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a b s t r a c t

Despite hundreds of papers confirming the existence of the disposition effect, too little attention has
been devoted to the prevailing arguments on the choice of a given method to measure it. This paper fills
this gap and compares different measurement approaches. First, based on empirical and simulation-
based data, I show how results may differ across measures depending on market trends but, more
importantly, on the frequency at which investors make their decisions. Second, the pitfalls in analyzing
cross-sectional differences in the disposition effect are illustrated and discussed. Finally, I clearly show
that hazard models are quite appropriate to measuring the disposition effect of any investor, be it a
day trader or a typical retail investor who monitors his portfolio infrequently.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

The disposition effect (DE hereafter) refers to investors’
tronger propensity to sell winning assets than to sell at a loss.
ince Shefrin and Statman’s (1985) seminal paper, an extensive
iterature has confirmed the DE both empirically (e.g., Dhar and
hu, 2006, Barber et al., 2007) and experimentally (e.g., Weber
nd Camerer, 1998, Chang et al., 2016).
Two papers pioneered the measurement of the DE. While We-

ber and Camerer (1998) measure it as the difference between
an investor’s sales of winner and loser stocks normalized by the
total number of his sales, Odean (1998) counts realized gains,
realized losses, paper gains and paper losses observed during the
sample period (or on specific days of this sample period) before
computing the difference in the proportions of realized gains and
losses. We classify these methods as ratio-based approaches. They
are very easy to implement and the resulting measures are easy
to interpret. This probably explains their huge popularity in the
last twenty years.

In addition to these ratio-based approaches, econometric tech-
niques have been proposed to analyze the DE and provide in-
teresting alternatives, especially when the goal is to understand
which factors (such as financial literacy or portfolio size) may

E-mail address: rudy.dewinne@uclouvain.be.
1 I would like to thank Werner De Bondt (Driehaus College of Business,

DePaul University, Chicago), Catherine D’Hondt and Nhung Luong (Louvain
Finance, UCLouvain) for helpful comments as well as two anonymous referees
who did a great job. Any errors are my full responsibility.
ttps://doi.org/10.1016/j.jbef.2021.100468
214-6350/© 2021 Elsevier B.V. All rights reserved.
affect the individual DE or when there is a need to control for
such factors when comparing individuals. Frydman and Wang
(2020) use ordinary least squares regressions to check whether
the salience of a stock purchase price affects the disposition effect
in a natural experiment. Logistic regression models allow Grin-
blatt and Keloharju (2001) to check whether the DE interacts with
past returns to modify the propensity to sell. Feng and Seasholes
(2005) analyze the effects of investor experience and sophistica-
tion on the DE. They propose using survival analysis to account
for more information than regression analysis can incorporate. In
particular, hazard models are well suited to checking whether the
holding period of an asset in the portfolio typically observed for
an individual investor is affected by changes in a given factor.

An impressive number of papers deal with DE estimation
and use one of the approaches mentioned above. Surprisingly,
many of them do not give any argument for the choice of the
implemented approach. Sometimes there is no clear information
on how a given approach has been actually applied (i.e., we do
not know on which days paper gains and losses are counted).
This is rather puzzling since not only the chosen method but
also its implementation may lead to very different results and
conclusions.

This article presents the various approaches to measuring
the disposition effect in an exhaustive way and provides some
methodological insights. Based on both empirical and simulation-
based data, the main contribution is a comparison of results that
shows how these different approaches are sensitive to several
factors. In particular, the paper shows (1) that Odean’s (1998)
approach may lead to very different results depending on how

https://doi.org/10.1016/j.jbef.2021.100468
http://www.elsevier.com/locate/jbef
http://www.elsevier.com/locate/jbef
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jbef.2021.100468&domain=pdf
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aper gains and losses are counted and (2) that hazard models
rovide more robust results because they account for the typical
olding period of stock positions by a given investor better than
ther models. Another contribution consists in (partially) repli-
ating Dhar and Zhu’s (2006) study in order to show how some
ethodological choices may influence the results. This study
nalyzes how the DE is affected by financial literacy and trading
ctivity.
The paper is organized as follows. Section 2 presents the alter-

ative approaches and the way that they are implemented in the
mpirical literature. Using a sample of 17,364 investors, Section 3
nalyzes alternative DE measures empirically estimated at the in-
ividual level. It shows how these measures are sometimes poorly
orrelated and how the results are affected by the frequency
t which paper gains and losses are counted. In Section 4, the
itfalls to be avoided in analyzing cross-sectional differences in
he disposition effect are illustrated through a partial replication
f Dhar and Zhu’s (2006) study. Section 5 uses simulation to

compare the sensitivity of different measures to market trends
and to the frequency of investor decisions. Section 6 concludes
the paper.

2. Alternative measures of the disposition effect

Whether the analysis is at the individual or group investor
level, the DE is assessed by observing trading behavior (actual
data or data gathered through an experimental investment set-
ting) or through a set of questions as in Janssen et al. (2020)
and Ploner (2017). This paper provides an exhaustive review2

of the measurement approaches relying on the observed trad-
ing behaviors. Taken together, these approaches have been used
in hundreds of studies, whether empirical or experimental. Ta-
ble 1 provides a very incomplete list of papers structured ac-
cording to the approach used for the DE measurement. These
approaches may be classified into two families: ratio-based ap-
proaches (Panels A & B) and econometric approaches (Panels C, D
& E).

2.1. Ratio-based approaches

Weber and Camerer (1998) and Odean (1998) pioneered DE
measurement based on trading behaviors. Weber and Camerer’s
(1998) measure is probably the easiest to compute since it re-
lies on trades only. Using the sale prices and the average pur-
chase prices for the different positions held by an investor, they
compute 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)

This measure was first used by Weber and Camerer (1998) in an
experimental paper, and most of the studies applying
this methodology are also experimental. However Dhar and Zhu
(2006) and Goetzmann and Massa (2008) use this measure in
empirical studies. The latter empirically analyze how the DE
affects asset price dynamics and compute a ratio based on Eq. (1),
except for the sign of the ratio. Dhar and Zhu (2006) point out that
Odean’s (1998) measure could be sensitive to trading frequency
or portfolio size and use Weber and Camerer’s (1998) measure
for a robustness check. The potential drawbacks of ratio-based
approaches will be further discussed in Section 4.

2 The only exception to this exhaustive review is the method proposed
y Schlarbaum et al. (1978), who analyze the difference in duration of winning
nd losing roundtrip trades to measure the DE. To my knowledge, only Shapira
nd Venezia (2001) have applied this approach since.
 a

2

Odean (1998) uses a measure based not only on trading deci-
ions (purchases and sales) but also on investors’ portfolio hold-
ngs. For each sale, the price is compared with the average pur-
hase price to determine whether it is a realized gain or loss,
s in Weber and Camerer (1998). In addition, Odean counts the
umber of paper gains and losses, which requires additional data
bout daily high and low prices. On a given day, every position
hat is not sold is considered a paper gain or loss depending on
ow the average purchase price of the stock position compares
ith the highest and lowest prices on that day. If the average
urchase price is lower than the lowest price of the day, it is a
aper gain, and if it is higher than the highest price, it is a paper
oss. If the average purchase price lies between these highest and
owest prices, neither a paper gain nor a paper loss is counted.
ased on this counting, the DE of investor i (or of a group of
nvestors) is measured as the difference between proportion of
ains realized (PGRi) and proportion of losses realized (PLRi):

GRi = NRGi/(NRGi + NPGi) (2)
PLRi = NRLi/(NRLi + NPLi) (3)
DEi = PGRi − PLRi (4)

In the equations above, NPGi and NPLi refer to the number
f paper gains and paper losses respectively. In Odean (1998)
nd Barber and Odean (1999), paper gains and losses are com-
uted ‘‘every day that a sale took place in a portfolio of two or
ore stocks’’, while Barber et al. (2007) compute these items

or every day. According to the latter, the sale-based frequency
sed in the former papers was imposed by computing resource
onstraints. They pretend that taking a daily frequency instead
llows comparisons across investors holding portfolio of differ-
nt sizes. In this paper, I compute the measures using both
requencies and show that this choice is not incidental. While
eemingly innocuous, different frequency choices can produce
ifferent results, depending largely on investors’ characteristics
uch as portfolio size or trading frequency.
These ratio-based approaches are by far the most popular in

he literature. The main reason for this is probably that they are
imple to compute and to interpret. The ratios range from −1
o +1, and the higher the measures are, the more susceptible
nvestors are to the DE. As pointed out by Weber and Welfens
2008), Weber and Camerer’s (1998) measure may be affected by
arket trends that could result in a lack of selling opportunities

or positions that are either at gain (downward trend) or at
oss (upward trend). This can explain why Odean’s (1998) mea-
ure is even more popular despite requiring more information to
ompute paper gains and losses.

