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Abstract

We estimate the disposition effect for active traders in a large discount brokerage

dataset containing US households’ trading records between 1991 and 1996. We apply

a wide framing perspective, focusing on portfolios rather than individual stocks. We

find that the disposition effect varies inversely with the proportion of stocks trading

at a gain in the portfolio, nearly vanishing when this proportion reaches 50%. This is

driven by how the realisation of gains and losses depends on the percentage of gains in

the account. The probability to realise a loss increases with the percentage of gains in

the account. The relation between the probability of realising a gain and the percent-

age of gains in the bank account follows a U-shape. We also estimate the change in

the disposition effect when an investor realises more than one stock on a trading day.

We find when investors sell a stock, they are much more likely to also realise another

stock on the same day. In particular, selling a loss increases an investor’s propensity

to sell a gain and vice versa. This key finding provides an explanation for the observed

dependency of the disposition effect on the portfolio composition.
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1 Introduction

Our work sheds new light on the disposition effect. The disposition effect is the tendency

for investors to sell stocks that have increased in price since purchase at a faster rate than

stocks that have decreased in price (Shefrin and Statman, 1985). It was first documented

in a trading dataset by Odean (1998). Over twenty years later, the disposition effect has

been studied empirically (Odean, 1998; Dhar and Zhu, 2006; Ben-David and Hirshleifer,

2012 amongst others), documented in the laboratory (for eg. Weber and Camerer, 1998;

Frydman and Rangel, 2014; Song, 2016; Ploner, 2017) and explained by theoretical models

(for eg. Barberis and Xiong, 2009; Kaustia, 2010; Hens and Vlcek, 2011; Henderson, 2012;

Meng and Weng, 2018).

In the extant literature, the disposition effect has been considered in tandem with an

assumption of narrow framing.1 Narrow framing, in this context, is the tendency to treat

investments separately at the individual stock level. Narrow framing has been linked to many

empirical findings, for example, Barberis et al. (2006) argue that the widespread aversion

to a 50:50 bet to win $110 or lose $100 is evidence not only of loss aversion but of narrow

framing, and such framing is frequently invoked in applications of prospect theory.

We ask the question whether a wide framing perspective might help our understanding

of the disposition effect. In a wide framing perspective, investment decisions may depend

on the overall portfolio composition. If investors were really adopting narrow framing, their

decisions should not be influenced by the composition of the portfolio.

In this paper, we relax the assumption of narrow framing and undertake an empirical

investigation of the disposition effect. We study the well established Large Discount Broker-

age (LDB) dataset, which contains trading activities of individual traders in the USA from

1991 to 1996 (Barber and Odean, 2013 for a review). We focus our attention on the 5% most

active traders (Richards and Willows, 2018), who account for around 35% of the trades. We

do so, in order to look at bank accounts where several stocks are traded at the same time.

We demonstrate that portfolio effects are very important for the disposition effect. Our

main finding concerns how the disposition effect varies as the number of stocks trading at

a gain or at a loss in a bank account changes2. We find that the disposition effect is much

weaker when the percentage of stocks trading at a gain in the account of an investor is higher.

Conversely, we observe the disposition effect is strongest when there is a low percentage of

1Whilst the term “narrow framing” was first used by Kahneman and Lovallo, 1993, the more general
concept of “decision framing” dates back to Tversky and Kahneman, 1981. It is well known that decision
makers take different decisions if they focus on each of them in isolation from the others versus taking into
account more than one at the same time (Read et al., 1999).

2In our analysis, each bank account is treated separately and investors may hold more than one account.
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stocks trading at a gain in the investor’s account. Investors tend to sell one of their few

stocks at a gain, rather than one of their many stocks at a loss, in this case. A comparison of

the relative magnitudes of the propensities to realise gains and losses, which together drive

the disposition effect, shows the propensity to realise a gain varies far more than that to

realise a loss.

In addition, we analyse the impact that the realisation of other gains or losses in an

account has on the propensity to sell a stock, and on the disposition effect itself. Investors’

propensity to realise a stock is dramatically increased if they are realising another stock on

the same day. Baseline propensities to sell on days where other trades do not take place are

around 1%-2%. However, propensities to sell a stock at a gain (loss) rise to around 50% on

days where another stock in the account is sold at a gain (loss), and to around 10% when

another stock is sold at a loss (gain). This result can help to explain why the disposition

effect varies with portfolio composition. Take a day when an investor has a low proportion

of stocks trading at a gain in their account. Since investors have a preference for realising

a gain and a loss on the same day, the propensity to realise a gain will be relatively high,

whilst the propensity to realise a loss will be relatively low, giving a strong disposition effect.

As the proportion of stocks trading at a gain is increased, the propensity to realise a gain

will drop, and the propensity to realise a loss will rise, leading to a decrease in the strength

of the disposition effect. This is indeed consistent with our main finding that the disposition

effect is much weaker when the percentage of stocks trading at a gain in the account of an

investor is higher.

Our findings have some important implications for the wider literature. Whilst it is well

known that investors are subject to trading biases (Barber and Odean, 2000; Barber and

Odean, 2013), our study demonstrates that under some circumstances this is no longer true.

In particular, we show that in portfolios where the percentage of stocks at a gain is above

50%, the disposition effect is not present, as the DE ratio is close to one. Finally, whilst it

has been documented that the magnitude of the disposition effect can differ across types of

investors (Grinblatt and Keloharju, 2001; Dhar and Zhu, 2006), we find the strength of the

effect also changes at the individual level, within the same bank account, when we measure

it for different account compositions.

