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Abstract

Despite hundreds of papers confirming the disposition effect, little attention has been

devoted to measuring it. Using simulated and empirical data, this paper fills this gap

and compares different methods. The results show that Odean’s (1998) measure performs

better than Weber & Camerer’s (1998) approach and that the disposition effect estimates

are very sensitive to whether paper gains and losses are counted every day of the sample

period or only on days with sales, especially for investors who do not frequently monitor

their portfolios.
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1 Introduction

The disposition effect (DE hereafter) refers to investors’ stronger propensity to sell winning assets

than those that would sell at a loss. Since Shefrin & Statman’s (1985) seminal paper, an extensive

literature has confirmed the DE both empirically [e.g., Dhar & Zhu (2006), Barber et al. (2007)] and

experimentally [e.g., Weber & Camerer (1998), Chang et al. (2016)]. However, its drivers remain

unclear [Odean (1998)]. Surprisingly, among this impressive number of papers, different approaches

to measuring the DE have been proposed, but they are hardly justified. This is rather puzzling since

they often lead to different results, and little is known about how these approaches really differ and

what their potential shortcomings are. The goal of this paper is to fill this gap.

Two papers pioneered in measuring the DE. While Weber & Camerer (1998) measure it as the

difference in sales between winner and loser stocks by an investor normalized by the total number of

sales, Odean (1998) computes it as the difference in the proportions of gains and losses that are realized.

While both measures range from -1 to +1 (where +1 means that the investor always sells winners and

never sells losers), the results computed for most situations differ across the two approaches. More

surprising, a given researcher may use different methods across papers. In addition to Martin Weber

who also uses Odean’s (1998) measure in Weber & Welfens (2008), Terrance Odean does not provide any

strong argumentation when applying variants of his own method. In Odean (1998) and Barber & Odean

(1999), realized and paper gains/losses are computed ”every day that a sale took place in a portfolio of

two or more stocks” while Barber et al. (2007) compute these items every day. According to the latter,

the filter used in the former papers was imposed by computing resource constraints. While seemingly

harmless, this filter difference is not since the results could largely depend on investors’ portfolio size

or trading frequency. This paper compares alternative approaches, examines the sensitivity of Odean’s

(1998) measure to the frequency of investors’ decisions and offers some recommendations on how to

implement it.

The paper is organized as follows. Section 2 uses simulations to discriminate between alternative

measures and understand how to better implement Odean’s (1998) approach given the frequency of

portfolio monitoring. Using empirical data, Section 3 confirms the sensitivity of the DE measure to an
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investor’s monitoring frequency. Section 4 concludes the paper.

2 Simulation-based approach

Simulation allows one to control for the level of an investor’s DE by determining the likelihoods of

selling winning and losing positions. Another advantage is that trends in stock prices can be controlled

to assess the sensitivity of the measures to these trends. Based on these simulated data, alternative

measures are compared and the impact of applying a filter to the days on which paper gains and losses

are computed is analyzed.

2.1 Description of the simulation parameters

The first simulation is based on 100 iterations including 1500 market trading days. It involves five

traders with different DE levels and five stocks with normally distributed returns with a fixed volatility

(0.10%) and a mean of -0.2%, -0.1%, 0%, 0.1% and 0.2%. On each day, the returns of these stocks are

randomly generated. On Day 0 (t = 0), the prices for these stocks all equal $100 and subsequent prices

are computed from the simulated returns. The initial portfolio of any investor contains one share of

every stock, assumed to have been bought at $100 on Day 0. Investors have no budget constraint; no

short-selling is allowed.

The five investors only differ in their DE level: 0%, 10%, 20%, 30% or 40%. For each investor, the

basic probability of buying one additional share and of selling an existing position is arbitrarily set to

30%1 during any trading session. According to Barber et al. (2007), the DE is ”the tendency to sell

investments that are held for a profit at a faster rate than investments held for a loss”. Following this

definition, a zero-DE investor will hold the basic probability of selling a position at 30% whether for

a gain or a loss (compared with the average purchase price of the position). However, for a 20%-DE

investor, the probability of selling a position is adjusted according to whether the stock is at a gain

(30% + (20%/2) = 40%) or at a loss (30% - (20%/2) = 20%)2.

1Setting this probability to 20% does not affect the conclusions.
2A DE value of 20% must be understood as the propensity (or probability) to sell a position at a gain that

is 20% higher than the propensity to sell this position when it is at a loss.

3



To assess the impact of investors’ monitoring frequency on the DE measure, a second simulation

is performed. Investors are now given a fixed probability of connecting to the trading platform. Five

different levels of connection frequency (5%, 10%, 20%, 50% and 100%) are considered. An investor

will connect to the platform on a given day depending on a randomly generated number, and in case

of no connection, no trade will take place for that investor.