.2. Econometric approaches

Econometric approaches rely on the estimation of a regression
odel. This model can be a simple ordinary least squares (OLS)

egression model, a logistic regression model or a hazard model.
n any case, the principle is to model the decision to sell or to hold
portfolio position and to explain this decision with (at least) one
ummy variable indicating whether this position is at gain or at
oss, as in the very simple model below:

alei,j,t = β0 + β1Gaini,j,t (5)

alei,j,t is equal to one if investor i sells stock j on day t and
ero otherwise. Gaini,j,t equals one if investor i’s position in stock
is a gain and zero otherwise. In this simple case, the OLS
stimate of β1 in Eq. (5) will be fully equivalent to Odean’s (1998)
E measure,3 while the intercept estimate corresponds to the

3 Of course, we should apply the same frequency for counting paper gains
nd losses to get identical results through both approaches.
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Table 1
Overview of different papers involving a DE measure.
References Main Topic Data Comment

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

Weber and Camerer (1998) Potential causes of the DE X
Chui (2001) DE and locus of control X
Dhar and Zhu (2006) DE and investor sophistication E
Goetzmann and Massa (2008) Impact of DE on prices E Minus W&C’s measure
Da Costa et al. (2013) DE and experience X
Trejos et al. (2019) DE and overconfidence X

Panel B: Odean’s (1998) measure

Odean (1998) Potential causes of the DE E Days with sales
Barber and Odean (1999) DE in Taiwan ??? market E Days with sales
Barber et al. (2007) Potential causes of the DE E All days
Frydman and Rangel (2014) DE and salience of purchase price X All days
Rau (2015) DE and team trading decisions E Days with sales
Fischbacher et al. (2017) DE and stop orders X All days

Panel C: OLS regression

Chang et al. (2016) DE and cognitive dissonance X + E
Frydman and Wang (2020) DE and salience of capital gains E

Panel D: Logit regression

Grinblatt and Keloharju (2001) DE and past returns E Days with sales
Kaustia (2010) DE and Prospect Theory E Days with sales
Lehenkari (2012) Potential causes of the DE E Days with sales
Birru (2015) DE and momentum E Days with sales
Dierick et al. (2019) DE and financial attention E Days with sales

Panel E: Hazard models

Feng and Seasholes (2005) DE and sophistication E Weibull
Seru et al. (2010) DE and the effect of learning E Cox
Barber and Odean (2013) DE and past returns E Cox
Richards et al. (2018) DE and System 1 or 2 E Weibull
Vaarmets et al. (2019) DE and learning E Cox
Frydman and Wang (2020) DE and salience of capital gains E Cox

Notes: This table shows some of the many papers in which at least one DE measure is used. The list is organized according to
this DE measure. Panels A and B refer to ratio-based approaches while the last three panels report papers using an econometric
approach. Data indicates whether the paper relies on empirical data (E) or on data gathered through an experiment (X). In the last
column, I provide some additional comments, such as the distribution used for proportional hazards models and which days are
taken into account for the approaches based on Odean (1998) or on a logit regression.
v
i

D

probability of selling a losing position (i.e., PLRi in Eq. (3)). This
simple OLS technique has been used by Chang et al. (2016) to
study how the DE is affected by whether the asset held is a stock
or a fund and by Frydman and Wang (2020) to analyze the effects
of salience shocks on the DE.

Whatever the regression model used, the main advantage of
these econometric approaches is that they allow to add variables
and controls on the right-hand side of the model equation.4 This
is especially relevant when cross-sectional differences in the DE
are analyzed and related to individual characteristics (e.g., in-
vestor’s characteristics, trading behavior or portfolio size). For
example, if the question to be answered is about the impact of
financial literacy on the DE, the model equation will include a
proxy for financial literacy (e.g., a score on a test or a dummy
variable). However, if an investor’s financial literacy tends to
increase her asset holding period in general, the propensity to sell
a position will be lower whatever that position is at gain or at loss.
To further illustrate this case, a negative β2 estimate in Eq. (6)
does not mean that financial literacy mitigates the DE and we
need to include an interaction term in the model as well:

Salei,j,t = β0 + β1Gaini,j,t + β2Literacyi + β3Gaini,j,t ∗ Literacyi (6)

The researcher should rather focus on the β3 estimate in Eq. (6),
hich will reflect the effect of financial literacy on the propensity
o sell a winning position. If financial literacy reduces the DE, β3
hould be negative. This will be further discussed in Section 4.

4 See Appendix D in Feng and Seasholes (2005) for a nice illustration of the
relevance of applying an econometric approach.
 s

3

Grinblatt and Keloharju (2001) are the first to depart from
ratio-based methods and to use a regression model. To study how
the DE is affected by past returns, they use a logit (rather than
an OLS) regression to model the decision to sell each stock in a
portfolio. This model relies on one observation for each position
held by an investor on each day when this investor sells any
stock. In other words, they use the same frequency for counting
paper gains and losses as Odean (1998). The logit model takes the
following form:

Salei,j,t = F (Xi,jβ + Zi,j,tγ ) + ϵi,j,t (7)

In Eq. (7), the right-hand side includes fixed covariates (Xi,j),
such as investor i’s financial literacy or gender, and time-varying
covariates (Zi,j,t ), such as a trading gain indicator (Gaini,j,t ). F rep-
resents the cumulative density function of the standard logistic
distribution.

In addition to the parameter associated with Gaini,j,t , Grin-
blatt and Keloharju (2001) include variables such as the return
associated with the most recent period or a dummy related to
the magnitude of the recent return. This method allows analysis
of the effects of these factors. Other explanatory variables can
also be used to control for characteristics such as investor age
or gender or portfolio size. This logit regression approach has
been applied in a dozen empirical papers studying how the DE
is affected by some factor (e.g., past returns for Kaustia, 2010, in-
estor intelligence in Grinblatt et al., 2012 and investor attention
n Dierick et al., 2019).

An alternative and very attractive approach to studying the
E was first proposed by Feng and Seasholes (2005). They use

urvival analysis, a popular tool used in health departments to
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nalyze the occurrence of death based on several factors such
s the administration of a given treatment. It consists in the
stimation of a hazard rate, h(t), which is a measure of conditional
robability. Applied to the DE estimation, the hazard rate is the
robability that the stock position will be sold during the day,
iven that the stock position was still held in the investor’s
ortfolio until then. In other words, the hazard model describes
ow quickly investors will sell their positions: on each Day t after

a stock position is bought, the hazard of that position being sold
(conditional on the position surviving until the end of Day t − 1)
is estimated.

These hazard models show some similarities with the logistic
regression models presented above since a sell indicator variable
is regressed on the baseline hazard function (h0(t)) and the in-
dependent variables may be constant (e.g., investor gender or
financial literacy) or time-varying (e.g., an indicator informing on
whether a position is at gain or not). However, hazard models
have a great advantage over logit regression models since they
explicitly model the time to an event, be it the death of a person,
the failure of a machine, the sale of a portfolio position (e.g., Feng
and Seasholes, 2005) or the repurchase of an asset after a sale
(Strahilevitz et al., 2011). The regression coefficients of Eq. (8) are
estimated using a maximum likelihood method.

h(t, x(t)) = h0(t) exp (β1x1 + · · · + βpxp + γ1z1,t + · · · + γqzq,t )

(8)

The baseline hazard function may take different forms. While
Feng and Seasholes (2005) used a Weibull proportional hazards
model, Barber and Odean (2013) used a Cox proportional hazards
model. The latter is more general in that the specification is
semiparametric. This means that h0(t) is unknown. With the
Weibull proportional hazards models, h0(t) has a functional form
that allows the prediction of the hazard that an investor will
sell her position on a given day given some known covariates.
The parameters p and λ of the baseline hazard function can be
estimated:

h0(t) = pλtp−1 (9)

While the hazard function in Weibull model is monotonic
over time, the Cox proportional hazards model allows the hazard
function to increase and decrease over time. It can describe a ‘‘U’’
hape or a wide variety of shapes without specification of the
nderlying hazard function. In both the Weibull and Cox propor-
ional hazards models, the hazard ratio (HRi) of any coefficient βi
is constant over time and can be computed from the parameter
estimate as follows:

HR(βi) = exp (βi) (10)

This hazard ratio provides information about the change in the
azard rate when the related independent variable increases by
ne unit. For example, if x1 in Eq. (8) is a dummy variable that
s equal to one when the position is at gain and zero otherwise,
xp (β1) = 3 means that the hazard rate of selling when the
osition is at gain is three times the hazard rate otherwise. The
azard is increased by 200%, all other things being equal.
The issue related to the frequency at which paper gains and

osses are determined is no longer relevant with hazard models.
azard models are designed to model event occurrence data and
he estimated hazard function explicitly accounts for the typical
uration a position is held in an investor’s portfolio through
he baseline hazard function (h0(t)). In most of the papers, the
azard models are estimated using a daily frequency. The baseline
azard function h0(t) represents the investor’s behavior when all
ovariates are set to zero. In a way, it captures the typical holding
eriod of an asset in the investor’s portfolio. These characteristics
 m

4

make them quite suitable for analyzing the disposition effect, and
it is thus natural that they are used in several papers published
in top journals. For example, hazard models are used in Seru
et al. (2010) to examine the effect of experience on the DE
and in Heimer (2016) to test the relation with social interac-
tion, as well as in some other papers [e.g., Coval and Shumway,
2005, Frydman and Wang, 2020].

3. Disposition effect at the individual level

This section examines how the DE of individual retail investors
is measured through the different approaches presented in the
previous section. Trading data from a brokerage house are used
to compute or estimate these measures empirically. This helps
clarify whether and how these approaches differ in their results.

3.1. Data and sample

The dataset comes from a large Belgian brokerage firm and
consists of the trading accounts of 77,578 individual investors
(entire dataset). The dataset also includes individual character-
istics that are either sociodemographic or survey-based. The
survey-based data are collected within the context of the MiFID
regulation, which has been in place in the European Union mem-
ber states since November 2007.5 Another dataset including daily
lowest and highest prices coming from Eurofidai and Bloomberg
is also used to compute the paper gains or losses on each stock
position held by an investor.

Since Section 4 will replicate a study examining the effect of
inancial literacy on the DE, the sample is restricted to the 25,277
nvestors for whom information on financial literacy is available
ince this is needed for the analysis in Section 4. Following Dhar
and Zhu (2006), I kept the investors (17,651) who traded at
minimum once a year on average (that is, those with at least 10
trades on the whole sample period). Since the disposition effect
is related to the propensity to sell a position, only investors who
sold at least one position during the whole sample period are
considered. Applying these filters results in a sample of 17,364
investors.

Table 2 gives some basic statistics about both the entire
dataset and the sample used in this paper. These statistics show
that the sample is not very different from the full dataset. The
average investor is approximately 45 years old, and the propor-
tion of men is high in both the full dataset and the sample. Of
course, the activity of the investors in the sample is higher due
to the elimination of very inactive investors. The statistics related
to trading activity and portfolio size in the sample are quite in
line with what other papers show. For example, Dhar and Zhu
(2006) observe an average of 58 trades over their 6-year sample
period (slightly less than 10 per year), while the investors in our
sample trade approximately 12 times a year. In terms of portfolio
size, the investors hold 7 stocks on average in their portfolios. For
comparison purposes, in Dhar and Zhu (2006) and in Korniotis
nd Kumar (2013), they hold portfolios of 5 stocks on average.