The paper is organised as follows. In Section 2 we review the related literature. In Sec-

tion 3 we describe the LDB data used and our models. Our results and potential explanations

are given in Section 4, and finally, Section 5 gives some concluding remarks.
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2 Literature Review

There is a large empirical literature documenting the disposition effect under the implicit

assumption of narrow framing at the stock level. Odean (1998) examines trading records for

10,000 accounts at a large US discount brokerage for the period 1987–1993. He compares

the rate at which investors sell winners (realised gains) and losers (realised losses) and com-

pares the realization of gains and losses to the opportunities to sell winners and losers. He

finds that, relative to opportunities, investors realise their gains at about a 50% higher rate

than their losses and that this difference is not explained by informed trading, a rational

belief in mean reversion, transactions costs, or rebalancing. Odean (1999) observes that, in

the majority of cases, winning stocks go on to earn positive returns after being sold and

losing stocks continue making poor returns. Hence, the disposition effect contradicts profit

maximization. Several studies also investigate the presence of the disposition effect among

different types of investors. It has been shown that the disposition effect is stronger among

individuals and institutional investors (Barber et al., 2007). Dhar and Zhu (2006) show that

wealthier individuals, individuals employed in professional occupations and frequent traders

exhibit a lower disposition effect.

One explanation of the disposition effect is framed in terms of Prospect Theory (Kahne-

man and Tversky, 1979; Tversky and Kahneman, 1992) where each of the S-shaped utility,

loss aversion, and use of a reference point play a role (Barberis and Xiong, 2009; Henderson,

2012; Ingersoll and Jin, 2013). Kőszegi and Rabin (2006) and Kőszegi and Rabin (2007) pro-

pose that the reference point does not need to be fixed exogenously but can be determined

endogenously based on rational expectations about future outcomes. In an experimental

setting, Arkes et al. (2008) show that investors tend to update their reference point upwards

after a good outcome realises and downwards after a bad outcome realises. They find that

the magnitude of reference point adaptation following a price change is not as large as the

magnitude of price change itself, and any adaptation is asymmetric with a greater adjust-

ment after good, than after bad outcomes. Several theoretical models suggest an important

role for the reference point in explaining the disposition effect (for eg. Meng and Weng,

2018; Andrikogiannopoulou and Papakonstantinou, 2019).

Our work is focused on the importance of two factors: the composition of the portfolio

and days when multiple stocks are realised. We investigate how they shape the propensity of

frequent traders (5% most active) to sell a stock for a gain and for a loss. Recent works that

are closest to ours are those of Sakaguchi et al. (2019) and An et al. (2019). Sakaguchi et al.

(2019) analyse data from a laboratory experiment and two datasets from trading activity:

the LDB dataset and a dataset of UK based investors from the 2010’s. They estimate how
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the disposition effect changes as the number of stocks in the gain and loss domain in a given

portfolio changes. In particular in the LDB and UK datasets, they find that the disposition

effect is highest when there is only one stock trading at a loss and two or more stocks trading

at a gain in a portfolio. The effect decreases with the number of stocks at a gain. When there

is one stock at a gain and two or more stocks trading at a loss in a portfolio, the propensity to

realise gains is lower than the propensity to realise losses. The main conclusion of Sakaguchi

et al. (2019) is that the probability that a stock in the gain domain is sold is relatively

constant across portfolios with different numbers of stocks in gain and in loss. However,

they reach this conclusion after restricting the analysis to the set of sell-days when exactly

one stock was sold. This influences by construction the measure of the disposition effect

they obtain. In contrast, we show that investors have a strong preference for realizing more

than one stock on the same trading day. Sakaguchi et al. (2019) cannot capture this effect.

An et al. (2019) estimate the disposition effect separately for portfolios which are trading

at a gain or at a loss. They observe that the disposition effect is weaker when the portfolio

as a whole is trading at a gain (has positive paper return) than when it is trading at a loss.3

There are some important differences in our analyses. An et al. (2019) use the entire dataset

of investors regardless of whether they are frequent or infrequent traders. Furthermore, An

et al. (2019) focus on the performance of the portfolio as a whole, disregarding the actual

imbalance between the number of stocks which are trading at a gain or at a loss. Our

analysis shows this is important. We estimate the propensity to sell gains and losses for

various levels of the percentage of stocks trading at a gain. These estimates are used to

compute the disposition effect across varying compositions of portfolio. Our focus on the

possibility that the attention of investors is directed towards the number of stocks trading

in the gain or loss domain enables us to suggest that selling decisions depending on the

percentage of positions at a gain may be a form of decision heuristics, similar to näıve

diversification for buying (Benartzi and Thaler, 2001; Gathergood et al., 2019).

3 Data and methodology

The dataset that will be used to estimate the models below consists of the trading records

for investors in the U.S. during the period from January 1991 to November 1996. The data

were obtained by Odean from a large discount brokerage and are commonly referred to in the

3An et al. (2019) propose two possible explanations for their findings. The first possible explanation is
related to mental accounting. When the portfolio as whole is trading at a gain investors are more likely to
realise losses since they frame the sale of the losing stock as the sale of a share of the entire portfolio, hence a
share of an asset which is trading at a gain. Their second explanation builds on Barberis and Xiong (2009),
extending realization utility to paper gains and losses.
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literature as the LDB dataset. A detailed description of the dataset can be found in Barber

and Odean (2000). Price data for the stocks traded by the sample of investors were obtained

from the CRSP (Centre for Research in Security Prices) of WRDS (Wharton Research Data

Services). We exclude those stocks for which we were not able to recover price information.

We remove investment records if at least one of the entries has negative commissions (which

may indicate that the transaction was reversed by the broker). We remove investments that

include short-sale transactions or that have positions that were opened before the starting

point of our dataset.