2.2 DE measures computed from the simulated data

Using these simulated data, both Weber & Camerer’s (1998) and Odean’s (1998) measures of the DE

are computed. The first measure is the difference between the number of realized gains (NRGi) and

the number of realized losses (NRLi) by one investor normalized by the total number of sales by that

investor:

DEi = (NRGi −NRLi)/(NRGi +NRLi) (1)

To determine whether the stock is sold for a gain or a loss, the selling price is compared with

the average purchase price of the position. From Equation 1, clearly, no paper profit is considered.

Consequently, there is no need to assess the relevance of any filter for the days on which the paper

profits are computed.

Odean’s (1998) measure is computed using three different filters for days on which paper gains and

losses will be computed: no filter as in Barber et al. (2007), only on days of sales as in Odean (1998)

(called ”sale-filter” in the rest of the paper) and on days of trades (”trade-filter”) to focus on the

actual trading days of the investor3. For each filter, the number of realized gains (NRGi), paper gains

(NPGi), realized losses (NRLi) and paper losses (NPLi) are computed. The stock price is compared

with its average purchase price to determine whether it is a gain or a loss. If the stock is sold, it is

considered a realized gain/loss. Otherwise, it is a paper gain/loss. The DE of investor i is measured as

the difference between the Proportion of Gains Realized (PGRi) and the Proportion of Losses Realized

(PLRi):

3The intuition is that, when an investor trades, he must be connected to the trading platform and be able to
decide whether to sell any position in his portfolio.
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PGRi = NRGi/(NRGi +NPGi) (2)

PLRi = NRLi/(NRLi +NPLi) (3)

DEi = PGRi − PLRi (4)

A fully equivalent approach is proposed by Chang et al. (2016), who run a regression based on

dummy variables only:

Salei,j,t = β0 + β1Gaini,j,t (5)

Salei,j,t is equal to one if investor i sells stock j on day t, zero otherwise. Gaini,j,t equals one if

investor i’s position in stock j is a gain, zero otherwise. The parameter estimate of Gaini,j,t (β1) is

Odean’s (1998) DE measure, while the intercept estimate corresponds to the probability of selling a

losing position (i.e., PLRi in Equation 3).

Panels A and B of Table 1 report the Pearson (values) and Spearman (ranks) correlations between

Weber & Camerer’s (1998) and Odean’s (1998) measures computed from the simulated data. Although

both measures are designed to capture the same bias, they are weakly correlated. The results for the

three variants of Odean’s (1998) show a (nearly) perfect correlation.

The advantage of simulation is that any investor’s DE is known (i.e., the probability gap between

selling stocks at gains and at losses). This allows for a direct comparison with the alternative estimates.

As for Odean’s (1998) measure, results are compared across the three aforementioned filter-based

variants: all days (A), days with sales (S) and days with trades (T).

Table 2 shows these one-sample comparisons for the different measures and variants using the true

DE (the value from 0% to 40% used in the simulation) in the null hypothesis. First, (nearly) all the

average values for Weber & Camerer’s (1998) measure are significantly different from the true value (see

Panel A), clearly confirming that this measure is very sensitive to any trend in the returns. Therefore,

only Odean’s (1998) measure will be further analyzed.
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Table 1: Correlations across DE measures

Measure / Filter W&C OdeanS OdeanT OdeanAll

Panel A: Simulation data – Pearson correlations
W&C 1.0000 0.1420 0.1404 0.1395
OdeanS 0.1420 1.0000 0.9995 0.9996
OdeanT 0.1404 0.9995 1.0000 1.0000
OdeanAll 0.1395 0.9996 1.0000 1.0000

Panel B: Simulation data – Spearman correlations
W&C 1.0000 0.2577 0.2346 0.2308
OdeanS 0.2577 1.0000 0.9908 0.9885
OdeanT 0.2346 0.9908 1.0000 0.9985
OdeanAll 0.2308 0.9885 0.9985 1.0000

Panel C: Empirical data – Pearson correlations
W&C 1.0000 0.4783 0.3649 0.0928
OdeanS 0.4783 1.0000 0.9278 0.3707
OdeanT 0.3649 0.9278 1.0000 0.4744
OdeanAll 0.0928 0.3707 0.4744 1.0000

Panel D: Empirical data – Spearman correlations
W&C 1.0000 0.5262 0.4611 0.2646
OdeanS 0.5262 1.0000 0.9486 0.5904
OdeanT 0.4611 0.9486 1.0000 0.6734
OdeanAll 0.2646 0.5904 0.6734 1.0000

Notes: This table reports the correlation coefficients between Weber & Camerer’s (1998) and
Odean’s (1998) DE measures. For the latter, the subscript refers to the use of a filter to select
the days when paper profits are computed: based on sales (S), on trades (T ) or no filter (All).
Panels A and B report correlations using simulation data, while the last two panels are based
on empirical data. Correlations across measures are computed both on values (Panels A and
C) and on ranks (Panels B and D).