5 MiFID stands for the Markets in Financial Instruments Directive. Mi-
ID I (2004/39/EC) was the first version of this directive, while its revision
as implemented in January 2018 (known as MiFID II (2014/65/UE)). For
ore details on the MiFID regulation, please visit the European Com-
ission website (https://ec.europa.eu/info/law/markets-financial-instruments-
ifid-ii-directive-2014-65-eu_en).

https://ec.europa.eu/info/law/markets-financial-instruments-mifid-ii-directive-2014-65-eu_en
https://ec.europa.eu/info/law/markets-financial-instruments-mifid-ii-directive-2014-65-eu_en
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able 2
escriptive statistics for the sample of investors.

Entire dataset Sample

# Investors 77,578 17,364
% of men 84.18 91.13
Age 44.55 45.64
# Trades 74.61 125.21
Trading Value 645.31 1003.22
# Stocks 4.52 7.11
Portfolio Value 38.18 56.93
Holding Period (days) n.a. 341.93

Notes: This table reports statistics and cross-sectional averages computed for
oth the entire dataset and the sample. # Investors is the number of investors
n the entire dataset or the sample. Age is measured for each investor in January
008. # Trades is the average number of trades during the whole sample period
January 2003–March 2012) and Trading Value is the average monetary value
f these trades (thousands of euros). Portfolio Value is the average value of an

investor’s end-of-month portfolio (thousands of euros), while # Stocks is the
verage number of stocks in these portfolios. Holding Period refers to the stock
olding period, expressed in number of days.

.2. Individual DE estimates

I first apply the ratio-based approaches at the individual level
nd compute Weber and Camerer’s (1998) and Odean’s (1998) DE
easures for each retail investor in our sample. The first relies on
q. (1), while Eq. (2) to (4) are used to apply Odean’s approach.
s already mentioned, the latter method has been applied with
wo different frequencies for determining paper gains and losses,
.e., either on each calendar (trading) day, as in Barber et al.
2007), or on selling days only, as in Odean (1998). Here, the
easure is computed following both ways.
For the econometric approaches, a regression model is esti-

ated with Eq. (5). Unlike Chang et al. (2016), who use a linear
regression that is strictly equivalent to Odean’s DE, I use a logit
model, which is more appropriate when the dependent variable
is a dummy variable. The Cox and Weibull proportional hazards
models are also applied. For the individual estimation of the DE,
Eq. (8) includes either a trading gain indicator (TGI) or a trading
loss indicator (TLI) as the only covariate and reduces to one of the
following equations:

h(t, TGI(t)) = h0(t) exp (β1.TGIt ) (11)
h(t, TLI(t)) = h0(t) exp (β1.TLIt ) (12)

The estimation relies on data observed on every day of the sample
period (daily frequency). Estimating both Eqs. (11) and (12) could
look redundant but it is not since there are many cases where
the average purchase price is between the lowest and the highest
prices on a given day, which makes it impossible to determine
whether the position is at gain or at loss on that day.

Table 3 shows statistics on the individual DE measures for the
17,364 sample investors. First, it reports the number of investors
for whom the alternative measures can be computed (N). For
all but Weber and Camerer’s (1998) measure, N is lower than
the sample size. For example, Odean’s measure is a difference
between proportions which are computable only if the denom-
inator is positive, i.e. if the investor had a least one position at
gain and one position at loss during the whole sample period.
Overall, extreme situations lead to the impossibility of computing
a given measure (ratio or parameter estimate) or to an extreme
result that does not make sense. In the case of hazard models,
the averages reported are average hazard ratios. These hazard
ratios are given by the exponential of the coefficient estimates.
Consequently, an estimate that is already excessively high leads
to a very excessive hazard ratio. This leads us to apply a 80%
winsorization to the individual hazard ratios before computing
the averages reported in Table 3. Winsorizing the top 10% and
 a

5

bottom 10% of data points could look exaggerated but, over-
all, this is in line with the severe bunching of Odean’s (1998)
measure observed by Feng and Seasholes (2005) (up to 30% of
all the accounts in their sample). A comparison of means and
medians reported in Table 3 shows that the data are skewed
to the right, which is likely to reflect some extreme behaviors
(e.g., selling stocks nearly systematically for gains and never at
a loss) observed for some investors in the sample.

When applied at the individual level, hazard models may
provide high estimates when the investor systematically sells (or
holds) a position in a specific context. Hazard ratios are computed
as the exponential of these large numbers, which results in mean-
ingless average hazard ratios. To minimize the impact of these
outliers obtained with both Cox andWeibull proportional hazards
models, an 80% winsorization has been applied to the vector of
TGI and TLI estimates to compute the four means.

Since these alternative approaches have the same general
goal, i.e., assessing investors’ stronger propensity to sell winning
stocks than to sell losing stocks, these measures should be highly
correlated. While the ratio-based approaches can be directly com-
pared, the econometric approaches may involve either a trading
gain indicator or a trading loss indicator. Consequently, the re-
sults of these approaches might not be easily comparable. The
hazard models do not provide a direct estimation of the DE, but
using a trading gain (loss) indicator, the hazard ratios computed
from these models show how being at gain (loss) on a given
position impacts investors’ propensity to sell this position. The
magnitudes of the alternative measures may be very different.
This is why Table 4 reports not only Pearson correlation coeffi-
cients (based on values6) but also Spearman correlations (based
on ranks) across these alternative DE(-related) measures. The
Spearman correlations are perhaps even more relevant than the
Pearson correlations since these measures should at least be con-
sistent in ranking individual investors based on their increased
(decreased) propensity to sell a position when it is at gain (loss).

Table 4 shows that the Spearman correlation coefficients are
indeed higher in absolute terms, but despite being designed to
reflect the same bias, the measures are not highly correlated.
While they are the most widely used in the literature, the ratio-
based measures are only moderately correlated. Even Odean’s
(1998) measures computed with both frequencies (daily and sale-
based) are not highly correlated (62%, based on ranks). The same
remark applies to the logistic approach implemented with both
frequencies. More strikingly, the correlations between the vari-
ants of Odean’s measure and logit estimates are high only when
the same choice is made about the frequency at which paper
gains and losses are counted. These results are very sensitive to
this frequency.

In contrast, the estimates obtained from both the Cox and
Weibull hazard models show very strong correlations.7 The esti-
mation of these hazard models uses data for every day a position
is held or sold, but the model results are built on how long a given
investor typically holds a position. It can also be observed that the
results obtained from the hazard models are more strongly cor-
related with Odean’s measure and the logit estimates when the
paper gains and losses are counted on selling days only. A possible
explanation for this is that retail investors do not monitor their
portfolios frequently and that it is not relevant to consider the
holding of any position on a given day as resulting from an actual
holding decision. Investors may simply not follow their portfolios

6 Because of many extreme values that are likely to bias the results, the
earson correlation coefficients are computed after a 80% winsorization.
7 As expected, estimates for the trading loss indicator (TLI) are negatively

orrelated with the other measures, but in absolute terms, these correlations
re quite high.
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Table 3
Individual measures – Statistics.

N Mean Q1 Median Q3

Ratio-based approaches
WC 17364 35.913 9.091 36.000 66.667
OdeanD 14876 2.312 0.137 0.566 1.924

PGRD 17043 3.523 0.376 0.984 2.867
PLRD 15160 1.474 0.094 0.284 0.937

OdeanS 13519 14.893 2.086 12.500 27.083
PGRS 15754 38.314 19.178 33.333 54.545
PLRS 14379 23.630 7.353 16.667 33.333

Econometric approaches
Logit regression

Daily frequency (D) 17353 0.026 0.002 0.007 0.020
Sale-based frequency (S) 17076 0.430 0.059 0.186 0.364

Cox PH
TGI 15910 10.714 1.846 4.507 16.478
TLI 16131 0.467 0.089 0.343 0.866

Weibull PH
TGI 15502 8.600 2.084 5.018 14.881
TLI 15944 0.450 0.086 0.311 0.837

Notes: This table reports cross-sectional statistics on DE(-related) measures for the whole sample of investors. N
is the number of investors for whom the measure can be computed. WC refers to Weber and Camerer’s (1998)
measure and Odean to Odean’s (1998), with a subscript indicating the frequency used to count the paper gains and
losses (D for daily and S for sale-based frequency). PGR and PLR refer to the proportion of gains realized and the
proportion of losses realized, respectively. The econometric approaches are logistic regressions and hazard models
using either Cox or Weibull proportional hazard specifications. For the hazard models, the reported results are the
average hazard ratios for both the trading gain indicator (TGI) and the trading loss indicator (TLI) in Eqs. (11) and
(12).
Table 4
Pearson and Spearman correlations across DE measures.

W&C OdeanAll OdeanS LogitAll LogitS Cox Weibull

TGI TLI TGI TLI

Panel A: Pearson correlation coefficients (based on values)
W&C 1.000 0.129 0.509 0.103 0.395 0.629 −0.692 0.662 −0.683
OdeanA 0.129 1.000 0.383 0.721 0.254 0.217 −0.177 0.289 −0.211
OdeanS 0.509 0.383 1.000 0.293 0.894 0.508 −0.617 0.597 −0.628
LogitA 0.103 0.721 0.293 1.000 0.163 0.103 −0.065 0.113 −0.059
LogitS 0.395 0.254 0.894 0.163 1.000 0.457 −0.335 0.373 −0.298
Cox TGI 0.629 0.217 0.508 0.103 0.457 1.000 −0.729 0.867 −0.661
Cox TLI −0.692 −0.177 −0.617 −0.065 −0.335 −0.729 1.000 −0.770 0.948
Weibull TGI 0.662 0.289 0.597 0.113 0.373 0.867 −0.770 1.000 −0.783
Weibull TLI −0.683 −0.211 −0.628 −0.059 −0.298 −0.661 0.948 −0.783 1.000

Panel B: Spearman correlation coefficients (based on ranks)
W&C 1.000 0.342 0.524 0.412 0.527 0.718 −0.739 0.731 −0.754
OdeanA 0.342 1.000 0.616 0.926 0.615 0.546 −0.441 0.619 −0.497
OdeanS 0.524 0.616 1.000 0.523 0.919 0.690 −0.660 0.710 −0.674
LogitA 0.412 0.926 0.523 1.000 0.569 0.473 −0.372 0.549 −0.426
LogitS 0.527 0.615 0.919 0.569 1.000 0.661 −0.600 0.646 −0.583
Cox TGI 0.718 0.546 0.690 0.473 0.661 1.000 −0.963 0.940 −0.915
Cox TLI −0.739 −0.441 −0.660 −0.372 −0.600 −0.963 1.000 −0.914 0.951
Weibull TGI 0.731 0.619 0.710 0.549 0.646 0.940 −0.914 1.000 −0.958
Weibull TLI −0.754 −0.497 −0.674 −0.426 −0.583 −0.915 0.951 −0.958 1.000

Notes: This table reports Pearson and Spearman correlation coefficients between alternative DE(-related) measures. For Odean’s
measures and the Logit models, the subscript refers to the frequency at which paper profits are computed and counted: daily
(D) or sale-based (S). The last four measures refer to hazard ratios estimated from a Cox or Weibull proportional hazards model.
Correlation coefficients across measures are computed both on values (Panel A) after winsorization and on ranks (Panel B) without
winsorization. All the correlations reported in this table are highly significant (all p-values lower than 0.0001 in both panels).
for several days, several weeks or even longer. However, investor
monitoring frequency is difficult to capture since connection data
are not often available in the datasets. Even when these specific
data are available (see Dierick et al., 2019), the connection rate
cannot necessarily be interpreted as the monitoring frequency
since investors may monitor their positions on other websites and
decide to connect to the trading platform only when they want to
trade. This issue will specifically be addressed in Section 5 using
a simulation.

