0.0389 0.0812 0.8772 0.9048

Note: The table presents �xed e�ects regression estimates of the main speci�cation with the addition of
continuous control variables for the return since purchase. Two separate variables are added to allow
for di�erent slopes for positive and negative returns. The dependent variable takes a value of 1 if the
investor made a sale of the stock and zero otherwise. The sample includes days in which the investor
made at least one sale. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B12: Estimates of the Rank E�ect and the Disposition E�ect, LDB Sell-Day Sample
(0;48 9C

Controlling for the Interaction Speci�cation (3) Omitting Controlling for the Interaction Speci�cation (7) Omitting
of the Disposition E�ect with Rank E�ects of the Disposition E�ect with a Rank E�ects

the Portfolio Composition Portfolio Gain Dummy
(An et al.’ original measure)

(1) (2) (3) (4) (5) (6) (7) (8)
Rank E�ects (Ref: Worst)
2nd Worst 0.0013 0.0246* 0.0216 0.0080 0.0264* 0.0270*

(0.0060) (0.0147) (0.0151) (0.0059) (0.0145) (0.0148)
2nd Best 0.0394*** 0.1032*** 0.0960*** 0.0663*** 0.1104*** 0.1208***

(0.0108) (0.0211) (0.0225) (0.0099) (0.0190) (0.0203)
Best 0.1561*** 0.2135*** 0.2018*** 0.1967*** 0.2241*** 0.2376***

(0.0116) (0.0247) (0.0263) (0.0107) (0.0215) (0.0229)
2nd Worst × Proportion of Stocks in Gain -0.0481*** -0.0790*** -0.0686** -0.0667*** -0.0833*** -0.0824***

(0.0114) (0.0265) (0.0274) (0.0113) (0.0260) (0.0268)
2nd Best × Proportion of Stocks in Gain -0.0659*** -0.1764*** -0.1389*** -0.1223*** -0.1914*** -0.1896***

(0.0172) (0.0345) (0.0372) (0.0159) (0.0301) (0.0323)
Best × Proportion of Stocks in Gain -0.1726*** -0.2981*** -0.2616*** -0.2496*** -0.3182*** -0.3288***

(0.0181) (0.0369) (0.0394) (0.0164) (0.0302) (0.0323)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0911*** 0.1284*** 0.1464*** 0.0795*** 0.0572*** 0.1093*** 0.1168***

(0.0103) (0.0189) (0.0225) (0.0183) (0.0103) (0.0210) (0.0244)
Gain Since Purchase=1 0.1164*** 0.0537*** 0.0931*** 0.2127*** 0.0539*** 0.0368*** 0.0385*** 0.1011***

(0.0091) (0.0203) (0.0219) (0.0160) (0.0062) (0.0135) (0.0139) (0.0101)
Gain Since Purchase=1 × Proportion of Stocks in Gain -0.1510*** -0.0462 -0.1355*** -0.2858***

(0.0130) (0.0286) (0.0321) (0.0243)
Portfolio Gain=1 0.0145*** 0.0113 0.0125 0.0282***

(0.0033) (0.0069) (0.0081) (0.0073)
Gain Since Purchase=1 × Portfolio Gain=1 -0.0324*** -0.0139 -0.0332*** -0.0834***

(0.0052) (0.0098) (0.0107) (0.0102)
Number of Stocks (10 stocks) -0.0460*** -0.0445*** -0.0548*** -0.0574*** -0.0439*** -0.0442*** -0.0533*** -0.0536***

(0.0058) (0.0032) (0.0069) (0.0071) (0.0055) (0.0032) (0.0068) (0.0069)
Days Since Purchase (100 days) -0.0114*** -0.0066*** -0.0069*** -0.0064*** -0.0114*** -0.0066*** -0.0067*** -0.0066***

(0.0004) (0.0008) (0.0011) (0.0010) (0.0004) (0.0008) (0.0011) (0.0010)
Account FE YES NO YES YES YES NO YES YES
Day × Stock FE NO YES YES YES NO YES YES YES
Observations 225,120 225,120 225,120 225,120 225,120 225,120 225,120 225,120
R2 0.0817 0.8770 0.9048 0.9044 0.0811 0.8770 0.9047 0.9040

