N

N

Overconfidence and disposition effect in the stock market: A
micro world based setting

Cristian Trejos, Adrian van Deemen, Yeny E. Rodriguez, Juan M. Gomez

» To cite this version:

Cristian Trejos, Adrian van Deemen, Yeny E. Rodriguez, Juan M. Gomez. Overconfidence and disposition
effect in the stock market: A micro world based setting. Journal of Behavioral and Experimental Finance,
2019, 21, 61-69 p. <hal-02312273)

HAL Id: hal-02312273
https://hal.science/hal-02312273v1

Submitted on 22 Oct 2021

HAL is a multi-disciplinary open access archive L’archive ouverte pluridisciplinaire HAL, est des-
for the deposit and dissemination of scientific re- tinée au dépoét et a la diffusion de documents scien-
search documents, whether they are published or not. tifiques de niveau recherche, publiés ou non, émanant
The documents may come from teaching and research  des établissements d’enseignement et de recherche
institutions in France or abroad, or from public or pri- francais ou étrangers, des laboratoires publics ou
vate research centers. privés.

Distributed under a Creative Commons CC BY-NC 4.0 - Attribution - Non-commercial use - International
License


https://hal.science/hal-02312273v1
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://hal.archives-ouvertes.fr

Version of Record: https://www.sciencedirect.com/science/article/pii/S2214635018300418
Manuscript_f5b2cfdf846ca656d5f2cca55197af32

Over confidence and disposition effect in the stock market:

A Micro world based setting

Cristian Trejod
Emlyon Business School
Lyon, France
taborda@em-lyon.com

Adrian van Deemen
Radboud University,
Nijmegen, The Netherlands
a.vandeemen@fm.ru.nl

Yeny E. Rodriguez
ICES University,
Cali, Colombia;

yerodriguez@icesi.edu.co

Juan M. Gémez
ICES University,
Cali, Colombia
jmgomez@icesi.edu.co

October 2018

! Corresponding Author.

1

© 2018 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


http://www.elsevier.com/open-access/userlicense/1.0/
https://www.elsevier.com/open-access/userlicense/1.0/
https://www.sciencedirect.com/science/article/pii/S2214635018300418
https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S2214635018300418

DRAFT — DO NOT CITE OR DISTRIBUTE WITHOUT PERMISSION

Overconfidence and disposition effect in the stockarket:

A Micro world based setting

Abstract

Modern financial theory relies on the rationalitgsamption of investors even though,
evidence suggests that market investors are affebte behavioural biases such as
overconfidence and disposition effect. Overconftdewestors perceive situations better
than what they actually are, while investors eximbi disposition effect tend to dispose
winner shares and keep loser ones. However theretislear causal relationship between
both biases. We contribute to the literature almwatrconfidence and its relationship with
the disposition effect, using a simulation modeenfnamed micro world,representing an
artificial financial stock market.Wepropose a melblogy combining qualitative (QCA)
and guantitative(Logistic Regression) techniquesdoelate transactions’ outcomes with
investors’ characteristics. Results suggest tharamnfidence is explained by gender,
career and education level, while age, nationadihg profits are not significant variables.
We also confirm that investors exhibiting dispasiti effect are more prone to be
overconfident.

Keywords: Behavioural Finance, Overconfidence,Dispositione&ff Microworld, QCA,
Logistic Regression.

JEL Classification:G41, C91.

1. Introduction
Modern financial economics assume that people lehath extreme rationality, but

evidence suggeststhey may not. Furthermore, pengéiations from rationality are often
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systematic in practice.Attempting to explain thishavioural finance relaxes the traditional
assumptions of financial economics by incorporatoigservable, systematic, and very
human departures from rationality into standard emdf financial markets (Brad M

Barber & Odean, 1999).

Behavioural finance studies the influence of psyoiwp on the behaviour of financial
practitioners and its subsequent effect on the etardor explaining why and how markets
might be inefficient(Sewell, 2007). This fieldinparates social cognitive and emotional
biases to understand economic decisions and mhbsily such decisions affect market
prices, returns, and allocation of resources. prisarily concerned with the rationality
assumption of economic agents given that invesdtargrey to their own and sometimes
others’ mistakes due to the presence of emotiontherr financial decisions(Chandra,

2008).