Even the simple Weber and Camerer’s (1998) measure that
relies only on realized gains and losses shows a higher correlation
with the hazard model estimates than with Odean’s measures or
the logit estimates, especially when paper gains and losses are
6

determined on a daily frequency. Again, this raises the question
about the sensitivity of the latter approaches to investor trading
frequency; if this sensitivity is high, it may call into question
the conclusions of papers that assess the relationship between
trading frequency (or experience, based on the number of trades
made by an investor) and the DE. This issue is illustrated in the
next section.

4. Investor sophistication and the disposition effect

As an illustration of the importance of the methodological
choices, I will partially replicate the study of Dhar and Zhu (2006).
The goal of their paper is to identify differences in the disposition
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eans across groups of investors.

High Low H − L

Panel A: Trading Frequency — Number of trades
Group Size 8736 8628
Weber–Camerer 31.459 40.423 −8.964***
Odean — All days 2.386 2.211 0.176
Odean — Selling days 13.177 17.753 −4.576***
Logit — All days 0.020 0.032 −0.012***
Logit — Selling days 0.195 0.678 −0.483***
Cox — TGI 8.213 13.728 −5.515***
Cox — TLI 0.515 0.412 0.103***
Weibull — TGI 7.419 10.048 −2.629***
Weibull — TLI 0.500 0.393 0.107***

Panel B: Financial Literacy
Group Size 9580 7784
Weber–Camerer 34.157 38.075 −3.918***
Odean — All days 2.044 2.661 −0.617***
Odean — Selling days 14.118 15.936 −1.817***
Logit — All days 0.024 0.029 −0.005**
Logit — Selling days 0.380 0.493 −0.114***
Cox — TGI 9.990 11.634 −1.645***
Cox — TLI 0.483 0.448 0.035***
Weibull — TGI 8.122 9.208 −1.087***
Weibull — TLI 0.466 0.430 0.036***

Notes: This table reports average DE(-related) measures and mean comparisons
between subsamples of investors. Panel A reports results for subsamples based
on trading frequency (High or Low, defined as above or below the median
number of trades) while Panel B reports the results for subsamples based on self-
assessed financial literacy. Group Size is the size of the subsample. The different
DE(-related) measures are those of Weber & Camerer (1998), those of Odean
(1998) and the logit model estimates (both with daily and sale-based frequencies
for the counting of paper profits) as well as the hazard ratios of both Cox and
Weibull proportional hazards models for either a trading gain indicator (TGI) or
trading loss indicator (TLI). Significance levels for the mean comparisons are
p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01.

ffect across individuals and relate them to differences in in-
estor sophistication. They measure the DE at the individual level
nd analyze how it is affected by investor financial literacy and
rading frequency. Since they have no direct information about
inancial literacy, they use demographic variables that are corre-
ated with financial literacy, i.e. annual income and occupational
tatus. They conclude that both trading frequency (measured by
he number of trades) and financial literacy mitigate the DE.

As already mentioned, my dataset includes individual sociode-
ographic and survey-based information. Instead of using prox-

es for financial literacy as in Dhar and Zhu (2006), I use a dummy
ariable based on a self-assessed financial literacy measure. This
ummy equals one when the investor assesses himself to be
inancially literate (levels 4 or 5 on a scale from 1 to 5, indicating
hat an investor has good knowledge of financial markets and
inancial experience and has thoroughly mastered all aspects of
he financial markets) and zero otherwise.

The main DE measure used by Dhar and Zhu (2006) is Odean’s
1998) measure, with paper gains and losses counted on selling
ays only. The average DE measure obtained for their sample is
1%, while an average DE of 15% is computed for the investors in
y sample using the same method (see Table 3). After observing

hat investors who are prone to the DE (i.e., who have a posi-
ive DE measure) have a lower level of financial literacy and a
ower trading frequency, the authors build groups based on these
imensions. They observe that their proxies for financial literacy
re negatively correlated with the DE and conclude that financial
iteracy mitigates this behavioral bias.

I replicate the approach of Dhar and Zhu (2006), except that I
use the alternative DE measures presented in Section 2 instead of
only one. Table 5 reports the average DE for groups of investors
who trade more or less (High versus Low) than the median
investor and for groups of investors who assess themselves as
7

benefiting from high financial literacy or not. In both panels,
the Low group is often associated with a higher DE measure. Of
course, it is the opposite for the estimates associated with the
trading loss indicator (TLI) in both hazard model specifications:
the closer to one the number is, the more likely she is to sell at
loss.

Most of the differences in means have the expected sign and
are significant. Panel B shows differences that are all in line with
what Dhar and Zhu (2006) show: investors with higher financial
literacy are less prone to the DE. All the results reported in Panel
A but one are also in line with Dhar and Zhu’s (2006) conclusions:
trading frequency mitigates the DE. The only exception relates to
Odean’s measure based on a daily frequency for determining pa-
per gains and losses (following Barber et al., 2007). In this specific
case, the difference has the opposite sign and is not significant.
In other words, the frequency used to count paper gains and
losses strongly affects Odean’s measure and, most importantly,
the conclusions of the analysis. Although most papers do not
give arguments for the choice of a given frequency, this is not
incidental at all.

Ratio-based approaches applied at the individual or group
investor level have been very popular because they provide one
unique number that is easy to interpret. A positive number means
that the investor is prone to the DE. Using a very simple OLS
regression model (see Eq. (5) as in Chang et al., 2016) also al-
lows to determine whether this estimate is significantly different
from 0. However, the econometric approaches also allow the
researcher to explicitly test the relationship between the DE and
any particular factor by including some covariates in the model
equation.

To examine cross-sectional differences in Odean’s (1998) mea-
sure of the DE, Dhar and Zhu (2006) regress the individual results
on some covariates, such as trading activity. As clearly shown
by Feng and Seasholes (2005), the main issue with this approach
is that the DE measure itself may be mechanically linked to
the behavioral variables that are considered as potential factors
affecting the DE. The more often an investor trades, the higher
the frequency of selling days is. Dhar and Zhu (2006) are aware of
this sensitivity to trading frequency or portfolio size and replicate
the analysis with Weber and Camerer’s (1998) measure as a
robustness check. Even if this measure is probably less sensitive
to trading activity compared with Odean’s measure, it is prone to
bunching problems. Many investors only sell stocks for gains or
only sell stocks for losses. This is particularly true for investors
who have underdiversified portfolios and are thus more likely
to have only winners or only losers in their portfolios. This may
result in a ratio that is equal to one, or negative one.8 Panel A
of Table 5 shows that Odean’s measures and logit estimates are
much lower when based on a daily frequency in determining
the paper gains and losses. The reason for this is simple to
understand: many more paper gains and/or losses are counted in
this case while the number of realized gains and losses remains
unchanged. Using a daily frequency for the counting of paper
gains and losses reduces the magnitude of the ratio/estimate.
When using a daily frequency, the implicit assumption is that
a decision to keep (or to sell) the stock position is made every
day. If this hypothesis is perhaps not too troublesome when we
analyze this bias among professional investors, it becomes very so
when we move to very inactive retail investors. Intuitively, count-
ing the paper gains and losses on days when the investor does
not monitor her portfolio provides an upward-biased estimate of
the tendency to hold a stock position while limiting this counting

8 This bunching phenomenon is discussed in Feng and Seasholes (2005). It
also affects Odean’s (1998) measure, which sometimes cannot even be computed
because either gain or loss opportunities are not available for a given investor.
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o selling days may ignore decisions (to keep a position) that
ave been made at other times. It is then reasonable to consider
hat Odean’s (1998) measure is mechanically linked to investor
rading activity. It is then not surprising that the frequency at
hich paper gains and losses are counted affects the results.
ppendix A focuses on this issue and shows how the conclusions
ay fully differ depending on the DE measure used.
Given the issues mentioned above and contrary to Dhar and

hu (2006), I favor econometric approaches for investigating
ross-sectional differences in financial literacy and trading activ-
ty. For both the logistic regressions and hazard models, different
odel specifications are used: first a simple model with the trad-

ng indicator only and then several models including a financial
iteracy and/or a trading activity variable. I also add some inter-
ction terms because they are most relevant to answering the
ey questions. Indeed, investors with a higher level of financial
iteracy may hold their positions longer, regardless of whether
hese positions are at gain or at loss, but these investors could be
ore inclined to keep a winning position even longer.
The logistic regression models are estimated using seven dif-

erent specifications. Besides the many advantages that they have
n ratio-based approaches, logistic regression models (as well as
LS regression models) share a weak point with Odean’s (1998)
easure. Looking at Eqs. (5) and (7), it is easy to understand

hat the covariate Gaini,j,t , which indicates whether the position
of investor i is at a gain (1) or not (0) on Day t, needs to
e determined at a given frequency. Again the choice of this
requency (every day in the sample period or on selling days only)
epresents an implicit assumption that could be somewhat arbi-
rary. To better understand how the conclusions may be affected
y this choice, I estimate the logistic regression models using both
requencies.