We define as the starting point of an investment episode the first time an investor buys

a stock, or any time she buys it without the stock being present in the bank account at

that time. The selling date is the first sale date after a buy date, and represents the end

point of an investment episode (Shapira and Venezia, 2001; Chiyachantana and Yang, 2013;

Brettschneider and Burgess, 2017). We define an episode as all the stock-day information

between a buy and a sell date. An episode is classified as a gain if the selling price is higher

than (or equal to) the buy price, and classified as a loss otherwise.

We restrict our attention to approximately 5% of the bank accounts present in the dataset

which account for more than 35% of investment episodes. This corresponds to bank accounts

where 24 or more investment episodes were started. After restricting our attention to this

subset of accounts, we censor investment episodes. We only include investment episodes

where the selling date is no later than 400 days from the buying date, in line with Brettschnei-

der and Burgess (2017). We do this in order to capture active decisions of traders rather than

buy and hold decisions. After imposing this condition and deleting (a very small number

of) trades for which we suspected data were misreported, we retain bank accounts where at

least 20 trading episodes were completed. This resulted in 114,441 episodes from 2,783 bank

accounts (Table 1).

Table 1: Summary Statistics of the sample.

Bank accounts 2,783
Episodes 114,441
Episodes per bank account (mean) 41.12
Episodes per bank account (median) 31
Percentage of gains in an account-stock-day (mean) 0.48
Percentage of gains in an account-stock-day (median) 0.50
Number of stocks in an account-stock-day (mean) 8.35
Number of stocks in an account-stock-day (median) 5
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In this section, we give a preliminary estimate of the disposition effect that takes into

account the percentage of stocks at a gain in the account. In other words, we calculate a

disposition effect stratified by the current percentage of a stocks at a gain in the account.

For each bank account, on each day when at least one stock is realised, we calculate PGR

and PLR following Odean (1998), where PGR is the Proportion of Gains Realised

PGR =
Realised Gains

Realised Gains + Paper Gains

and PLR is the Proportion of Losses Realised

PLR =
Realised Losses

Realised Losses + Paper Losses
.

For each such day, we calculate the disposition effect following Dhar and Zhu (2006) as

the difference between PGR and PLR. We also determine the percentage of stocks which are

trading at a gain in the bank account and classify it in one of four bins (0 to 0.25; 0.25 to

0.5; 0.5 to 0.75 and 0.75 to 1). Then, we calculate the disposition effect at account-gain-bin

level. That is, we average the disposition effect, at account level, over all days in which a

given account falls in a given gain bin. Finally, we calculate the disposition effect at the

gain-bin level. That means, we average the disposition effect at account-gain-bin level over

accounts, to obtain the average disposition effect for each of the four bins4. The output is

shown in Table 2. We observe striking differences in the magnitude of the disposition effect,

depending on the percentage of stocks at a gain. The disposition effect is ten times larger

in bin 1 than in bin 45. Finally, note we also estimate an average disposition effect of 0.15.6

We can go beyond these preliminary estimates by performing regression analyses to esti-

mate the disposition effect. The unit of observation is an account-stock-day triple (An et al.,

2019). The dependent variable takes the value of 1 for sell days and 0 otherwise. While

earlier literature used logit models (Grinblatt and Keloharju, 2001; Birru, 2015), more re-

cent works employ a linear probability model (Chang et al., 2016; An et al., 2019). In all

these cases, the effects that covariates have on the different propensities to sell are mediated

by an interaction with a dummy variable which indicates if a stock is trading at a gain

on a specific day. Ai and Norton (2003) highlighted that the magnitude of the interaction

4A more detailed derivation of the DE can be found in the appendix, together with a numerical example.
5A Jonckheere-Terpstra test confirms that the DE decreases when the percentage of gains increases

(p<0.001, H1 that the disposition effect is decreasing from bin 1 to bin 4, where bin 1 corresponds to gain
percentage between 0 and 0.25 and bin 4 to gain percentage between 0.75 to 1).

6This is lower than the 0.21 estimated by Dhar and Zhu (2006) who used the entire sample of investors
and found that the disposition effect decreases as the frequency of trading increases. Since we focus on a
sample of frequent traders, it was to be expected that the disposition effect is lower than the estimate in
Dhar and Zhu (2006).
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Table 2: Disposition effect stratified by percentage of stocks at a gain. Disposition
effect (DE) was calculated in three steps. First, disposition effect was estimated as PGR-PLR
within each account on any day where at least one stock is realised. Then, these account-
day disposition effects were averaged over days, stratified by the percentage of stocks at
gain within each account. Here, four equally sized bins were used for the stratification.
Finally, within each of these gain bins, averages over accounts were taken resulting in the
four quantities listed below. A Jonckheere trend test (also known as Jonckheere-Terpstra
test) confirms that the disposition effect decreases with increasing percentage of stocks at a
gain (P < 0.001).

Perc. of gains DE
[0.00, 0.25] 0.20
(0.25 ,0.50] 0.18
(0.50, 0.75] 0.08
(0.75, 1.00] 0.02

effect in logit models does not equal the marginal effect of the interaction term and it can

be of opposite sign. A linear probability model guarantees easier interpretation of marginal

effects and a robust identification of the coefficients. Furthermore, a linear approximation is

sufficient, because the range of the probabilities is small and the sample size is large enough

to guarantee approximately normal residuals. We model heteroskedasticity by fitting robust

clustered standard errors at bank account level (Arellano, 1987). We estimate three linear

probability models. The first model focuses on the impact of the percentage of stocks at a

gain in the account. It takes the following form:

yijt = α +Gijtβ +Dkijtδk +Gijt ×Dkijtγk (1)

where i refers to the bank account, j refers to the investment episode and t to the day.