There is wide research about specific biases aifgthe behaviour of investors. For the
purposes of this research, we only focus on ovéidemce and disposition effect. Given
that there are two common mistakes investors mgkexcessive trading caused by
overconfidence, and ii) the tendency to dispropogtely hold on to losing investments
while selling winners which means those exhibititg highest returns cause by the

disposition effect (Barber & Odean, 1999).

Overconfidence does not necessarily mean that pewplignorant or incompetent. It rather
means that their judgment and estimation of a tttnas considered to be better than it
actually is(Pompian, 2006), and several studiesehslrown that people tend to be

overconfident in their financial decisions (Fiscfftret al, 1977).



DRAFT — DO NOT CITE OR DISTRIBUTE WITHOUT PERMISSION

In the particular case of financial markets, a camnrait among investors is a general
overconfidence of their own ability when it comesrivesting in shares and deciding when
exit a position(Subash, 2012).Nawrocki & Viole(2)believe that one would generate a
better understanding of financial market behavidusne does not strictly consider the
rationality assumption. This is the case of a comrmoeancial market anomaly known as

disposition effect.

The disposition effect is characterized as invasstommonly disposing winning shares and
keeping losing ones, this due to their unwillinghés recognize loser shares.And in fact,
the disposition effect describes a desire for itorssto realize gains by selling stocks that

have appreciated, but to delay the realizatiosdés (Statman et al, 2006).

However, there is still a vague quest when it cortwestudy the relationship between
overconfidence and disposition effect. There is agteement in which degree one bias
could be explained in function of the other. Andcase that there is not degree to explain

one in function of the other, the question is howe could test their independency at all.

We believe that both biases do not act indepenglandll. In fact, given that overconfident
investors tend to exhibit high trading volumesstl@ads to changes in demand increasing
prices, and such increase allows investors to perd¢egher returns in the eventual case of
selling their shares, which is in line with thembsition effect meaning that investors tend
to sell winners and perceiving the appreciationsthair investments will boost their

overconfidence.

In this research,we developed a micro world sinmdat financial stock market which

generates primary data about investment dynamidkeofparticipants. It is important to
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highlight that although micro worlds are relativedymple, they embody the essential
characteristics of real world. And the main diffece with a regular experiment is that the

settings under which the micro world is conducted simulation of reality.

This empirical data allows us to create a proxyalde for measuring overconfidence as a
function of excessive trading, and a proxy varidblethe disposition effect as a function of

winner and loser shares according to Weber & Can{2898).

Our contribution to the literature on overconfiderand its relationship with the disposition
effect relies on the methodological proposal tloauses on in cascadingthe results of the
micro world. Wefirst use them for conducting a Quaéive Comparative Analysis (QCA)
to identify configurations in terms of causal cdrmadis that produce a type of outcome in
this case overconfidence. Then, with the resultthefQCA we use Logistic Regression
Analysis to quantify the effect of those causal dibons as independent variables
explaining overconfidence, plus inquiring about hdhe disposition effect affects

overconfidence.

It is important to highlight that in this study tliiegg advantage of using QCA is that it
allows to establish cross-case patterns taking astmunt the heterogeneity of the cases,
with respect to their different conditions, and @amng them as configurations (Ragin,
2008). Therefore, the data from the micro worldésng evaluated in an individual way,

before conducting the regression analysis.

This paper is organized in fivesections. Sectiooprevides the necessaryliterature review
to providetheoretical background onthe conceptevafrconfidence and disposition effect

and attempts to relate both biases. Section threetaims the methodology we
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proposeSection four presents the results and discussiahfinally, section five concludes

about the outcome of this research and proposesefuesearch.

2. Literature Review

People use simple mental strategies or heuristicope with the complexities of making
estimates of probabilities and these heuristics stanetimes provide good estimates and
reduce the effort required by the decision makeswdver they can also lead to
systematically biased judgments, and particulaggarding financial decisions, it could

lead to serious loses (Goodwin & Wright, 2014).