Table 6 reports the estimates and the average marginal effects
f the alternative models. Whatever the model specification, the
stimate associated with the trading gain indicator is always
ositive and significant, which reflects that retail investors are
rone to the disposition effect in general. Model 1 is the simplest
odel, with a trading gain indicator only. The positive and sig-
ificant estimate associated to the trading gain indicator (Gain)
s in line with the existence of the DE for the investors of our
ample. To check the relationship between investor sophistication
nd the DE, it could look natural to include proxies of investor
ophistication, such as financial literacy and trading activity, in
he model (see Model 2) and to build conclusions based on the
stimates of their parameters. However, this is clearly not a good
dea. In Model 2, it can be observed that trading activity has
positive impact on the probability to sell a portfolio position.
ctually, it is not surprising that the more an investor trades, the
igher her probability to sell a position. To analyze the impact of
rading activity on the DE, Models 4 and 5 are more informative
ince the parameter estimate of the interaction term (Gain ∗

ctivity) provides information about how trading activity affects
he probability to sell a position at gain (rather than any position).
n Model 4, the estimate associated to the interaction term is
egative and significant, after controlling for the general impact
f trading activity on the selling probability. This means that a
rading gain indicator equal to one is associated with a decrease
n the propensity to sell a position sooner for investors with a
igher trading activity. Similar conclusions about financial liter-
cy can be drawn from Model 3. For the complete model (Model
), Panels A and B of Table 6 show that the estimates associated
ith both interaction terms are negative and significant. This
an be interpreted as a negative effect of both financial literacy
nd trading activity on selling a winning position sooner. While
hese effects are statistically significant, the average marginal

ffects are quite small compared with the average marginal effect e

8

associated to the trading gain indicator. This means that financial
literacy and trading activity only slightly mitigate the DE.

However, Panels A and B of Table 6 show that the results
regarding trading activity and financial literacy are sensitive to
the frequency at which paper gains and losses are determined.
Specifically, the estimate associated with trading activity is al-
ways highly significant, but it is positive when a daily frequency
is used to determine the paper gains and losses, while it is
negative when only selling days are taken into account. Again,
as for the use of Odean’s measure, it is impossible to give a gen-
eral advice. Except if detailed information about when investors
actually make a decision to sell or to hold a stock position is
available, the choice of a frequency could be arbitrary. On the one
hand, when using a daily frequency, we implicitly assume that a
decision to hold the position is made by the retail investor on
each day a position is kept in the portfolio, whether she makes
it on purpose or she is simply too busy or unable to monitor her
portfolio or to connect to the trading platform. On the other hand,
using observations collected on selling days only relies on another
implicit assumption: retail investors never decide to keep their
positions on a given day unless they decide to sell at least one
position, which seems to be a very strong hypothesis.

Ideally, we should rely on days when a decision (to sell or
to keep) is explicitly made, but determining when this deci-
sion occurs is quite difficult. Relying on a dataset that provides
information about when retail investors connect to the trad-
ing platform (as in Dierick et al., 2019) could be an advantage.
owever, investors have access to alternative websites providing
omplete information about any asset and they could connect to
he trading platform only once they have decided to trade. This
eans that, while useful, login data may only be considered as a
roxy for the timing of actual investors’ decisions to keep or sell
heir positions.

Hazard models may be considered as a solution to the issue
elated to the frequency at which investors actually decide to
ell or to keep an asset position. While they share some char-
cteristics with the logistic regressions, hazard models have the
dvantage to include a baseline hazard function describing how
he hazard rate for the occurrence of a sale per time unit (e.g., per
ay) changes over time at baseline levels of possible covariates.
ith this baseline hazard function, the hazard models are able to

ccount for how long an investor or a group of investors typically
olds a position. In other words, the hazard models are able to
ake the typical frequency at which investors make their decisions
nto account through the baseline hazard function. We do not
eed to make any assumption about this and the available daily
bservations can be used to estimate the model parameters.
In addition to this baseline hazard function, the effect parame-

ers describe how the hazard varies in response to changes in the
xplanatory variables. In the context of a DE analysis, a trading
ain indicator which is equal to 1 when the position is at gain
and 0 otherwise) is included on the right-hand side of the equa-
ion and other variables that are likely to affect the propensity
o sell a position sooner may also be added. This makes it easy
o interpret how a change in an independent variable affects
he hazards of selling the position. This principle makes hazard
odels appropriate to analyze the DE
Another enormous advantage is that hazard models allow for

arying probabilities for selling a position over time. While Feng
nd Seasholes (2005) use a Weibull proportional hazards model,
arber and Odean (2013) use a Cox proportional hazards model to
nalyze the DE. Even if both models have been used to estimate
he individual DE, I use Cox models in this section because the
stimation is less resource-intensive and because the Weibull
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Table 6
Results of the Logit Regression Analysis.
Panel A: Daily frequency (all days taken into account)

Model 1 Model 2 Model 3 Model 4 Model 5
Gain 1.189*** 1.148*** 1.247*** 1.850*** 1.860***

0.006 0.006 0.006 0.009 0.009
Literacy −0.233*** 0.083*** −0.219***

−0.001 0.000 . −0.001
Activity 0.468*** 0.530*** 0.545***

0.002 0.003 0.003
Gain ∗ Literacy −0.091*** −0.022***

0.000 0.000
Gain ∗ Activity −0.124*** −0.123***

−0.001 −0.001
LR test 277498.125*** 611451.316*** 277976.899*** 608895.708*** 618175.256***
Number of observations (Investor x Stock Position x Day): 159,357,416

Panel B: Frequency of sales (only days with sales)
Gain 0.972*** 0.972*** 1.023*** 1.471*** 1.478***

0.091 0.089 0.095 0.134 0.134
Literacy −0.148*** −0.336*** −0.139***

−0.013 −0.031 . −0.013
Activity −0.341*** −0.299*** −0.289***

−0.031 −0.027 −0.026
Gain*Literacy −0.072*** −0.016***

−0.007 −0.001
Gain*Activity −0.087*** −0.086***

−0.008 −0.008
LR test 165958.693*** 343536.421*** 188306.465*** 342578.315*** 345810.790***
Number of observations (Investor x Stock Position x Day): 7,534,870

Notes: This table reports the estimates for five different logit model specifications obtained by using a daily frequency
to count the paper gains and losses (Panel A) or using the frequency of sales (Panel B). For each independent variable
included in a given model, the first row reports the parameter estimate and the associated hazard ratio appears on
the next row. The dependent variable is a dummy variable which is equal to 1 if the position was sold on that day
and 0 otherwise. Gain is a dummy variable that equals 1 when the position is at gain and 0 otherwise. Literacy is
a dummy variable associated with investor financial literacy. This dummy equals one when the investor assesses
himself as financially literate (levels 4 or 5 on a scale from 1 to 5, indicating that an investor has good knowledge
of financial markets and financial experience and has thoroughly mastered all aspects of financial markets) or
zero otherwise. Activity refers to the natural logarithm of the number of trades recorded for the investor during
the whole sample period. The last two covariates are interaction terms. LR test refers to the log-likelihood ratio
test (comparison with the null model). Significance levels for the mean comparisons are ∗p<0.1, ∗∗p<0.05, and
∗∗∗p<0.01.
model9 is more restrictive than the Cox model. The latter is semi-
parametric and allows the estimation of hazard ratios without
any assumption on the form of the baseline hazard function. Since
I am not interested in forecasting the probability of occurrence of
a sale, in which case the baseline hazard function would need
to be estimated, this constitutes a major advantage of the Cox
proportional hazards model.

Table 7 reports the results for different specifications of Cox
proportional hazards models, some of them including interaction
terms. All these models include random effects to account for in-
vestor characteristics that influence the hazard of the occurrence
of the sale. In other words, these investor-specific random ef-
fects10 modify the baseline hazard function for distinct investors.
Model 1 is based either on Eq. (11) for Panel A or Eq. (12) for Panel
B, while other models also include other covariates, as in Eq. (8)
(e.g., financial literacy or trading activity).

First, the estimates regarding the trading gain/loss indicator
always have the expected sign and are highly significant. This
is in line with the DE affecting the investors in the sample.
Second, Model 2 simply includes the variables associated with
financial literacy and activity, but for the same reasons discussed

9 Weibull proportional hazards models with the same specifications as in
able 7 are also estimated. The results are not reported here, but they lead to the
ame conclusions. These results are available upon request. Table 4 also shows
hat the individual estimates obtained from the Cox and Weibull proportional
azards models are highly correlated.
10 Instead of using random effects, a simple clustering of standard errors is
lso possible. Since this clustering is more popular in the finance literature, I
lso report the results computed with this approach (without random effects
ut with robust standard errors) in Appendix B.
9

in regard to the logistic regression approach, this does not allow
us to interpret any relationship between these variables and the
DE. Financial literacy decreases the propensity to sell a position,
whatever it is a winner or a loser, while high trading activity
increases the propensity to sell any position. These partial con-
clusions could mean that investors with a high level of financial
literacy tend to hold their positions longer, while those who are
more active sell their positions more quickly. However this does
not tell anything about the impact of financial literacy and trading
activity on the DE.

In Model 3, the coefficient of the interaction term (Gain ∗

Literacy) is more interesting because the general effect of financial
literacy on the propensity to sell a position can be disentan-
gled from its specific effect when the position is at gain. The
estimate associated with financial literacy becomes statistically
nonsignificant while the interaction term is negative and sta-
tistically significant. This means that financial literacy has no
effect on the propensity to sell a position in general but that
it reduces the propensity to sell a winning position. This can
be considered a positive effect reducing the DE. From Model 3
including a trading loss indicator (Panel B), it can be observed
that the positive effect of the interaction term (Financial Literacy
* Loss) more than compensates for the negative effect of financial
literacy on the propensity to sell a position. The hazard ratio
for the variable Literacy (0.95) means that the hazard rate is
reduced by 5% when the investor shows a high financial literacy
but the hazard ratio for the interaction term (1.07) means that the
hazard rate is increased by 7% when investor’s financial literacy
is high and when the position is at a loss. For Model 4, the results
reported in both panels may be interpreted the same way. There
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Table 7
Results of the Cox proportional hazards models.