Then:

Response: yijt is equal to 1 on those days t when the stock traded in episode j in

account i is sold, and 0 otherwise.

Gain: Gijt is a dummy equal to 1 on those days t when the stock traded in episode

j in account i is trading at a gain (closing price is higher than (or equal to) purchase

price7).

Sextile percentage of gains: Dkijt with k ∈ {1,2,4,5,6} are five dummies we obtained

in the following way:

7On the selling day it is 1 if selling price is higher or equal to the purchase price.
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– Consider all days when more than one investment episode was open in a given

bank account.

– Calculate the percentage of stocks trading at a gain (excluding the stock for which

we are estimating the probability of selling, traded in episode j).

– Split the percentage of stocks at a gain into six sextiles (based on the distribution

of the percentage of gains at account-stock-day level). Observed sextile are marked

by the following cut-points (these are the upper limits of each category): 0.10,

0.33, 0.50, 0.61, 0.80, 1.

– Each dummy Dk refers to one of the sextiles, imposing the third one as the

reference category.

The intercept α measures the probability of selling a loss when the percentage of gains

in the account is in the third sextile. β captures the difference in the propensity to sell a

gain and the propensity to sell a loss for the third sextile, the disposition effect. δk captures

the difference in the propensity to realise a loss when the account is in the kth sextile with

respect to the third sextile. The sum of β and δk measures the disposition effect for the

kth sextile. We obtain out of sample prediction for the probability to sell a gain and the

probability to sell a loss, for any of the gain percentage sextiles. The disposition effect is

then calculated as the ratio of the probability of selling a gain and the probability of selling

a loss, following the widely used definition of Odean (1998).

The second and third models focus on the impact of realizations of stocks other than the

one in question, distinguishing gains and losses. They take the following form:

yijt = α +Gijtβ + Iijtδ +Gijt × Iijtγ (2)

In the second (third) model, Iijt is a dummy equal to 1 if, on a given day t, at least

one stock at a gain (loss), (apart from the stock traded in episode j) is realised in the bank

account i. β captures the disposition effect and δ the difference in the propensity to realise

a loss when a gain (a loss) is realised in the account, apart from the stock traded in episode

j. The sum of β and γ captures the disposition effect on days when a stock at a gain (loss),

apart from the stock traded in episode j, is realised in bank account i.

For each model described, we fit three regressions. First, the baseline model as defined

in (1) and (2). Second, a Fixed Effects OLS regression with fixed effects at the account

level. We do this to control for the propensity to sell a stock that is unique to each account.

The propensity to sell may be linked to trading frequency, size or other account specific

characteristics. Third, a Fixed Effects OLS regression with fixed effects at the account level
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and control variables for month and year (and respective interactions with the gain dummy).

This is to control for differences in the propensity to sell due to time.

4 Results and Discussion

4.1 Variation in the Disposition Effect with Portfolio Composition

Our key finding is that from a wide framing perspective, the disposition effect vanishes for

some portfolio compositions. Our first set of results are summarised in Table 3, which reports

the estimation of model (1). From these estimates, we obtain out-of-sample predictions

displayed in Figure 1 and summarised in Table 4. We will discuss these first. Table 4 reports

propensities to sell for each sextile of the distribution of the percentage of stocks trading

at a gain in an account day. For example, we can see that the propensity to sell when the

percentage of gains is in the first sextile and the stock is trading at a gain (gain dummy equal

to 1) is 2.7%. These propensities are presented graphically in the lower panel of Figure 1.

The disposition effect, based on the relative propensities to sell, is also reported in Table 4,

and in the upper panel of Figure 1.

From the top panel of Figure 1, we see that the disposition effect is largest when the

percentage of stocks trading at a gain in the account is lowest. The observations in the lower

panel of Figure 1 show that the spread between the propensity to realise a gain and the

propensity to realise a loss is largest when the percentage of gains in the account is in the

first sextile. In other words, investors tend to sell one of their few stocks at a gain, rather

than one of the many they hold at a loss. Table 4 examines this in more detail by estimating

the disposition effect for any sextile of the distribution of the percentage of gains in the

account. It demonstrates that the disposition effect broadly decreases as the percentage of

stocks trading at a gain increases. The disposition effect increases slightly from the fifth to

sixth sextile, but is quite close to one from the fourth sextile onwards, when the percentage

of positions at a gain in the account is higher than 50%.

If we compare our estimates of the magnitude of the disposition effect to the estimate of

1.51 reported by Odean (1998) (marked by a red line in Figure 1), we see a pattern. Where

the percentage of stocks at a gain is below the median of the distribution, the disposition

effect is much larger in magnitude than Odean’s. Conversely, where the percentage of stocks

at a gain is above the median, we see the disposition effect is much smaller than Odean’s,

and indeed, close to one.

The lower panel of Figure 1 displays the relative magnitudes of the propensities to realise

gains and losses, which together drive the disposition effect. Our first observation is that the
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propensity to realise a gain varies much more than the propensity to realise a loss, for any

level of the percentage of stocks at a gain in the account. In particular, the propensity to

realise a loss lies between 1.08% and 1.7%, whilst the propensity to realise a gain is between

1.3% and 2.7%. The reduction of the disposition effect we describe above, is largely driven

by a reduction in the propensity to realise a gain as the percentage of stocks trading at a

gain in the account increases.

Two technical observations arise from the more detailed analysis of the estimation of

model (1) presented in Table 3. First, the effect of the percentage of stocks at a gain is

not linear, hence stratifying by sextiles was appropriate. Second, estimates are fairly stable

when we control for bank account and time fixed effects. The direction and magnitude of

the effects are fairly stable across all specifications.