Barber & Odean (1999) highlight two common mistakegestors make: i) excessive
trading caused by overconfidence, and ii) the teagdo disproportionately hold on to
losing investments while selling winners which me#émose exhibiting the highest returns
cause by the disposition effect. This section nesi¢hese twoconcepts and it also reports

current research relating them.

2.1 Overconfidence

The concept of overconfidence derives from a labgely of cognitive psychological
experiments and surveys in which subjects, ovenasé both their own predictive abilities
and the precision of the information they have bgeen. People are poorly calibrated in
estimating probabilities of events they think aegt&in to happen. In short, people think

they have better information than they actually do.

Overconfidence does not necessarily mean that iotheils are ignorant or incompetent,
rather, it means that their judgment and estimaioa situation is considered to be better

than what it actually is (Pompian, 2006).
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Bar-Yosef & Venezia (2006)distinguish three maipdy of overconfidence. The first type
Is overprecision or calibration of probabilitiesedple are overconfident if the precision of
their estimate is too high, or put differently lifety attach too low probability to the event

that they may be wrong (Alpert & Raiffa, 1982).

A second type of overconfidence is overestimationoptimism. Researchers find that
people overestimate their ability to do well onkisthey are unrealistically optimistic
about future events, they expect good things tqpéago them more often than to their
peers and they are even unrealistically optimigbout pure chance events(Bar-Yosef &

Venezia, 2006).

The above is linked to the third type of overcoafide is overestimation or over placement.
Most individuals see themselves better than otkeesthem(Biais et al, 2004). People rate
their abilities and their prospects higher thansth@f their peers. This refers to an
inclination to overestimate performance either amparison with the actual performance
or in comparison with the performance of other&fna et al, 2017).In this research, we

study the third type of overconfidence as overediom of investors in the stock market.

Chandra (2008) explores the impact of behaviowaeloks and investor's psychology on
their financial decisions, examining the relatiapshetween investor’s attitude towards
risk and behavioural decision making. Findingsestaat unlike the classical finance theory
suggests, individual investors do not always malt®mal investment decisions and their
investment decision-making is influenced, to a gexdent, by behavioural factors leading
to biases such overconfidence which must be takém account as risk factors while

making investment decisions.
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A major consequence of overconfidence was foun8dmper & Odean (1999)which state
that overconfident traderstend totrade high volymassing that on average these investors
receive significantly lower yields than the markBtsychologists have determined that
overconfidencecauses people to overestimate thmwledge, underestimate risks, and
exaggerate their ability to control events. Andastments in the stock market is precisely
the financial task at which people exhibit the ¢getoverconfidence(Baker & Nofsinger,

2002).

Interestingly, researchers explain the presence owérconfidence by individual
characteristics of investors such as age, educatioame, investment portfolio, and other
demographic factors (Bar-Yosef & Venezia, 2006; BBdrber & Odean, 2001). However,
before explaining this bias, the quest relies invlto measure it. Several studies have
mainly used three measures: i) intervals of comitee ii) stock turnover rate, and iii) actual

average number of transactions.

2.1.1 Intervalsof confidence
Intervals of confidence highlight in the literatuas a popular measure for overconfidence.
However, this usual way of measuring overconfidemecst be treated with caution (Glaser

& Weber, 2007).

Intervals of confidence require decision makergrtwvide lower and upper bound estimates
of answer about several binary choice general kedgd questions (Blavatskyy, 2009).
Subjects are instructed to state intervals suchtti@r own confidence is between these
stated bounds, subject to a confidence Ilevel that requested by the

experimenter(Langnickel & Zeisberger, 2016).
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A typical finding when using confidence intervalsthat subjects appear overconfident for
difficult questions (percentage of correct answéelow approximately 75%) and

underconfident or well calibrated for easy quedidBlavatskyy, 2009). This became
known as the hard/easy effect (Fischhoff et al.77)9which can be eliminated when
researchers carefully control for the scale endotsf (the upper and the lower bound on

confidence scores) and linear dependency (Juséh 2000).

In addition, recent studies have shown that growfik different requested confidence
levels achieve the same average hit rate becaesedi not adjust the width of their
interval estimates (Teigen & Jgrgensen, 2005). hetkgl & Zeisberger (2016) confirm
weaknesses of the interval measure, and they shawdecision makers not even adjust

their frequency judgments to different levels cdafice requested.