Model 1 Model 2 Model 3 Model 4 Model 5

Panel A: Models including a trading gain indicator
Gain 1.24*** 1.24*** 1.30*** 1.94*** 1.96***

3.45 3.44 3.66 6.95 7.09
Literacy −0.15*** 0.02 −0.11***

0.86 1.02 0.90
Activity 0.32*** 0.40*** 0.41***

1.38 1.49 1.50
Gain ∗ Literacy −0.10*** −0.05***

0.91 0.95
Gain ∗ Activity −0.13*** −0.12***

0.88 0.88
LR test 487087.20*** 489336.88*** 487351.82*** 492208.36*** 492370.95***
Number of observations (Investor x Stock Position x Day): 159,357,416

Panel B: Models including a trading loss indicator
Loss −0.70*** −0.70*** −0.74*** −1.72*** −1.72***

0.50 0.50 0.48 0.18 0.18
Literacy −0.14*** −0.05*** −0.14***

0.87 0.95 . 0.87
Activity 0.33*** 0.25*** 0.26***

1.39 1.29 1.30
Loss ∗ Literacy 0.06*** 0.00

1.07 1.00
Loss ∗ Activity 0.19*** 0.19***

1.21 1.20
LR test 357821.12*** 360261.65*** 357935.60*** 366523.36*** 366602.20***
Number of observations (Investor x Stock Position x Day): 159,357,416

Notes: This table reports the results for ten different specifications of Cox proportional hazards models including
random effects. The five models in Panel A include a trading gain indicator (Gain) while the other five models
in Panel B include a trading loss indicator (Loss). For each independent variable included in a given model, the
first row reports the parameter estimate and the associated hazard ratio appears on the next row. Gain (Loss) is a
dummy variable that equals 1 when the position is at gain (loss) and zero otherwise. Literacy is a dummy variable
that equals one when the investor assesses himself as financially literate (levels 4 or 5 on a scale from 1 to 5,
indicating that an investor has good knowledge of financial markets and financial experience and has thoroughly
mastered all aspects of financial markets) or zero otherwise. Activity refers to the natural logarithm of the number
of trades recorded for the investor during the whole sample period. Gain/loss ∗ Literacy and Gain/loss ∗ Activity are
interaction terms between the trading indicator (Gain or Loss) and Literacy and Activity, respectively. LR test refers
to the log-likelihood ratio test (comparison with the null model). Significance levels are ∗p<0.1, ∗∗p<0.05, and
∗∗∗p<0.01.
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s a general effect of trading activity that increases the propensity
o sell overall, but this higher trading activity results in holding
inning positions longer and selling losing positions sooner.
Finally, Model 5 includes both variables (Literacy and Activity)

s well as the interaction terms. The results show that financial
iteracy and trading activity have a beneficial effect in terms of
educing the DE. If we look at the results reported in Panels A
nd B separately, financial literacy seems to diminish the odds
f selling a position when it is at gain, while there is no effect
hen the position is at loss. In other words, the effect of financial

iteracy on the propensity to sell a winning position is confirmed,
ut financial literacy does not seem to reduce the holding period
f losing positions. Trading activity has a beneficial effect in both
ases.
Overall, I show that both financial literacy and trading ac-

ivity mitigate the DE and that for financial literacy, the effect
s observed only for positions at gain. These results are overall
n line with the conclusions obtained by Dhar and Zhu (2006).
owever, there are reasons to think the results presented in this
aper are more robust. First, I empirically show that the most
opular measure (Odean, 1998) could be misleading because the
esults based on it are affected by trading activity. If a sale-
ased frequency is used to determine and count paper gains and
osses (as in Dhar and Zhu, 2006), a comparison of the mean DE
etween active and nonactive investors leads to the conclusion
hat investor activity reduces the DE. If a daily frequency is used,
his conclusion no longer holds. In addition, I show empirically
hat analyzing cross-sectional differences in the DE could also be
isky since the individual measure itself is affected by trading
ctivity (see Appendix A). This issue is probably less sensitive
10
hen we look at the relationship with financial literacy because
he DE measure is not (or at least less) affected by this element.

Second, I implement a multivariate analysis using different
ethodological approaches. The first one is a logistic regression,
hich allows the addition of variables and controls on the right-
and side of the equation. In analyzing the relationship between
given variable and the DE, it is natural to include this variable in
he model, but it is also necessary to include interaction term(s),
s in Dierick et al. (2019) or Frydman and Wang (2020). However,
ith logistic regressions, a choice again has to be made between
sing a daily frequency or a sale-based frequency. Intuitively, one
ould think that this choice should be based on how frequently
n investor monitors her portfolio and actually makes her deci-
ions, but this criterion remains somewhat arbitrary, especially
hen the data do not provide any information about when the

nvestors connect to the trading platform.
Hazard models may seem to be the right tool to solve this issue

ut, based on empirical data, it is quite difficult to prove since the
rue DE levels of the retail investors are unknown. To answer the
uestion of whether hazard models perform better and are able
o take the baseline frequency of investors’ decisions into account
o assess their DE levels, I use simulation.

. Which measure should we favor?

This section provides some simulation-based results illustrat-
ng the advantages and drawbacks of different approaches to
easuring the DE. The first simulation is focused on ratio-based
pproaches only. It shows that these DE measures may provide
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ery different results. The second simulation illustrates the im-
ortance of accounting correctly for the frequency of portfolio
onitoring.
According to Weber and Welfens (2008), Weber and Camerer’s

1998) measure is sensitive to market trends because they could
ause a lack of selling opportunities for positions that are either
t gain (downward trend) or at loss (upward trend). To better
nderstand this sensitivity, let us consider a simple example11
ith two investors, A and B, who are not prone to the DE. Since
hese investors are not prone to the DE, their propensity to sell
given position does not depend on whether this position is at
ain or at loss. Based on this assumption, the proportion of gains
ealized (PGR) and the proportion of losses realized (PLR) should
e identical on average. In this example, the number of realized
ains (NRG) and the number of paper gains (NPG) represent 30%
nd 70% of the number of selling opportunities for positions at
ain, respectively. The same proportions are used for the number
f realized losses (NRL) and the number of paper losses (NPL).

Investor NRG NPG NRL NPL W&C PGR PLR PGR − PLR

A 18 42 12 28 30% 30% 30% 0%
B 30 70 6 14 67% 30% 30% 0%

Based on these numbers, Odean’s (1998) measure (i.e., the
ifference (PGR-PLR)) is equal to 0% for both investors. However,
t can be observed that Weber and Camerer’s (1998) measure
W&C) indicates a positive DE and that the measure is positively
orrelated with the proportion of selling opportunities that are at
ain, which are more likely to occur in a bullish market.
However, as shown in previous sections, Odean’s (1998) mea-

sure and the logit regression approach have also their limits and
could lead to different results depending on the frequency at
which the paper gains and losses are determined and counted.
Ideally, this frequency should accurately reflect the frequency at
which investors actually make their decisions. In other words, the
paper gains and losses should be determined and counted on days
when the retail investor makes a decision, regardless of whether
she decides to sell or to hold a stock position. Unfortunately,
this precise information seems impossible to observe in the real
world and, at best, only connection data could help estimate
these decision points, which remains insufficient today given that
investors may connect on the internet and make decisions to
hold their positions without connecting to the trading platform.
To avoid rough approximations and arbitrary choices regarding
the frequency at which investors actually make their decisions,
hazard models are probably a good solution since they are able
to account for the baseline frequency of investor decisions. This
will be illustrated through the second simulation.

Simulation allows a control of parameters that are sometimes
difficult to observe from empirical data. First, it is possible to con-
trol for an investor’s susceptibility to the DE by determining the
likelihoods of selling winning and losing positions. Second, trends
in stock prices can be controlled for to assess the sensitivity of the
measures to these trends. Finally, it is also possible to precisely
know when an investor makes actual decisions to keep or to hold
stock positions since the simulation may randomly determine
whether an investor is allowed to make a decision on a given day.
Unlike the DE level and the monitoring frequency, market trends
are easily observable. However, the simulation makes it possible

11 This example is similar to Example 1 reported in Appendix D of Feng and
easholes (2005). However the probability of selling a position is set at 30%
instead of 25%) to stick to the parameter used in my simulation and the number
f selling opportunities for positions at gain is higher than the corresponding
umber for positions at loss (as this is likely to occur when the market trend
s bullish).
11
to match a bullish or bearish period of the market to the trading
period of an investor.

The first simulation assumes that investors make their deci-
sions every day and I focus on whether and how the ratio-based
DE measures are affected by a market trend or by the frequency
at which paper gains and losses are counted (daily or only on
selling days). In the second simulation, I further analyze how
the daily probability of making a (holding or selling) decision
on any position of the portfolio may relate to the accuracy of
the alternative approaches. For the sake of simplicity, this daily
probability is sometimes called ‘‘connection rate’’. Of course, in
the real world, a retail investor can monitor her portfolio on
the internet and connect to the trading platform only when she
decides to actually trade. In this section, the connection rate
covers not only the probability for an investor to connect to
the trading platform but also the cases when she decides not to
connect (and not to trade) after monitoring her portfolio on any
website. To be clear, the second simulation differs from the first
one in that the connection rate is used to simulate whether the
investor makes a decision or not on an given day, regardless of
whether this decision means holding or trading a position.

5.1. First simulation

The first simulation is based on 250 iterations including 1500
market trading days. It involves three investor-types with differ-
ent DE levels and five stocks with normally distributed returns
with fixed volatility (0.10%) and means 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 of these stocks all equal
100, and subsequent prices are computed from the simulated
eturns. The initial portfolio of any investor contains one share
f every stock, assumed to have been bought at $100 on Day 0.
nvestors have no budget constraint; no short-selling is allowed.

The three investor-types only differ in their DE levels: 0%, 10%
nd 20%. For each investor, the baseline probability of buying one
dditional share and of selling an existing position is arbitrarily
et to 30%12 during any trading day. According to Weber and
Camerer (1998), the DE is ‘‘the tendency to sell assets that have
gained value (‘winners’) and keep assets that have lost value
(‘losers’)’’. Therefore, an investor prone to the DE should show
a higher propensity (or probability) to sell a portfolio position at
gain compared with one that is at loss. In the simulation process,
I translated this definition as a difference between the probability
to sell a position at gain and the probability to sell a position at
loss. For a 20%-DE investor, the probability of selling a position is
adjusted according to whether the stock is at gain (30% + (20%/2)
= 40%) or at loss (30% - (20%/2) = 20%). The difference between
these probabilities is equal to 20%.