Our finding is a breakthrough in the literature on the disposition effect. We have shown

that investors are not prone to the disposition effect, when the overall situation of their

portfolio is positive. Other authors have demonstrated considerable variation in estimates

of the disposition effect for different types of investors. Grinblatt and Keloharju (2001)

observed that the disposition effect is weaker for institutional and foreign investors than

for domestic investors in Finland. Dhar and Zhu (2006) found that the disposition effect

is weaker for more experienced investors. What we see is different. We observe that the

disposition effect varies significantly as the account composition changes. Our finding that

the disposition effect decreases as the percentage of stocks trading at a gain increases is

almost counter-intuitive. When the number of paper gains is higher, the difference in the

propensity to realise gains and losses is smaller. When times are good, the disposition effect

becomes almost non-existent.

Although mental accounting is a potential explanation (An et al., 2019), we will now

propose some alternative explanations for our result. A first possibility entails reference

point updating. Arkes et al. (2008) showed in an experimental setting that investors update

upwards (downwards) their reference point after an asset increases (decreases) in price. In-

vestors only partially update the reference point, and they update asymmetrically, by more

in the gain than in the loss domain. Chiyachantana and Yang (2013) propose a reference

point updating mechanism to explain the disposition effect. They argue that, when the stock

is trading below the reference point, the investor is in the risk seeking region of the S-shaped

utility function. Hence, choosing between a sure loss and a risky loss she will prefer the risky

loss and hold on to the stock. If she adapted her reference point down to the current price,

she would stop to perceive it as belonging to the loss domain and sell it (since it would be

a choice between a sure gain and a risky gain and the investors would be in the risk averse

portion of the S-shaped utility function).
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Table 3: Sextile of gains regression. Linear probability model (given in (1)) where the
dependent variable takes the value of 1 for sale days and 0 for hold days. Each observation
is at account-stock-day level. Gain dummy is equal to 1 on those days when the stock is
trading at a gain. Sextiles of stocks trading at a gain are obtained as follows: we calculate
the percentage of stocks trading at a gain (excluding the stock for which we are estimating
the probability of selling) in a given account-day, we split it into sextiles. Observed sextile
are marked by the following cut-points (these are the upper limits of each category): 0.10,
0.33, 0.50, 0.61, 0.80, 1. The third sextile is the reference category.

(1) (2) (3)

Gain 0.00404∗∗∗ 0.00484∗∗∗ 0.00766∗∗∗

(0.000411) (0.000498) (0.000708)
Sextile percentage of gains (ref. Third)

First 0.000998∗∗∗ -0.00492∗∗∗ -0.00530∗∗∗

(0.000302) (0.000354) (0.000353)
Second -0.00139∗∗∗ -0.00232∗∗∗ -0.00235∗∗∗

(0.000296) (0.000292) (0.000294)
Fourth -0.000406 0.00173∗∗∗ 0.00179∗∗∗

(0.000405) (0.000373) (0.000397)
Fifth 0.00115∗∗∗ 0.00249∗∗∗ 0.00258∗∗∗

(0.000260) (0.000307) (0.000304)
Sixth 0.00442∗∗∗ 0.00169∗∗∗ 0.00154∗∗∗

(0.000367) (0.000370) (0.000366)
Gain × Sextile percentage of gains (ref. Third)

Gain × First 0.00989∗∗∗ 0.0110∗∗∗ 0.0112∗∗∗

(0.000587) (0.000653) (0.000654)
Gain × Second 0.00422∗∗∗ 0.00469∗∗∗ 0.00479∗∗∗

(0.000484) (0.000522) (0.000527)
Gain × Fourth -0.00321∗∗∗ -0.00376∗∗∗ -0.00386∗∗∗

(0.000487) (0.000512) (0.000512)
Gain × Fifth -0.00418∗∗∗ -0.00471∗∗∗ -0.00484∗∗∗

(0.000412) (0.000438) (0.000441)
Gain × Sixth -0.00145∗∗ -0.00144∗ -0.00148∗

(0.000510) (0.000574) (0.000574)

Account FE NO YES YES

Time FE NO NO YES

N 6611755 6611755 6611755

Standard errors clustered at bank account level in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure 1: Disposition effect and sextile of gain percentages. Out of sample predictions
of the linear probability model (first column in Table 3) where the dependent variable takes
the value of 1 for sale days and 0 for hold days (observations at account-stock-day level,
clustered se at bank account level). Sextiles of stocks trading at a gain are obtained as
follows: we calculate the percentage of stocks trading at a gain (excluding the stock for
which we are estimating the probability of selling) in a given account-day, and split it into
sextiles. Observed sextiles are marked by the following cut-points (these are the upper limits
of each category): 0.10, 0.33, 0.50, 0.61, 0.80, 1. The third sextile is the reference category.
Top: Disposition effect (propensity to realise a gain divided by the propensity to realise a
loss) for each level of the sextiles of the distribution of the percentage of gain stocks in the
portfolio. Red line is drawn at 1.51 (disposition effect estimate in Odean, 1998). Brown line
is drawn at 1 (no disposition effect).
Bottom: Probability of sale for gains and losses for each level of the sextiles of the distribution
of the percentage of gain stocks in the portfolio.
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Table 4: Disposition effect and sextile of gain percentages. Estimated propensity to
sell a gain and propensity to sell a loss for each sextile of the distribution of the percentage of
stocks trading at a gain in an account-day. Disposition effect is calculated as the ratio of the
propensity to realise a gain and the propensity to realise a loss. Out of sample predictions
of the linear probability model (first column in Table 3) where the dependent variable takes
the value of 1 for sale days and 0 for hold days (observations at account-stock-day level,
clustered se at bank account level). Sextiles of stocks trading at a gain are obtained as
follows: we calculate the percentage of stocks trading at a gain (excluding the stock for
which we are estimating the probability of selling) in a given account-day, and split it into
sextiles. Observed sextiles are marked by the following cut-points (these are the upper limits
of each category): 0.10, 0.33, 0.50, 0.61, 0.80, 1. The third sextile is the reference category.