2.1.2 Turnover Rate

In recent years and in the context of financialisieas, overconfidence has been measured
by excessive trading. Theoretical models are sidéd to predict that overconfident
investors will trade more than rational investdi$aser & Weber (2007) directly test this
hypothesis by correlating individual overconfidesceres with several measures of trading

volume of individual investors.

Brad M. Barber & Odean (1999), showed for a largengle of individual traders that
overconfident investors trade more than what itateonal and that doing so, lowers their
expected utilities. The authors argued that thermston the individuals' portfolio did not
justify the high transaction costs. Moreover, tiseiggested that the returns on stocks that

the investors purchased, were lower than those #wg to make those purchases.
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However, there is uncertainty about whereas indrsatof overconfidence could be
symptoms of other biases. And moreover, the dedmiof excessive trading is somewhat

nebulous(Bar-Yosef & Venezia, 2006).

In this way, the stock turnover rate seems a dgit@boxy variable for the level of

overconfidence (Brad M Barber & Odean, 1999; Od&888; Statman et al., 2006), which
is calculated for each period, and then averagesetialues for each investor. The main
disadvantage of this measure is that the averagewer rate would be the same for each of
the investors. If then, the average turnover rateised to rank the overconfidence of
investors, then investors are likely to be ideatlfiwith the same characteristics and
grouped together. However, a given investor migigspss certain information in a period,

which would explain the large number and high cotregion of the transactions.

2.1.3 Actual average number of transactions

Another criterion used to rank and classify therowefidence of investors is the actual
average number of transactions proposed by Ho {200His measure consists of the
division between total number of transactions drelactual number of active periods with
transactions. Investors with frequent trading angestors with general trading will not be
classified into the same group, which should migghe frequency of type | and type I

errors Ho (2011).

Ho (2011) proposes to replace the turnover ratén \lie actual average number of

transactions - AANT:

YT, Number of Shares

Number of active periods

AANT =

(1)



DRAFT — DO NOT CITE OR DISTRIBUTE WITHOUT PERMISSION

In sum, overconfidence is not an explicit trait,daboth questionnaire surveys and
laboratory studies are subject to errors (Deaveg @009; Deaves et al 2010). Reason why
we believe that using the actual average numbaraatactions as a proxy for measuring

this bias allows us to characterize overconfidesfcgtock market investors.

2.2 Disposition Effect

Another common bias that afflicts individual inv@st when they sell stock from their
portfolio is called the disposition effect. Supp@seinvestor holds two stocks. One of the
stock has increased its value (Winner) and theratoek has decreases its value (Loser),
both compared to its respective initial price. Aysible way to formulate the selling choice
Is that the investor could account to sell the winstock as a successful investment for
his/her own records, or alternatively, the investould account to sell the loser stock as a
failure for his/her investment records. If sellisigpck is framed as a choice between giving
the investor pleasure or causing pain, once caydlsat the investor may certainly sell the
winner rather than the loser(Kahneman, 2011).Ttepadition effect is an instance of
narrowing framing. The investor expects gains iarginvestment he/she makes. However,
a rational agent would have a comprehensive vietheportfolio and sell the stock that is

least likely to do well in the future, without catering whether it is a winner or a loser.

Disposition effect is a common irrational behavidbat investors exhibit in the stock
market (Ho, 2011), and while prospect theory suggie® hypothesis that investors display
a disposition to sell winners and ride losers, daad financial theory suggests the

opposite(Shrefrin & Statman, 1984)

10
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Kahneman & Tversky (1979) offer an explanationtfoe disposition effect. These authors
find that people express an attitude of risk aeersvhen facing profit, but a risk-seeking
attitude when facing loss. Their subsequent rekeaso finds that people value loss twice

as highly as they do profit, clearly demonstratimat people exhibit loss aversion.

To measure the disposition effect, Weber & Cam@r@®8) proposedthe following proxy:

_ S4=S_

DE =
Sy+S_

(2)

This proxy defines a disposition coefficient forckasubject calculated as the difference
between winners, and losers_sharessold, normalized by the total number of sheoél.
If the disposition coefficient is zero or negativee can say thatthere is not disposition

effect and if it is positive one can say that tigpdsition effect exists.