Note: The table presents �xed e�ects regression estimates of the main speci�cation controlling for the disposition e�ect and its interaction with the portfolio
performance. The dependent variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. Columns 1 to 4 measure portfolio performance
as the proportion of stocks in gain in the portfolio. Columns 5 to 8 use An el al.’ original measure of portfolio performance, a portfolio gain dummy that takes
the value of one if the investor has a net gain in their holdings. The sample includes days in which the investor made at least one sale. Standard errors are
clustered by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B13: Estimates of the Rank E�ect, Complete Liquidations, Fixed
E�ects, LDB Sell-Day Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0086* 0.0187 0.0176

(0.0052) (0.0129) (0.0132)
2nd Best 0.0727*** 0.0902*** 0.1058***

(0.0080) (0.0171) (0.0181)
Best 0.1942*** 0.2068*** 0.2288***

(0.0097) (0.0194) (0.0210)
2nd Worst × Proportion of Stocks in Gain -0.0682*** -0.0713*** -0.0719***

(0.0101) (0.0231) (0.0236)
2nd Best × Proportion of Stocks in Gain -0.1566*** -0.1844*** -0.1944***

(0.0133) (0.0258) (0.0274)
Best × Proportion of Stocks in Gain -0.2908*** -0.3201*** -0.3454***

(0.0151) (0.0267) (0.0287)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0798*** 0.1090*** 0.1218***

(0.0091) (0.0175) (0.0205)
Number of Stocks (10 stocks) -0.0325*** -0.0375*** -0.0348***

(0.0040) (0.0031) (0.0054)
Days Since Purchase (100 days) -0.0111*** -0.0092*** -0.0090***

(0.0003) (0.0007) (0.0010)
Gain Since Purchase=1 0.0357*** 0.0483*** 0.0394***

(0.0051) (0.0116) (0.0120)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 225,120 225,120 225,120
R2 0.0905 0.8791 0.9083

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The
dependent variable takes a value of 1 if the investor made a sale of the stock (liquidating
the entire position) and zero otherwise. The sample includes days in which the investor
made at least one sale. Standard errors are clustered by account and day. ∗p<0.1; ∗∗p<0.05;
∗∗∗p<0.01.
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Table B14: Estimates of the Rank E�ect, Tax-Motivated
Selling, Fixed E�ects, LDB Sell-Day Sample

(0;48 9C

Excluding Tax Liable
Accounts

(1) (2) (3)
Rank E�ects (Ref: Worst)
2nd Worst 0.0128 -0.0249 -0.0551

(0.0154) (0.0629) (0.0788)
2nd Best 0.0583*** 0.0939 0.0732

(0.0183) (0.0758) (0.1025)
Best 0.1953*** 0.1782** 0.2372**

(0.0235) (0.0860) (0.1143)
2nd Worst × Proportion of Stocks in Gain -0.0863*** 0.0225 0.1235

(0.0268) (0.1125) (0.1361)
2nd Best × Proportion of Stocks in Gain -0.1104*** -0.2169* -0.0299

(0.0311) (0.1186) (0.1496)
Best × Proportion of Stocks in Gain -0.2630*** -0.3175*** -0.3238**

(0.0362) (0.1206) (0.1469)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) 0.0754*** 0.0877 -0.1122

(0.0201) (0.0742) (0.1076)
Number of Stocks (10 stocks) -0.0525*** -0.0384*** -0.0866**

(0.0098) (0.0111) (0.0366)
Days Since Purchase (100 days) -0.0128*** -0.0025 -0.0077

(0.0009) (0.0031) (0.0051)
Gain Since Purchase=1 0.0281** 0.0111 -0.0127

(0.0118) (0.0540) (0.0727)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 43,428 43,428 43,428
R2 0.0765 0.9684 0.9849