Sextile of gain perc. 1 2 3 4 5 6

Propensity to sell gain 0.027 0.019 0.016 0.013 0.013 0.019
Propensity to sell loss 0.013 0.011 0.012 0.012 0.013 0.017
Disposition effect 2.056 1.775 1.332 1.071 0.990 1.156

We now apply this line of reasoning to our results and start with the loss domain. Suppose

that the effect found by Arkes et al. (2008) holds. When the stock enters the loss domain, the

investor does not immediately update the reference point downwards and the price will be

lower than investor’s reference point. We see in Figure 1 that the propensity to realise a loss

is relatively constant and only increases when the percentage of stocks at a gain is very high.

One possible driver for the increased propensity to realise a loss is the following: when there

are only a small number of losing stocks in the account, they are evaluated as being relatively

worse since the investor compares them to the large number of winning stocks. Hence, she

is willing to adjust the reference point of that loss downwards to the current price and to

realise losses. The propensity to realise a gain is at its highest when the percentage of stocks

trading at a gain is really low (Figure 1). Using a similar line of reasoning, an investor

considers those few gains to be relatively valuable as compared to a large number of losing

stocks. She adjusts the reference points of the winning stocks upwards, closer to the running

prices, which leads to a higher propensity to realise gains.

We can suggest other explanations for the pattern we observe. For example, regret

(Loomes and Sugden, 1982) or disappointment (Bell, 1985; Loomes and Sugden, 1986; Jia

et al., 2001; Delquié and Cillo, 2006) might play a role. Anticipated regret might explain

why investors realise gains when they have relatively few winning positions. Regret refers

to the idea that a decision maker would regret obtaining an outcome which is ex-post sub-

optimal. When the percentage of gains is low, the worst possible outcome would be that

those few gains end up in the loss domain. Hence, the investor chooses to sell them now,
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before their price decreases. On the other hand, when the proportion of positions at a paper

gain is higher, the investor would not be as concerned that she may not realise any gain

at all and would not necessarily rush to sell. The central idea of disappointment theory

is that an individual forms an expectation about a risky alternative, and may experience

disappointment if the outcome obtained falls short of this expectation. If investors have a

well defined expectation regarding their future earnings, it is likely that their expectation will

be positive, otherwise they would have not bought the stock in the first place. Hence, when

the percentage of gains in the account is low, the probability of the final outcome falling short

of expectations is high. Then, individuals rush to realise the few gains they have, in order

to meet their ex-ante expectations. A final explanation might rely upon investor attention

(Barber and Odean, 2008; Dierick et al., 2019). We see that the propensity to realise a gain

is lower for balanced compositions of the bank account. It might be the case that unbalanced

compositions of the portfolio lead the investor to focus their attention on their investments,

and to be more active, by realising positions. We emphasise that it is very important to focus

on the propensity to realise a gain and the propensity to realise a loss separately, as we do

(lower panel in Figure 1). We are not only interested in estimating changes in the disposition

effect, but also in unraveling whether they are linked to the variation in the propensity to

realise a gain or the propensity to realise a loss.

4.2 The Impact of Realising Other Gains and Losses on the Propen-

sity to Sell

In our second set of results, we investigate the impact that the realisation of other gains or

losses in the account has on the propensity to realise a stock. Tables 5 and 7 report the

results from the estimation of the linear probability models given in (2), where another loss

or gain, respectively, is realised. From these estimates, we obtain out-of-sample predictions

which are given in Tables 6 and 8, again, for the situation of another loss or gain, respectively.

Our first striking observation from Tables 6 and 8 is that investors have a high propensity

to realise a stock if they are already realising another one, on a given day. In particular,

the propensity to realise a loss is around 50% and the propensity to realise a gain is slightly

higher than 10% on those days when another stock at a loss in the account is realised. The

propensity to realise a loss is slightly smaller than 10% and the propensity to realise a gain

is around 50% on those days when another stock at a gain in the account is sold. These

magnitudes should be compared to baseline propensities to sell on days when another loss

or gain is not realised, which are all in the region of 1%-1.7%.

Portfolio or bank account effects are very relevant. In particular, the fact the investors
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have a much higher propensity to realise another stock, once they have realised one, is an

indication that decisions regarding stocks in the same account are correlated. Furthermore,

realising a gain makes it more likely to realise another gain than to realise a loss, and realising

a loss makes it more likely to realise another loss than to realise a gain. We note that this

effect cannot be captured using the framework adopted by Sakaguchi et al. (2019), since they

restrict their analysis to sale days where only one stock is realised in a portfolio.

How might we explain the observed behavior? The notion of investor attention (Barber

and Odean, 2008) may be relevant. If investors only pay attention to their portfolio on some

days, then they also trade more on those days. Another possible explanation may be related

to reference point updating, particularly for investors’ realising multiple losses on the same

day. Upon realising the sale of one stock trading just below it’s reference point, an investor

may update (downgrade) her reference points on other stocks trading at paper losses as well,

leading to further sales. A further possibility is simply that since realising losses is difficult,

it may be a defense mechanism to realise more than one at the same time.