2.3 Relationship between disposition effect and overconfidence

Odean (1998) finds that the overconfidence causesstors to behave irrationally, which
leads to poor performance, and concludes that owédent people often suffer
considerable costs and losses. On the other hagarding the disposition effect,Statman et
al (2006)found that turnover rates of stocks args laf stock returns present significant
positive correlation in the context of financial mkets in USA. This implies a relationship
between both biases however there is not cleaeaeslabout their relationship in terms of

causation.

Ho (2011) uses as depend variable the disposiffestevhich is explained by the level of
overconfidence and other variables. One of the thgsis is that the disposition effect is

more significant in traders with higher degreeswdrconfidence, and findings suggest that

11
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there is a difference in the disposition effect amonvestors with different levels of
overconfidence and in fact, there is a positiveaation between the degrees of confidence

and the disposition effect.

Other studies have focused on each bias in a depaveny. Barber & Odean (1999) tested
both biases separatelyusing secondary data sets tweg found, that as
predicted,investorstend to sell their winners amdiitbeir losers. They also found that

because of overconfidence,investors trade to datirment.

In both cases, the behavioural theories testedr affeightsinto trading volume. The
disposition effect saysthat investors will gengraade less activelywhen their investments
have lost money while overconfidencetheory suggéstisinvestors will trademore actively

when their overconfidence is high.

It seems that both overconfidence and dispositiasds explain the positive relationship
between trading activity and returns. Positive metdead to an increase in trading volume
and this boosts the confidence of investors, wthte disposition effect, also implies that
volume follows returns, because investors are tehido sell after accruing poor returns,

and also eager to lock in gains after an increasgock prices.

Hence, both the overconfidence and disposition ceffecould result in a positive
relationship between trading activity and priomraes. One particular consequence of this
is that it is quite difficult to empirically diffentiate between the overconfidence and
disposition effects based purely upon a positiverre-volume relationship(Chou & Wang,

2011).

12
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It seems that there is still a vague quest wherortes to study the relationship between
overconfidence and disposition effect. First, wender until which degree one bias could
be explained in function of another bias. Also, ethis the right causal relationship. And in
case that there’s not degree to explain on bidgnaotion of the other, the question is how

one can test their independency at all.

3. Data and Methods

This section contains four subparts. First, we &ixpthe methodological approach named
microworlds and we present its characteristics.oBec we describe the sample and

software used in this study. Third, we discussdh& collected and measures used, and
finally, we present the description of QCA methadpyl application, explaining the inputs

used in QCA and logistic regression.Figure 2 oatliour methodological approach.

Microworld

]

Logistic
Regression

Analysis of Necessary
Conditions Independent
Gender, Level of Education, variables

Career, Age.

Configuration of causal .
. Different Models
conditions

Figure 2: Methodology of analysis

3.1.MicroWorlds

13
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Micro worlds are simulation models that allow usgrsmake decisions and observe the
effect of such decisions through several perforraandicators, and then allowing them to

make a new decision for several periods(Morecl®&88; Senge, 1990).

The use of micro worlds, represents a compromidevdsn experimental control and
realism, and it enables researchers to conductriexpetal research within the dynamic,
complex decision-making situations that characterdynamic decision making and

complex problem solving (Funke, 1995).

Microworlds provide the experimental control neededlevelop explanations of decision
making processes rather than task specific degmmgpbdf decision making, and thereby can
lead to results that are generalizable across i@tyanf dynamic decision-making tasks
(Gonzalez et al, 2005). In fact, micro worlds h&een hailed as tools that bridge the gap

between laboratory and field research (Brehmer &g 1993).

In our particular case, the micro world is a repregation of an artificial financial market

with the following characteristics:

* There is capital market withh = 2 risky assets, each with random rates of return.

* The investor joins the market at time 0 with anighiwealth W=10.000 euros, and can
allocate either all or part of it among the twoedssn order to maximize its return.

» The investor is only interested in composing afpba and under the settings of this
micro world, the shares acquired in the periocetartomatically sold at market price in
the timet + 1.