Even if is in line with the definition found in Weber and
Camerer (1998), the DE is generated as a higher probability to
sell winners compared to losers, which is exactly how Odean
computes his measure (i.e., a difference between PGR and PLR). It
could be argued that using these simulated data for performance
comparisons would lead to a bias in favor of Odean’s measure.
Let us keep this in mind when examining the results. However,
at least for a zero-DE investor, there is no bias in favor of one
measure over others because the baseline probability of selling a
position is identical, whether at gain or at loss (compared with
the average purchase price of the position).

Using these simulated data, both Weber and Camerer’s (1998)
nd Odean’s (1998) measures of the DE are computed. The first
easure is computed following Eq. (1) while the second is based

12 Setting this probability to 20% does not affect the conclusions.
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able 8
orrelations across DE measures based on simulation data.
Measure W&C OdeanS OdeanD

Panel A: Pearson correlations
W&C 1.0000 0.0937 0.0979
OdeanS 0.0937 1.0000 0.9584
OdeanD 0.0979 0.9584 1.0000

Panel B: Spearman correlations
W&C 1.0000 0.1693 0.1839
OdeanS 0.1693 1.0000 0.9615
OdeanD 0.1839 0.9615 1.0000

Notes: This table reports the correlation coefficients between Weber and
Camerer’s (1998) and Odean’s (1998) DE measures. For the latter, the subscript
refers to the frequency at which paper profits are computed and counted:
either sale-based frequency (S) or daily (D). The correlations across measures
are computed based both on values (Panel A) and on ranks (Panel B). All the
correlations reported in this table are highly significant (p-values lower than
0.0001).

Table 9
Performance of ratio-based measures of the disposition effect.
Frequency Trend DE = 0% DE = 10% DE = 20%

Panel A: Weber and Camerer’s (1998) measure
−0.2% −84.423*** −81.931*** −79.692***
−0.1% −57.365*** −50.070*** −43.099***
0.0% −0.467 9.618 20.516
0.1% 56.189*** 62.890*** 69.597***
0.2% 84.956*** 87.424*** 90.003***

Panel B: Odean’s (1998) measure
D −0.2% 0.089 9.754 19.106*
D −0.1% −0.256 9.812 20.240
D 0.0% 0.193 10.137 19.844
D 0.1% −0.215 9.666 19.943
D 0.2% 0.119 9.978 20.400

S −0.2% 0.321 11.166** 23.098***
S −0.1% −0.452 11.280*** 23.963***
S 0.0% 0.124 12.141*** 23.796***
S 0.1% −0.695** 11.207*** 23.708***
S 0.2% 0.424 11.868*** 24.074***

Notes: Frequency is the frequency at which paper profits are computed: daily
(D) or sale-based (S). Trend is the mean return used for the simulation of stock
returns. The other five columns (DE = x) refer to the specific DE values used
n the simulation. The DE measures are expressed in percentages, and the null
ypothesis used for the test is based on the true DE value. Significance levels
re ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01.

n Eq. (2) to (4). Table 8 reports the Pearson (values) and Spear-
an (ranks) correlation coefficients between these ratio-based
E measures computed from the simulation data. Although both
easures are designed to capture the same bias, they are weakly
orrelated, except for the two variants of Odean’s (1998) measure,
hich exhibit a (nearly) perfect correlation.
Table 9 shows these one-sample comparisons of the different

easures using the true DE level (0%, 10% or 20% used in the sim-
lation) in the null hypothesis.13 From Panel A, the sensitivity of
eber and Camerer’s (1998) measure to a market trend is really

triking. Whatever the true DE level, all the average values for
eber and Camerer’s (1998) measure are significantly different

rom the true value, except when there is no trend in the returns.
ven when the sales are generated in the same way for winners
nd losers (DE = 0%) and are simply based on a fixed probability
o sell, the measure is clearly affected by a market trend and this
oor performance cannot be explained by the method used to
enerate the true DE in the simulation.
Although the results in Panel B are more in line with the

rue DE value, significant differences are observed depending on

13 Let us keep in mind that the DE is generated through a probability gap
etween selling stocks at gain and at loss, which is exactly the formula for
dean’s measure.
12
Table 10
Disposition effect ‘à la Odean’ and the connection rate.
Frequency DE = 0% DE = 10% DE = 20%

Panel A: Connection probability = 100%
D 0.143 10.192 20.012
S 0.162 12.428*** 24.452***
C 0.143 10.192 20.012

Panel B: Connection probability = 50%
D −0.121 5.202*** 10.044***
S −0.407 12.32*** 24.435***
C −0.242 10.086 19.852

Panel C: Connection probability = 20%
D 0.116 2.040*** 4.037***
S 0.648 12.382*** 24.634***
C 0.649 10.099 20.013

Panel D: Connection probability = 10%
D −0.003 1.092*** 1.993***
S −0.773 13.795*** 24.884***
C −0.286 11.044 19.713

Panel E: Connection probability = 5%
D −0.060 0.559*** 1.068***
S −1.253 12.153* 26.976***
C −1.352 10.837 21.815*

Notes: Frequency is the frequency at which paper gains and losses are determined
and counted: daily (D), sale-based (S), and connection-based (C). The other
columns (DE = x) refer to the specific DE values used in the simulation. All
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.

whether a daily (D) or a sale-based (S) frequency is chosen. Using
a sale-based frequency results in a DE measurement estimation
bias that increases with the true DE value. Regardless of the
trend and the true DE level, the estimates provided when a
daily frequency is chosen are not statistically different from the
true DE value. At first glance, this seems in line with Barber
t al.’s (2007) assertion that without resource constraints, a daily
requency should be chosen. However, in the first simulation,
ecisions to sell a position (or not) are made every day by the
achine, while in the real world, most retail investors do not
onitor their portfolios daily. It seems strange to consider an

nvestor’s decision to keep a winner/loser position on days when
he investor is not even aware of the evolution of his positions.
o account for this, a parameter related to the connection rate is
dded in the second simulation.

.2. Second simulation

The goal of this simulation is to assess how monitoring in-
ensity or the frequency at which the investor makes a decision
ffects the DE estimation. The exercise relies on 250 iterations
ivided into five groups of equal size across which the daily con-
ection probability varies. In the first group, a daily connection
s assumed for the three investor-types, but for every other 30-
teration group, connection probabilities of 50%, 20%, 10% and
% for every investor-type are considered. Whether an investor
onnects to the trading platform is randomly determined for each
ay. An investor is able to trade on a given day only if he connects
o the platform.

In addition to computing Odean’s DE with daily (D) and sale-
ased (S) frequencies used so far to determine and count paper
ains and losses, I also compute this measure based on the
onnection frequency (C) since the simulated data allow a clear
dentification of the days where a connection was randomly
etermined. Each panel of Table 10 refers to a given connection
rate. In Panel A, the results associated with connecting every
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Table 11
Hazard model estimates and the connection rate.
Connection Rate DE = 0% DE = 10% DE = 20%

TGI TLI TGI TLI TGI TLI

Value 1.000 1.000 1.400 0.714 2.000 0.500
5% 1.006 1.066 1.563* 0.694* 2.228** 0.478**
10% 1.020 1.012 1.482 0.699 2.134* 0.483*
20% 1.027 0.987 1.453 0.701 2.058 0.494
50% 0.995 1.012 1.464*** 0.689*** 2.117*** 0.475***
100% 1.006 0.995 1.510*** 0.665*** 2.277*** 0.442***

Notes: The TGI (TLI) columns report the hazard ratios associated with the trading gain (loss) indicator in a Cox proportional hazards
model. Value provides the parameter value based on the true DE level used in the simulation. The columns (DE = x) refer to the
specific DE values used in the simulation. The hypothesis that the average estimate is equal to its Value is tested. Significance levels
are ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01.
day are similar to those in Table 9, and the DE measures using
the D and C frequencies are thus identical and perform well.
The next panels show that the daily frequency recommended
by Barber et al. (2007) is sometimes the worst solution. When the
onnection probability is low, the ‘‘daily-frequency’’ ratio is often
ignificantly lower than the true DE value (approximately the
rue DE value multiplied by the connection probability). When
ounting the paper gains and losses, an arbitrary choice regarding
he frequency may bias the results more seriously than Barber
t al. (2007) suggest. Actually, Barber et al. (2007) are right when
hey claim that comparing different DE estimates across large and
mall investors (with some correlation with trading frequency)
s difficult, but they seem to be wrong when suggesting that
onsidering a daily frequency when counting the paper profits
olves the problem.
Consequently, counting paper profits on connection days may

e preferable but this information is rarely available in the
atasets provided by brokerage firms.14 Moreover, many in-
estors may monitor their positions on any financial website and
onnect to the platform only when they need to trade. Based
n these arguments, a practical choice could be to count paper
rofits on days when some trading activity was observed for the
ccount (e.g., trading, order submission) since it seems reasonable
o assume a good correlation between monitoring frequency and
rading activity.