Whilst we demonstrate that the realisation of a gain (loss) significantly increases the

propensity to realise another gain (loss), we also find that it increases the propensity to realise

a loss (gain). For example, the propensity to sell a gain rises sixfold when a loss is realised

on the same day (in the same account). This can shed some light on why the disposition

effect varies with portfolio composition. If investors have a preference for realising a gain

and a loss on the same day, on days when there is a low percentage of gains, the propensity

to realise a gain will be high and the propensity to realise a loss will be low. This follows

from the fact that, on those days, the investor can choose from a small pool of stocks at a

gain, and a larger pool of losing stocks. PGR, as defined in Odean (1998) will have a very

low denominator and PLR will have a high denominator. As the percentage of gains in the

account increases, we expect the propensity to realise a loss to increase, and the propensity

to realise a gain to decrease. This describes well the pattern we observe in Figure 18 and

leads the disposition effect to decrease as the percentage of stocks at a gain increases. Hence,

the finding that investors tend to realise more than one stock on a given day, contributes

to partially explain the mechanism which leads the disposition effect to change with the

account composition.

The fact that the realisation of a gain (loss) has a dramatic impact on the propensity to

realise another gain (loss) does not affect this explanation. Let’s focus on the case where

the percentage of gains is high. We know that realising a gain will increase the probability

8The probability of realising a loss increases as the percentage of gains increases, while the probability
of realising a gain follows a U-shape. It is lower in sextile 6 than in sextile 1 but it does reach the minimum
in sextile 4. We are not suggesting that preference for realising multiple stocks on the same day alone leads
to the variation in the disposition effect that we observe, but it potentially contributes to it.
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of realising another gain, and will also increase the probability of realising a loss, albeit to a

lesser extent. Hence, there will be variation in the disposition effect due to changes in both

PGR and PLR. However, since the denominator of PGR is high, the marginal (increasing)

contribution that any realisation of gains has on the disposition effect, will be less than

the marginal (decreasing) contribution that any loss has on the disposition effect, since the

denominator of PLR is low.

Table 5: Other loss indicator regression. Linear probability model (given in (2)) where
the dependent variable takes the value of 1 for sale days and 0 for hold days. Each observation
is at account-stock-day level. Gain dummy is equal to 1 on those days when the stock is
trading at a gain. Other loss realised indicator is a dummy which takes the value of 1 if, on
a given account-day, a stock at a loss is realised (other than the stock whose propensity is
being estimated).

(1) (2) (3)

Gain dummy 0.00701∗∗∗ 0.00876∗∗∗ 0.0107∗∗∗

(0.000328) (0.000416) (0.000642)

Other loss realised indicator 0.488∗∗∗ 0.487∗∗∗ 0.486∗∗∗

(0.0291) (0.0276) (0.0275)

Gain dummy × Other loss realised indicator -0.399∗∗∗ -0.399∗∗∗ -0.399∗∗∗

(0.0273) (0.0263) (0.0263)

Account FE NO YES YES

Time FE NO NO YES

N 7133537 7133537 7133537

Standard errors clustered at bank account level in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 6: Disposition Effect and other loss indicator. Disposition effect when a loss is
realised in the account on a given day or not. Disposition Effect is calculated as the ratio of
the propensity to realise a gain and the propensity to realise a loss. Out of sample predictions
of a linear probability model (first column of Table 5) where the dependent variable takes
the value of 1 for sale days and 0 for hold days (obervations at account-stock-day level).
Other loss realised refers to those day when, in a given account, a stock at a loss is realised
(other than the stock whose propensity is being estimated).

Propensity to sell gain Propensity to sell loss Other loss realised Disposition Effect

0.017 0.010 NO 1.717
0.105 0.497 YES 0.212
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Table 7: Other gain indicator regression. Linear probability model (given in (2)) where
the dependent variable takes the value of 1 for sale days and 0 for hold days. Each observation
is at account-stock-day level. Gain dummy is equal to 1 on those days when the stock is
trading at a gain. Other gain realised indicator is a dummy which takes the value of 1 if, on
a given account-day, a stock at a gain is realised (other than the stock whose propensity is
being estimated).

(1) (2) (3)

Gain dummy 0.00358∗∗∗ 0.00486∗∗∗ 0.00640∗∗∗

(0.000294) (0.000349) (0.000556)

Other gain realised indicator 0.0762∗∗∗ 0.0738∗∗∗ 0.0735∗∗∗

(0.00317) (0.00306) (0.00307)

Gain dummy × Other gain realised indicator 0.409∗∗∗ 0.407∗∗∗ 0.407∗∗∗

(0.0296) (0.0287) (0.0286)

Account FE NO YES YES

Time FE NO NO YES

N 7133537 7133537 7133537

Standard errors clustered at bank account level in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 8: Disposition Effect and other gain indicator. Disposition effect when a gain is
realised in the account on a given day or not. Disposition Effect is calculated as the ratio of
the propensity to realise a gain and the propensity to realise a loss. Out of sample predictions
of a linear probability model (first column of Table 7) where the dependent variable takes
the value of 1 for sale days and 0 for hold days (observations at account-stock-day level).
Other gain realised refers to those day when, in a given account, a stock at a gain is realised
(other than the stock whose propensity is being estimated).