« The wealth can be reallocated among the two asdédtse beginning of each of the

following t consecutive time periods.

14
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e The rates of return of the risky assets at timdthiwthe planning horizon are denoted
by a vector* = [r{*, 13}, ..., 1]’

e The time frame for the investmentsis- 1, ....,13.

e Time series data was collected for two companieswhill be named A and B. This is
real information from the two big companies in thmerican stock market and the

information ranges from June 2018 May 2017(See Figure 1

The historical information is presented to the ipgrants and then they must decide the
guantity of shares to buy in case they want to shvAfter the participant inserts the
guantity of shares desired to buy, the next pestaits and the returns of the previous
period are presented. It is important to highlighdt this is not a simultaneous setting in
which prices adjust given demand and supply, s@tlees for the 13 periods of the micro

world were forecasted using an ARIMA pricing model.

T T T T

0] 10 20 30 40 50
Period

Figure 1: Historical Return for Share A and B

Share A Share B ‘

3.2.Sample and Software

! Period 1 in Figure 1
2 Period 47 in Figure 1

15
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The participants of micro world were mainly Bachel®laster, Ph.D., and Postdoc
students. We managed to gather 77 participant#ffefent latitudes of Latin America and
Europe. The micro worfiwas programmed and conducted with the softwarereaT

(Fischbacher, 2007), which is useful for developang conducting economic experiments.

The information provided to participants involvastbric information about the behaviour
of the price and the return of each share, theageeprice and return for each share,and
their current wealth. The decisions to be madehigyparticipants is about the number of
shares either A or B they want to buy in the mariketase they want to invest. Once they
made their decision, the application shows theltesif all variables for the current period.

The information is then updated for the followingripds.

3.3.Data collected, and measures used

The micro world allowed to collect primary data abthe characteristics of participants
and the decisions made by them in each of the sourtte demographic variables collected
were: level of education, age, gender, nationahtyy field of studies. The information

provided by each participant was the type and nurobghares bought in each period.

The measures that were calculated based on infarmattovided by the participants were:
actual average number of transactions, dummy Mariaiboverconfidence, and disposition

effect variable.

FollowingHo (2011), we calculated actual averageber of transactions for each share,
and with these numbers we proposed a scale of @vidence. Using this criterion, we

ranked and classified the overconfidence of invwastolf an investor exhibits

% In case you need to replicate this micro worlé, ghogram is available up to request.

16
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overconfidence for at least one of the shares,hbeis classified as overconfidence

investor.

Based on work of Weber and Camerer (1998), we oaetsd our own measure of the

coefficient of disposition effect in each period &ach investor, so:

DE(¢) = %Winner Sold, — %Losser Sold, 3
"~ %Winner Sold, + %Losser Sold, 3

We classify the two possible shares one as winnéitlze other one as loser by comparing
the percentage change in their return for petiedl. Once the winner and the loser are
chosen, we calculate tB8eWinner Sold,which is the percentage change of the winner
share sold in period t an@Losser Sold; which is the percentage change of the loser

share sold in period t.

In our micro world, the participants could only bsiyares in each period, and these shares
were automatically sold in periad+ 1. Therefore, considering that the selling decision
was not in the hands of the participants, and deoto still calculate a disposition effect,
we propose to analyse the percentage change axcthesition of shares of each type from
one period to the next one. If the percentage ahafghares bought from one period to the
next is negative, it is because the investor decidehave less of that specific share and we

assume this as a sale.
Although, in our case the disposition effect cary\feom one period to other, we have:

__(DE >0 DispositionEffect
DE(t) = {DE < 0 NoDispositionEf fect (4)

The interpretation of this measure is in the fagstMéeber and Camerer (1998).

17
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3.4.Methodology of Analysis

To explain overconfidence of investors and confitenconnection with the disposition
effect, we propose a methodology that involves (Qatale Comparative Analysis (QCA)
and Logistic Regression, which uses as input thegry data that has been generated using

the micro world.