Although the results in Panel B are more in line with the true DE value, significant differences are

observed when a sale/trade-filter is applied. In general, the more restrictive the filter and the higher

the true DE value, the higher the estimation bias. Regardless of the trend and true DE, the estimate

provided by the no-filter approach is not significantly different from the true DE value. This seems in

line with Barber et al.’s (2007) contention that, without resource constraints, no filter should be used.

In this first simulation, the no-filter approach seems relevant since decisions to sell a position
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Table 2: Performance of alternative measures of the disposition effect

Filter Trend DE = 0 DE = 10 DE = 20 DE = 30 DE = 40

Panel A: Weber & Camerer’s (1998) measure

-0.2 −84.929∗∗∗ −81.863∗∗∗ −79.180∗∗∗ −77.224∗∗∗ −75.130∗∗∗

-0.1 −57.061∗∗∗ −49.418∗∗∗ −42.784∗∗∗ −36.907∗∗∗ −26.719∗∗∗

0.0 0.110 10.731 21.285∗∗ 32.064∗∗∗ 47.106∗∗∗

0.1 56.974∗∗∗ 62.361∗∗∗ 68.926∗∗∗ 76.509∗∗∗ 84.060∗∗∗

0.2 84.805∗∗∗ 87.225∗∗∗ 89.995∗∗∗ 91.972∗∗∗ 94.476∗∗∗

Panel B: Odean’s (1998) measure

A -0.2 −0.563 10.503 20.344 29.848 38.973
A -0.1 0.217 10.231 20.032 29.759 39.944
A 0.0 −0.032 10.428 19.840 29.812 39.929
A 0.1 0.086 9.539 19.469 30.101 39.967
A 0.2 0.375 10.105 20.329 29.498 39.349

S -0.2 −0.324 12.298∗∗∗ 23.745∗∗∗ 35.445∗∗∗ 48.747∗∗∗

S -0.1 −0.058 12.718∗∗∗ 23.757∗∗∗ 36.153∗∗∗ 49.270∗∗∗

S 0.0 0.074 12.183∗∗∗ 23.508∗∗∗ 35.812∗∗∗ 49.548∗∗∗

S 0.1 0.127 11.527∗∗∗ 23.446∗∗∗ 36.289∗∗∗ 49.459∗∗∗

S 0.2 0.645 12.417∗∗∗ 24.490∗∗∗ 35.493∗∗∗ 48.453∗∗∗

T -0.2 −0.345 10.917 21.269 31.069 39.924
T -0.1 0.097 10.664 20.723 30.985∗∗ 41.379∗∗

T 0.0 0.040 10.775∗∗ 20.563 30.830∗∗ 41.499∗∗∗

T 0.1 0.081 9.909 20.143 31.214∗∗∗ 41.618∗∗∗

T 0.2 0.492 10.471 21.010∗ 30.705 40.944∗∗

Notes: Filter is the filter used to select the days when the paper profits are computed: All
days (A) / Days with sales (S) / Days with trades (T). Trend is the mean return used for the
simulation of stock returns. The last five columns (DE = x) refer to the specific values of the DE
used in the simulation. The DE measures are expressed in percentages and the null hypothesis
is based on the true DE value. Significance levels are ∗p<0.1; ∗∗p<0.05; and ∗∗∗p<0.01.

(or not) are taken every day by the machine. In the real world, however, most retail investors do

not monitor their portfolios daily and it seems strange to consider an investor’s decision to keep a

winner/loser on days when the investor is not even aware of the evolution of his positions. A second

simulation is performed to check how this monitoring intensity affects the DE estimation. It relies

on 150 iterations divided into five groups of equal size across which the daily connection probability
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varies. In the first group, the everyday connection is assumed for the five investors, but for every other

30-iteration group, connection probabilities of 50%, 20%, 10% and 5% for every investor are considered.

Whether an investor connects to the trading platform is randomly generated each day. An investor is

able to trade on a given day if he is connected.