Propensity to sell gain Propensity to sell loss Other gain realised Disposition Effect

0.015 0.011 NO 1.319
0.500 0.087 YES 5.716
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5 Conclusions

In this paper, we proposed a description of the disposition effect from a wide framing per-

spective. Our sample focused on relatively active traders (the 5% most active, who account

for 35% of trades in the LDB dataset). We examined how the disposition effect changes when

the percentage of stocks trading at a gain in a specific account-day changes. In addition, we

estimated the propensity to realise gains and losses when more than one stock is realised on a

given account-day. When the percentage of stocks trading at a gain on a given account-day

increases, the disposition effect is much lower and in some cases it disappears. Also, on

those days when another stock is realised, the propensity to sell increases significantly. In

particular, the propensity to realise a loss increases more than the propensity to realise a

gain when another stock at a loss is sold and the propensity to realise a gain increases more

than the propensity to realise a loss when another stock at a gain is sold. However, investors

show a higher propensity to realise gains (losses) also when a loss (gain) is realised in their

account. This can explain some of the the variation we see in the disposition effect, due to

the portfolio composition.

Our paper has important implications for future research. First, we have shown the

importance of a wide framing perspective on the disposition effect. Such a perspective may

lead to new findings in other settings. Second, given the vast scale and accessibility of

security trading, it is imperative to understand how portfolio composition shapes individual

sale decisions. In particular, it would be of interest to see the extent to which our findings

hold in other datasets which have been studied in relation to the disposition effect.

Our main conclusion represents an important advance in the literature on the disposition

effect. It is already well known that the disposition effect differs across various types of

investors (Grinblatt and Keloharju, 2001; Dhar and Zhu, 2006). In our paper, we control

for fixed effects at account and time level and find that the magnitude of the disposition

effect changes from period to period at the individual level. When the percentage of stocks

trading at a gain in a given account-day is higher, the disposition effect is lower. Investors

do not exhibit the disposition effect in all situations. In particular, the effect is more likely

to occur in bad times than in good times.
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Appendix

In this Section we explain the reasoning and implementation of the estimation of the dis-

position effect stratified by percent of stocks at a gain given in Table 2 in Section 3. An

example is given to demonstrate the method.

For each (bank) account A there is a sequence of days TA where at least one stock is

traded. For the number of days in this set we use #TA. For each of these days, using all

the stocks held in the account, we calculate the disposition effect, DE, and the percentage

of stocks trading at a gain (percentage of gains or PG). We index by At to highlight the

dependency on both account and day.

We partition percentages into a (small) number of equally-sized gain bins and only dis-

tinguish bin numbers for PGAt, but they may change from day to day even within the same

account. Given a particular bin number j, we can find all the days t for which PGAt belongs

to j. We call this set of days T
(j)
A and denote the number of days in this set by #T

(j)
A .

We now calculate account level disposition effects restricted to days where the percent

gain is in a particular bin. These disposition effects at account-gain bin level DE
(j)
A are

constructed as follows. For each account A and each gain bin j, average the account-day-

gain bin disposition effects DE
(j)
At over all days T

(j)
A . These are temporal averages and can be

expressed via the formula:

DE
(j)
A =

1

#T
(j)
A

∑
all days t in T

(j)
A

DEAt. (3)

We now aggregate over accounts to focus on dependency of the disposition effect on

percent gain. The disposition effects at gain bin level DE(j) are constructed as averages of

the disposition effects at account-gain bin level DE
(j)
A over accounts. The collection of these

over all gain bins is the percent gain stratified disposition effect. They are averages over

accounts. Written as a formula, using # accounts for the total number of accounts in the

data sets, we obtain

DE(j) =
1

# accounts

∑
all accounts A

DE
(j)
A . (4)

Averaging first over days and then over accounts gives each account holder the same

weight, regardless of how often and over what length of periods the account holder traded.

This ensures that the estimates of the percent gain stratified disposition effect are not driven

by a few particularly active traders. We include a numerical example based on the values in

Table 9.

The calculations for the disposition effect at account-gain-bin and at gain-bin level were
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Table 9: Numerical example data showing two accounts A and B with 3 and 5 trading days,
respectively. DE and PG bin are both at account-day level. DE refers to the disposition
effect. PG bin refers to the percent of stocks at gain, with 1 referring to [0, 0.5] bin and
2 referring to (0.5, 1] bin. From these we calculate summaries of the disposition effect at
account-gain-bin level and at gain-bin level.

Account Day DE PG bin DE account-gain-bin DE gain-bin
A 1 0.22 1 0.20 0.19

2 0.18 1 0.20 0.19
3 0.02 2 0.02 0.03

B 1 0.15 1 0.18 0.19
2 0.05 2 0.04 0.03
3 0.03 2 0.04 0.03
4 0.20 1 0.18 0.19
5 0.19 1 0.18 0.19

carried out as follows. The average disposition effects at account-gain-bin level are, using

(3),

DE
(1)
A =

1

2
(DE

(1)
A1 + DE

(1)
A2) =

1

2
(0.22 + 0.18) = 0.20

DE
(2)
A = DE

(2)
A3 = 0.02

DE
(1)
B =

1

3
(DE

(1)
B1 + DE

(1)
B4 + DE

(1)
B5) =

1

3
(0.15 + 0.20 + 0.19) = 0.18

DE
(2)
B =

1

2
(DE

(2)
B2 + DE

(2)
B3) =

1

2
(0.05 + 0.03) = 0.04

The average disposition effects at gain-bin level are, using (4),

DE(1) =
1

2
(0.20 + 0.18) = 0.19

DE(2) =
1

2
(0.02 + 0.04) = 0.03

The numbers in Table 9 were chosen to show the same message as the real data set

considered in the paper. They show that the disposition effect is negatively associated with

the percentage of stocks at gain in the account. A summary (in the style of Table 2) is given

in Table 10.

Table 10: Gain stratified disposition effect using results of Table 9.

Perc. of gains DE
[0,0.5] 0.19
(0.5,1] 0.03
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