Qualitative Comparative Analysis (QCA) is used tetedmine different configurations
composed by causal factors that produce the sameerna (overconfidence).QCA differs
from other data analysis methods in its focus.elgtof looking for the strongest net effect
or explanatory power of variables, QCA focuses owhdifferent conditions can be
combinedand whether there is only one combinatioeeweral different combinations of

conditions (causal recipes) of generating the saueome (Ragin, 2008).

The causal factors used are demographic varialfietheo investors. The quantitative
technique used (logistic regression)is used tanedéthe odds ratio on overconfidence of
each independent variable (causal factor) prewodsintified, plus the disposition effect to

assess its relationship with overconfidence.

3.4.1. Qualitative Comparative Analysis (QCA)
QCA is a technique that allows identifying diffeteconfigurations of factors (causal
conditions) that may lead to the same outcome(R&fl8). In this case, the outcome is

the overconfidencewhich is representedby a dummgblia.

There are three main advantages of this methodoleigst, QCA allows to study causal
conditions, which can be necessary or sufficientbath. Necessity and sufficiency are

indicated when certain set relationships exist.ddsity means that the outcome is a subset

18
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of the causal condition. While sufficiency meanatttihe causal condition is a subset of the
outcome. Second, QCA allows to identify differentribinations of causal conditions that
cause the same outcome. Finally, QCA facilitatésra of counterfactual analysis (Ragin,
2008). For this study, we use the fsQCA 2.0 soféwarhich is free software designed by
Ragin in 2008. This software is used to performzjuget analysis, it means QCA uses

variables that present membership scores to vawelea 0 and 1.

In our case, the causal conditions are gender,| leffeeducation, careerand age of
participants in the micro world. An important regument in QCA is the use of qualitative
variables. Given that the agewas a continuousMatiale did a logistic regression between
overconfidence the age and the age squared, im trdestablish a quadratic relationship.
We found that overconfidence and age showed anrtedeu-shaped relationship,
evidencing that overconfidence increases with Bgeto some extent, from which it begins
to decrease. We calculated this cut-off point drelvaluewas31 years old. Therefore, we
created for age, a dummy variable named minor3at thkes the value of 1 if the

participant is younger than 31, and zero in anothse.

A truth table sorts cases by the combinations afsah conditions, with some rows
containing many cases, and some rows just a fewoand cases. An algorithm based on
Boolean algebra is used to logically reduce ththttable rows to simplified combinations.
The number of rows is reduced considering: i) theimum number of cases required for a

solution, and ii) the minimum level of consisterafya solution.

The result of QCA is focused on identify differemnfigurations of causal conditions that

produce the same outcome. In our case, we used thasigurations as possible models in
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the logistic regression, to quantify the marginfié& on overconfidence of each causal

condition.

There are two measures of model fit: consistenay @verage. Consistency refers to the
degree to which cases correspond to the theorettationships expressed in a solution
(Fiss, 2007). Perfect consistency is shown withrex@f 1 while a score of O indicates
perfect inconsistency. A causal condition is ne@gsH its consistency score is higher than
0.9 (Schneider et al, 2010). Solution coverage oreasthe empirical importance of the
solution as a whole, while the raw coverage measthne explanatory power of an

individual configuration(Ragin, 2006).

According to Ragin (2008) a minimum consistencY & is sufficient to indicate goodness
of fit and a minimum coverage of 0.45 is necessamgvidence the empirical importance of

the solution.

3.4.2. Logistic Regression
In linear probability model stated by Wooldridgd1®), it is assumed that the probability
of response is linear in a set of paramef@rs\ class of binary response models follows

the form:

k=n
Py =11 =6 <Z ﬁkxl-k) 5)
k=0

Where G is a function that assumes values striityveen zero and one: 0 <G (z) <1, for
all real numbers z. This ensures that the estimadsgonse probabilities are strictly

between zero and one.
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Several nonlinear functions for the G function hdeen suggested to ensure that the
probabilities are between zero and one. The twbwiilhbe studied here are used in most
applications (along with MPL). In the logit modél,is the logistic function:

@D _ a6

G(2) = (1—exp(z)

Which is between zero and one for all real numberghis is the cumulative distribution

function for a standard logistic random variable.