Note: The table presents �xed e�ects regression estimates of the
main speci�cation. The dependent variable takes a value of 1 if the
investor made a sale of the stock and zero otherwise. The sample
includes days in which the investor made at least one sale. The analy-
sis is restricted to 1310 accounts tax-exempt accounts, IRA or Keogh
accounts. Standard errors are clustered by account and day. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.
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Table B15: Estimates of the Alphabetical Rank E�ect, Fixed E�ects, LDB
Sell-Day Sample

(0;48 9C

(1) (2) (3)
Rank E�ects (Ref: Last Name)
2nd Last Name 0.0043 -0.0046 0.0057

(0.0064) (0.0141) (0.0148)
2nd Name 0.0140** 0.0246 0.0239

(0.0071) (0.0233) (0.0271)
First Name 0.0147** 0.0114 0.0010

(0.0065) (0.0233) (0.0276)
2nd Last Name × Proportion of Stocks in Gain -0.0127 -0.0007 -0.0017

(0.0115) (0.0248) (0.0257)
2nd Name × Proportion of Stocks in Gain -0.0256** -0.0537** -0.0474*

(0.0122) (0.0266) (0.0284)
First Name × Proportion of Stocks in Gain -0.0219* -0.0258 -0.0116

(0.0114) (0.0249) (0.0269)
Portfolio/Stock Controls
Proportion of Stocks in Gain (0-1) -0.0591*** -0.0141 -0.0147

(0.0100) (0.0178) (0.0208)
Number of Stocks (10 stocks) -0.0533*** -0.0517*** -0.0559***

(0.0078) (0.0033) (0.0064)
Days Since Purchase (100 days) -0.0058*** -0.0016** 0.0010

(0.0004) (0.0007) (0.0010)
Gain Since Purchase=1 0.0736*** 0.0511*** 0.0612***

(0.0040) (0.0057) (0.0063)
Account FE YES NO YES
Day × Stock FE NO YES YES
Observations 225,120 225,120 225,120
R2 0.0756 0.8707 0.8982

Note: The table presents �xed e�ects regression estimates of the main speci�cation. The depen-
dent variable takes a value of 1 if the investor made a sale of the stock and zero otherwise. The
sample includes days in which the investor made at least one sale. Standard errors are clustered
by account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B16: Proportion of Stocks Sold by Alphabetical Rank Category,
LDB Sell-Days Sample

Subsamples of Portfolios

All Portfolios 5 Stocks 7 Stocks 9 Stocks 11 Stocks

Rank Group
All Ranks 0.1349 0.2524 0.1897 0.1519 0.1296

First 0.1743 0.2548 0.1960 0.1643 0.1347
Second 0.1715 0.2538 0.1904 0.1532 0.1273
Middle 0.1128 0.2600 0.1906 0.1507 0.1275
Second-Last 0.1676 0.2459 0.1789 0.1495 0.1378
Last 0.1686 0.2475 0.1907 0.1468 0.1339

Rank E�ect
First-Middle 0.0616*** -0.0052 0.0054 0.0136* 0.0073

(0.0028) (0.0065) (0.0063) (0.0076) (0.0083)
Last-Middle 0.0558*** -0.0125* 0.0002 -0.0039 0.0065

(0.0029) (0.0069) (0.0060) (0.0067) (0.0079)
Observations 586588 55675 46536 36423 28171

Note: The table presents the ratios of stocks that are sold in the indicated rank cate-
gory divided by all stocks in that category. For example, the ‘First’ row reports #First
Name Sold/(#First Name Sold+#First Name Not Sold). Ratios are computed using
observations are at the account × stock × day level. The sample includes days in
which the investor made at least one sale. Column 1 includes all portfolios. Columns
2 to 5 subset the data to portfolios of 5, 7, 9 and 11 stocks respectively. The last rows
present the di�erence between the indicated groups with standard errors clustered
by account and date. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table B17: Copy of Table 8 in Hartzmark (2015), Estimates of the Alphabetical Rank E�ect

[10:12 28/2/2015 RFS-hhu079.tex] Page: 1047 1024–1059

The Rank Effect and Trading Behavior

Table 8
Alphabetical ordering by company name

Selling

First and second name only Last and second to last name only All names
[1] [2] [3]

First name 0.026 0.061
(3.80) (10.69)