Table 3: Disposition effect ’à la Odean’ and the connection rate

Filter DE = 0% DE = 10% DE = 20% DE = 30% DE = 40%

Panel A: Probability of connecting to the platform = 100%
A 0.110 10.022 19.790 29.965 39.907
S 0.007 12.030∗∗∗ 24.301∗∗∗ 37.313∗∗∗ 50.433∗∗∗

T 0.129 10.431 20.499∗∗ 31.177∗∗∗ 41.590∗∗∗

C 0.110 10.022 19.790 29.965 39.907

Panel B: Probability of connecting to the platform = 50%
A 0.191 5.505∗∗∗ 10.112∗∗∗ 15.065∗∗∗ 19.704∗∗∗

S −0.121 13.283∗∗∗ 25.139∗∗∗ 37.833∗∗∗ 51.273∗∗∗

T −0.002 11.218∗∗∗ 21.003∗∗ 31.241∗∗∗ 41.357∗∗∗

C −0.014 10.714∗ 20.165 30.045 39.599

Panel C: Probability of connecting to the platform = 20%
A 0.026 1.756∗∗∗ 3.929∗∗∗ 6.387∗∗∗ 8.062∗∗∗

S 0.512 11.341∗ 25.149∗∗∗ 38.445∗∗∗ 51.551∗∗∗

T 0.128 9.282 20.760 32.447∗∗∗ 41.831∗∗∗

C 0.219 8.765∗∗ 19.921 31.057 40.190

Panel D: Probability of connecting to the platform = 10%
A 0.032 0.899∗∗∗ 2.179∗∗∗ 2.947∗∗∗ 3.784∗∗∗

S 0.709 12.018∗∗ 26.567∗∗∗ 37.737∗∗∗ 50.371∗∗∗

T 0.064 9.754 22.322∗∗ 31.016 40.193
C 0.204 9.294 21.069 29.914 38.342∗

Panel E: Probability of connecting to the platform = 5%
A 0.063 0.559∗∗∗ 0.976∗∗∗ 1.712∗∗∗ 1.995∗∗∗

S 2.305 13.390∗∗ 25.684∗∗∗ 40.660∗∗∗ 50.941∗∗∗

T 1.671 10.491 21.142 33.770∗∗ 40.661
C 1.740 9.911 19.963 32.328∗ 38.842

Notes: Filter is the filter used to select the days when the paper profits are computed: All
days (A) / Days with sales (S) / Days with trades (T) / Days with connections (C). The other
columns (DE = x) refer to the specific value of the DE used in the simulation. All these
Odean’s (1998) DE measures are expressed in percentages and are compared with the true DE
value appearing in the first row of the table. Significance levels are ∗p<0.1; ∗∗p<0.05; and
∗∗∗p<0.01.
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In addition to the three filters already used, the DE is computed using a fourth filter based on the

connection days [C] since the simulated data allow us to clearly identify these days. Each panel of Table

3 refers to a given connection rate. In Panel A, the everyday connection makes the results similar to

those of Table 2, and DE measures using the A- and C-filters are identical and perform well. The next

panels show that the no-filter approach recommended by Barber et al. (2007) is sometimes the worst

solution. When the connection probability is low, the ”no-filter” estimate is often significantly lower

than the true DE value (approximately the true DE value multiplied by the connection probability).

Applying a filter (or not) may bias the results more seriously than what Barber et al. (2007) suggests.

Actually, Barber et al. (2007) are correct when they claim that comparing different DE estimates

across large and small investors (with some correlation with trading frequency) is difficult, but they

are wrong when suggesting that considering all days solves the problem.

Consequently, filtering on connection days may be preferable, but this information is rarely available

in the datasets provided by brokerage firms. Moreover, many investors may monitor their positions

on any financial website and connect to the platform only when they need to trade. Based on these

arguments, a practical choice is to use a filter linked to a retail investor’s trading activity since it seems

reasonable to assume a good correlation between monitoring frequency and trading activity. Table 3

shows that, even if several estimates are significantly different from the true DE value, this choice leads

to estimates that are rather close to it.

3 Empirical analysis of trade data

This section uses actual data from a brokerage house and assesses whether the results based on actual

retail investors’ decisions lead to conclusions that are in line with the results from simulated data.

3.1 Data and Sample

The dataset comes from a large Belgian brokerage firm and consists of the trading accounts of more

than 25,000 individual investors. The investors are filtered to retain only those who were present for at

least 4 years and traded at least 30 times. These filters result in a sample of 8,267 investors, of whom

92.15% are men.
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Table 4: Descriptive statistics for the sample of investors

Mean Q1 Median Q3

Age 49.08 40.00 48.00 58.00
# Trades 204.85 59.00 104.00 212.00
# Trading Days 125.28 46.00 79.00 149.00
Portfolio Value 86.92 11.48 27.54 67.13
# Stocks 9.38 3.60 6.93 12.35
Connection Rate 4.92 1.97 3.28 5.94

Notes: This table reports the mean, median, and lower and upper quartiles for several charac-
teristics across the 8,267 investors in the sample. Age is measured for each investor in January
2008. # Trades is the total number of trades during the sample period and # Trading days
is the number of days when an investor traded at least once. Portfolio V alue is the average
value of an investor’s end-of-month portfolio (thousands of euros), while # Stocks is the average
number of stocks in these portfolios. Connection Rate is computed as the percentage of days
on which an investor traded.