Luckily, hazard models provide a much better solution to this
onitoring frequency problem. They are designed to model event
ccurrence data. In a way, the monitoring frequency, connection
ate and typical holding period of stock positions are individual
abits that can be captured through the baseline hazard function
h0(t)). This is the hazard function obtained when all covariates
re set to zero. The estimates obtained for the hazard function
rovide information about how the presence of nonnull covari-
tes (e.g., a trading gain indicator equal to one) may impact the
azard of selling the position.
Using data from the second simulation, I estimate two simple

ox proportional hazards models based on Eqs. (11) and (12).
ach of them includes only one covariate, a trading gain/loss
ndicator. Table 11 reports the hazard ratios obtained with these
imple Cox proportional hazards model specifications. First, it is
triking how the estimates are stable across the five connection
requencies, for any of true DE values considered. An ANOVA
hows that the equality of the model parameters (whether TGI or
LI) across the five connection rate categories cannot be rejected.
his means that this approach gives results that are not sensitive
o the connection rate. Second, when the DE value used in the
imulation is zero, the hazard ratios associated with TGI or TLI are

14 To my knowledge, the only exception is the dataset used by Dierick et al.
2019).
13
close to one. Indeed, the estimates do not differ statistically from
zero (even at a significance level of 10%). Third, Table 11 reports
hazard ratios for TGI (TLI) that are increasing (decreasing) with
the DE value used in the simulation, in line with expectations.
I test whether all these hazard ratios are statistically different
from the expectation based on the true DE used in the simulation.
If we look at the column associated to TGI for an investor with
a 10% DE and a connection rate of 10%, the estimate (1.482)
is not statistically different from 1.4 (i.e., 35%/25%), the hazard
ratio that should be obtain based on the hypothesis of a 10%
DE used in the simulation. However Table 11 shows that some
estimates statistically differ from the expected values (1.4, 0.714,
2 and 0.5 for the last 4 columns, respectively) but these estimates
are quite close. Let us remember that the DE is generated as a
higher probability to sell winners compared to losers, which is
exactly how Odean computes his measure. Despite this, hazard
models outperform Odean’s measure. Let us take the example
of an investor who is monitoring her portfolio every two weeks
(connection rate = 10%) and whose DE is 20%. Based on the
results reported in Table 11, the investor is likely to have an
estimated probability to sell at gain (at loss) slightly higher that
40% (slightly lower than 20%). For example, these probabilities
could be equal to 40.8% and 19.12% (= 40.8%/2, 134 in order to
respect the hazard ratio). This is quite close to the true numbers
and would mean an estimated DE of 40.8%−−19.12% = 21.88%.
Compared with Odean’s results reported in Table 10, it is a better
estimation of the true DE, except when the actual timing of
investor’s decisions is known (which never happens in the real
world).

All these results confirm that hazard models are appropriate
to the disposition effect measurement, especially when individual
investors exhibit very different behaviors in terms of portfolio
monitoring and/or trading frequency.

6. Conclusion

The disposition effect has been 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 the measurement issue, and most of the time,
no clear argumentation has been proposed for the use of a given
approach. This paper aims to show how important the choice of
measure and the implementation of this choice are.

The first contribution to the literature relies on an exhaus-
tive analysis of different empirical approaches to the DE mea-
surement. These approaches are based either on ratios or on
econometric models but, while they are supposed to measure the
same bias, the different measures are often weakly correlated.
I show that Weber and Camerer’s (1998) measure is sensitive
to market trends and that Odean’s (1998) measure and a logit
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nalysis of cross-sectional differences in the DE.

W&C OdeanAll OdeanS LogitAll LogitS Cox TGI Cox TLI

Intercept 35.110*** −0.440 27.051*** −0.009*** 0.263*** 14.452*** 0.281***
Literacy −0.400 −0.445*** −0.775** −0.002*** −0.010*** −0.520*** 0.008
Activity −1.349*** 1.135*** −1.142*** 0.010*** 0.000 −1.371*** 0.063***
Age −0.022 −0.025*** −0.077*** 0.000*** −0.001*** 0.014** −0.001**
Gender −2.269** −0.372** −1.361** −0.001* −0.008* −0.971*** 0.034***
Portfolio size 0.461*** −0.126*** −0.266*** −0.001*** −0.004*** 0.076*** −0.007***
R2 0.013 0.064 0.027 0.137 0.078 0.020 0.034

Notes: This table reports the results (OLS model estimates) of the analysis of cross-sectional differences in the DE. The dependent variable is one of the alternative DE
measures. Literacy is a dummy variable associated with investor financial literacy. This dummy equals one when the investor assesses himself as financially literate
(levels 4 or 5 on a scale from 1 to 5, indicating that an investor has good knowledge of financial markets and financial experience and has thoroughly mastered all
aspects of financial markets) or zero otherwise. Activity refers to the natural logarithm of the number of trades recorded for the investor during the whole sample
period. Age is the investor’s age in January 2008. Gender is a dummy that equals 1 for a man and zero otherwise. Portfolio size is the average number of stocks held
n the investor’s portfolio. Significance levels are ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01.
regression approach could lead to different results depending on
the frequency at which the paper gains and losses are determined
and counted. While this frequency should accurately reflect the
frequency at which investors make their decisions, the latter can
never be observed. Login data are rarely available and, when
they are, they do not allow to estimate the accurate timing of
individual investors’ decisions. Indeed, investors may connect on
the internet and decide to hold their positions without loging to
the trading platform.

Second, this paper provides some methodological insights re-
garding how cross-sectional differences in the disposition effect
should be analyzed, especially when the DE measure itself maybe
mechanically linked to a variable that is considered as a potential
factor affecting the DE. The pitfalls are illustrated through a
partial replication of Dhar and Zhu’s (2006) study. My results are
rather in line with theirs but are more robust. Using an approach
based on hazard models, I show that financial literacy and trading
activity slightly mitigate the DE.

Last but not least, I show that hazard models are the most
suitable for measuring and analyzing the disposition effect. They
have an enormous advantage over other approaches since they
rely on a baseline hazard function that accounts for how long an
investor (or a group of investors) typically holds a position. Using
a simulation, I show that thanks to this baseline hazard function,
hazard models can be estimated identically for any individual,
be it a day trader or a typical retail investor who monitors his
portfolio very infrequently. Unlike other measures, hazard models
do not require any assumptions about whether an investor makes
a decision every day, once a week or only on selling/trading
days, and the hazard ratios of the trading gain/loss indicator
estimated using hazard models are not sensitive to the frequency
at which investors make their decisions. For each investor (or
group of investors), the hazard function provides information
about how a change in a given explanatory variable affects the
conditional probability of selling a position compared with the
typical probability represented by the baseline hazard function.
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Appendix A. Cross-sectional differences in the disposition
effect

Dhar and Zhu (2006) regress individual Odean’s (1998) mea-
sures on some covariates, such as trading activity and control
variables, to examine cross-sectional differences. As clearly
shown by Feng and Seasholes (2005), the main issue with this
approach is that the DE measure itself may be mechanically
linked to the behavioral variables that are considered as potential
factors affecting the DE. In their example presented in Appendix
D, Feng and Seasholes (2005) focus on how portfolio size may
affect several ratio-based measures.

This appendix provides another illustration of this issue and
shows how the conclusions may differ entirely depending on the
DE measure used. OLS regression models are used and only differ
in terms of the dependent variable:

DEi = β0 + β1X1 + · · · + βpXp (13)

The dependent variable is one of the alternative measures and I
use covariates referring to self-assessed financial literacy15 and to
activity (measured by the logarithm of the total number of trades
by the investor) as well as some control variables (age, gender,
and portfolio size).

The results in Table 12 show that this kind of analysis is risky
when the measure used as the dependent variable is sensitive to a
change in some covariates. This observation is striking when we
look at the estimates associated with Activity in the alternative
models. Conclusions based on this approach may be contradic-
tory, and this is particularly the case with Odean’s (1998) mea-
sure with different frequencies at which paper gains and losses
are counted. From this illustration, it is important to note that
the analysis of cross-sectional differences in the DE should rely
on a multivariate approach rather than any approach based on
individual DE measures.

Appendix B. Other results using hazard models

In Section 4, Table 7 reports the results obtained with different
Cox proportional hazard model specifications. These models are
enhanced through the incorporation of random effect terms to
account for within-investor characteristics that affect the hazard
of the occurrence of the sale decision. Table 13 reports the results
obtained with the same Cox proportional hazards models without
random effects. Instead, robust standard errors are computed.
Most of the results are in line with what Table 7 shows, except
the estimate for the TGI * Literacy interaction term in Model G7.

15 Dhar and Zhu (2006) use proxies for financial literacy (i.e., income and type
of occupation).
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Table 13
Estimates from Cox proportional hazards models with robust standard errors.

Model 1 Model 2 Model 3 Model 4 Model 5

Panel A: Models including a trading gain indicator
Gain 1.10*** 1.09*** 1.14*** 1.55*** 1.56***

2.99 2.98 3.12 4.69 4.75
Literacy −0.17*** 0.01 −0.14***

0.85 1.01 0.87
Activity 0.30*** 0.34*** 0.35***

1.34 1.40 1.42
Gain ∗ Literacy −0.07*** −0.03

0.93 0.97
Gain ∗ Activity −0.08*** −0.08***

0.92 0.92
LR test 153451.84*** 229921.96*** 153716.71*** 228144.32*** 231459.99***
Number of observations (Investor x Stock Position x Day): 159,357,416

Panel B: Models including a trading loss indicator
Loss −0.59*** −0.58*** −0.62*** −1.33*** −1.33***

0.56 0.56 0.54 0.26 0.26
Literacy −0.16*** −0.04** −0.15***

0.85 0.96 0.86
Activity 0.30*** 0.24*** 0.25***

1.34 1.27 1.28
Loss ∗ Literacy 0.06** −0.01

1.06 0.99
Loss ∗ Activity 0.14*** 0.14***

1.15 1.15
LR test 42327.67*** 118532.31*** 42493.09*** 119708.54*** 122709.99***
Number of observations (Investor x Stock Position x Day): 159,357,416

Notes: This table reports the results for ten different specifications of Cox proportional hazards models. No random
effect is included here, but robust standard errors have been computed. The five models in Panel A include a trading
gain indicator (Gain) while the models in Panel B include a trading loss indicator (Loss). For each independent
variable included in a given model, the first row reports the parameter estimate and the associated hazard ratio
appears on the next row. Gain (Loss) is a dummy variable that equals 1 when the position is at gain (loss) and
zero otherwise. Literacy is a dummy variable that equals one when the investor assesses himself as financially
literate (levels 4 or 5 on a scale from 1 to 5, indicating that an investor has good knowledge of financial markets
and financial experience and has thoroughly mastered all aspects of financial markets) or zero otherwise. Activity
refers to the natural logarithm of the number of trades recorded for the investor during the whole sample period.
Gain/Loss ∗ Literacy and Gain/Loss ∗ Activity are interaction terms between the trading indicator (Gain or Loss) and
Literacy and Activity, respectively. LR test refers to the log-likelihood ratio test (comparison with the null model).
Significance levels are ∗p<0.1, ∗∗p<0.05, and ∗∗∗p<0.01.
Appendix C. Supplementary data

Supplementary material related to this article can be found
online at https://doi.org/10.1016/j.jbef.2021.100468.
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