Last name 0.029 0.061
(3.52) (11.02)

Stock x date FE x x x
Observations 185,253 185,145 1,016,954

This table presents regressions of a sell dummy equal to one if a stock is sold on dummy variables based on the
alphabetical ordering by company name ordering and stock by day fixed effects. Only days in which a stock is
sold are included. An investor must hold at least five stocks to be included in the sample. Stocks are not included
on the day that position is opened. First (Last) name is a dummy equal to one if the stock name is the first (last)
name by alphabetical order in the portfolio. Data cover January 1991 to November 1996. The top number is
the coefficient, and the lower number in parentheses is the t-statistic. Standard errors are clustered by date and
account.

position of a given stock within the stock market (Jacobs and Hillert 2014).
Column 1 limits the data to the first and second name by alphabetical order. A
given stock that is the first name in a portfolio is 2.6% more likely to be sold
than the same stock that is the second name in a portfolio. Column 2 limits the
sample to the last and second to last name. The last name is 2.9% more likely
to be sold than the second to last name. When the entire sample is considered
in Column 3, both the first and last name are 6.1% more likely to be sold
than is a middle name. The unconditional probability of sale is 11.3%. In these
regressions, ordering based on names contains no economically meaningful
information but still has a meaningful impact on the probability that a position
is sold because of the salience induced by being at the extreme of an ordering.

To empirically understand what aspect of rank is important for the rank
effect, I examine three potential mechanisms suggested by various theories of
salience.

1. Rank extremeness: As discussed in the introduction, rank-dependent
utility models (such as that of Tversky and Kahneman (1992)) predict
that extreme returns receive the most attention.

2. Average extremeness: Models, such as that by Bordalo, Gennaioli, and
Shleifer (2012), predict a position becomes more salient as it becomes
more extreme relative to a portfolio benchmark, such as the average
holding return in the portfolio.

3. Outlier extremeness: Certain models of consideration sets predict that
a position is more salient when it is best- or worst-ranked and also as
it becomes more extreme versus the next closest return in the portfolio
(Hauser Forthcoming).

Empirically, both rank extremeness and outlier extremeness are significant
aspects of the rank effect. This is consistent with the theory of consideration
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Note: The table presents a copy of Table 8 Hartzmark (2015). The table presents regressions of a sell dummy
equal to one if a stock is sold on dummy variables based on the alphabetical ordering by company name ordering
and stock by day �xed e�ects. First (Last) name is a dummy equal to one if the stock name is the �rst (last) name
by alphabetical order in the portfolio. The top number is the coe�cient, and the lower number in parentheses is
the t-statistic. Standard errors are clustered by account and day.
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Table B18: Estimates of the Alphabetical Rank E�ect, LDB Sell-Day Sample
(0;48 9C

1st and 2nd Last and 2nd Last All Names 1st and 2nd Last and 2ns Last All Names 1st and 2nd Last and 2nd Last All Names
Names Only Names Only Names Only Names Only Names Only Names Only

First Name 0.0207*** 0.0648*** 0.0026 0.0320*** 0.1415 0.0084
(0.0061) (0.0047) (0.0061) (0.0046) (0.0932) (0.0052)

Last Name 0.0242*** 0.0523*** 0.0058 0.0204*** 0.0766 0.0010
(0.0058) (0.0046) (0.0057) (0.0046) (0.1051) (0.0055)

Number of Stocks (10 stocks) -0.0530*** -0.0515*** -0.0341***
(0.0045) (0.0040) (0.0029)

Day × Stock FE YES YES YES YES YES YES YES YES YES
Account × Day FE NO NO NO NO NO NO YES YES YES
Observations 112,560 112,560 586,588 112,560 112,560 586,588 112,560 112,560 586,588
R2 0.8740 0.8728 0.7826 0.8757 0.8744 0.7860 0.9981 0.9979 0.8734

Note: The table presents ordinary least squares regression estimates of the main speci�cation. The dependent variable takes a value of 1 if the investor
made a sale of the stock and zero otherwise. The sample includes days in which the investor made at least one sale. Standard errors are clustered by
account and day. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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