The average investor is 49 years old. Over the January 2003-December 2012 sample period, he

traded more than 200 times spread across 125 days, meaning that when an investor trades on a given

day, he is likely to trade more than once. The average (median) investor holds a nine-stock (seven-

stock) portfolio, which is higher than what Korniotis & Kumar (2013) reports (i.e., 5 stocks) for US

investors over the 1991-1996 period.

The dataset does not provide any information regarding the retail investors’ connections to the

trading platform. Dividing the number of days when an investor trades by the number of days between

his first trade and his last trade provides a lower-bound proxy for the connection rate. The average

connection rate is lower than 5%. Even if this is a lower-bound estimate, the average retail investor is

probably extremely far from daily portfolio monitoring.

3.2 Methodology and results

Equations 2 to 4 from Odean’s approach are used to compute DE estimates using the three filters. For

1 to 10 investor(s) in the sample (depending on the filter used), it was not possible to compute the DE

since they never held or sold a position at gain or loss during the sample period.

Panels C and D of Table 1 report correlations of the DE measures based on empirical data when
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using different filters. Contrary to the results based on simulation, Odean’s (1998) measures are less

correlated when using different filters, especially for values (Panel C - Pearson correlations).

To assess the sensitivity of the DE measures to the connection rate, the average DE measures for

investors depending on their estimated connection rates (1: less than 5%, 2: between 5 and 10%, 3:

between 10 and 20%, 4: more than 20%) are reported in Table 5. Although the actual value of an

investor’s DE is unknown and only a proxy for the connection rate can be estimated, some conclusions

can be drawn from Table 5. First, using different filters leads to very different DE results, especially

for investors whose trading frequency is low. The estimates obtained using a trade-based or a sale-

based filter are all significantly different from those computed without any filter. Second, the measure

obtained without any filter is increasing in an investor’s connection rate (or trading activity). However,

the opposite relationship is observed when a (trade or sale) filter is applied. These empirical results

are in line with those computed from simulated data (see Table 3) showing that the no-filter approach

tends to underestimate the true value of the DE, especially for investors trading infrequently, while

using a sale-based filter tends to slightly overestimate the true DE value. These findings may call into

question the conclusions of papers, such as Dhar & Zhu (2006) that argues that trading frequency tends

to reduce the DE. Since most of the investors in the sample (and probably most retail investors in

general) do not monitor their portfolios frequently, applying a trade-based filter appears more relevant.

Table 5: Connection rate and disposition effect

Category N Connection Rate DEAll DES DET

1 5660 2.57 1.144 16.411∗∗∗ 10.457∗∗∗

2 1750 6.96 1.830 11.219∗∗∗ 7.410∗∗∗

3 683 13.44 2.447 10.141∗∗∗ 6.850∗∗∗

4 174 27.53 3.493 8.494∗∗∗ 6.049∗∗∗

Notes: Category refers to the connection frequency (1: lower than 5%, 2: between 5% and
10%; 3: between 10% and 20%, and 4: more than 20%). N reports the number of investors in
each category and Connection Rate gives the average connection rate within the category. The
last three columns report the average Odean’s (1998) DE measures (in percentages), and the
subscript refers to the filter used to select days when the paper profits are computed: All days
(All) / Days with sales (S) / Days with trades (T). The p-values in the last two columns refer
to paired t-tests of the given measure with the DEAll measure. Significance levels are ∗p<0.1;
∗∗p<0.05; and ∗∗∗p<0.01
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4 Conclusion

The disposition effect is largely confirmed in hundreds of published papers. Surprisingly, while the

methods used to measure this bias differ across these papers, little attention has been devoted to this

issue, and no clear argumentation has been proposed for the use of a given approach.

Using both simulated and empirical data provided by a brokerage house, I first show that Odean’s

(1998) approach to the disposition effect should be preferred to Weber & Camerer’s (1998) measure.

Second, contrary to what Barber et al. (2007) recommend, the computation of paper gains and losses

should probably be restricted to days on which investors traded, especially for retail investors who do

not frequently monitor their portfolios.
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