4. Results
This study involved seven variables of interesatedd to overconfidence, age, gender,
career (social science), education level (postgrju location (Latin America and

Europe), and disposition effect. Table 1 presehéshain descriptive statistics of these

variables.
Table 1: Descriptive statistical analysis of samples
Variables Mean gtea:/?:?(;ﬂ Minimum Maximum
Overconfidence 0.75 0.43 0 1
Age 24.96 5.70 18 49
Gender 0.68 0.47 0 1
Social Science 0.79 0.41 0 1
Postgraduate 0.22 0.41 0 1
Latin 0.49 0.50 0 1
Europe 0.44 0.50 0 1
Disposition effect -0.15 0.70 -1 1

Given that the micro world was played by 77 paptarits, it is observed that 68% from
them were males. The average age of sample wase@5 wld and was concentrated
between 25 and 30 years old. Most of 88% of thégaaants were bachelor students from
the field of social science. And almost half of gegticipants were Europeans and the other

half from Latin America.
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4.1 Qualitative comparative Analysis — QCA

In the case of QCA we used four causal conditianexplain the outcome, which is the
overconfidence of participants in the micro worldhe causal conditions are the different
demographic variables: minor31, career (socialnegg education level (postgraduate),
and location (Latin America and Europe),

For these causal conditions defined in this re¢eave perform tests to verify consistency
or necessity of them. Table 2 presents this arsalfgsi all causal conditions that produce
high overconfidence bias on financial takers.

Table 2: Analysis of Necessary Conditions for OverconfideBias

Conditions tested Consistency Coverage
Postgraduate 0.24 0.82
~Postgraduate 0.76 0.73
Minor 31 0.53 0.74
~Minor 31 0.47 0.77
Gender (Male=1) 0.77 0.86
~Gender (Female=0) 0.22 0.52
Latin 0.48 0.74
Europe 0.45 0.76
Socials Science 0.83 0.79
~Socials Science 0.17 0.63

None causal condition is necessary because itsistensy score is lower than 0.9.

However, given that postgraduate, gender and ssciahce presents the highest values of
consistency, 0.76, 0.77 and 0.83, respectivelysegheausal conditions were chosen to
conform the configuration that explain the overidemce. Also, these variables were
chosen as independent variables in the logisticessgpn model.Table 3 presents the
configuration of causal condition for Overconfiderigias.

Table 3: Configurations of causal conditions leading OvafmEence

4 Following the QCA terminology and convention, the symbol (~) represents the negation of the
characteristic.
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Condition 1 2

Postgraduate
Gender (Male=1)
Socials Science

Consistency 0.82 0.92
Raw Coverage 0.24 0.62
Unique Coverage 0.16 0.53
Solution Consistency 0.76
Solution Coverage 0.90

Source: Authors’ elaboration based on software FSQCA.
Note: peripheral condition (present).The format of preisg the results from the fuzzy-set
analysis is based on Ragin & Fiss (2008).

The analysis suggests two configurations of cooildi that predict overconfidence
bias.This solution presents a consistency of Qrit¢cating a goodness fit. The coverage is

0.90 showing the empirical importance of the soluti

This solution can be written as a Boolean equatmn

Overconfidence = postgraduate + gender * social science (7)

In this equation,each additive factor representsoafiguration of causal conditions
associated with overconfidence. The star (*) regmessthe Boolean logic term AND. The

plus sign (+) represents the Boolean term OR.

Configuration 1 means thatoverconfidence is presknby investors that present
postgraduate studies, this result is according $bki & Metilda (2015), who foundthat

overconfidence increases with investment, expeei@ma education.

Configuration 2 means that overconfidence is exgldiby gender and social studies. In
this case, gender is one of the variables withnlest empirical evidence in the study of
overconfidence bias. In particular, Barber & Odg@001) found that the men are

overconfidence than women, and as mentioned by ili&Metilda (2015), the effect of
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overconfidence is stronger for men. In other wég investor's career would also have
effects on overconfidence bias, findings suggeat skudents in business related academic
disciplines (political science, law, economics dmasiness administration) exhibit the

highest confidence levels(Schulz & Thoni, 2016).

The solution consistency meets the threshold valu@2 and 0.92, respectively, indicating

that data adjust well to the configurations.

Given the necessary conditions analysis we chase thualitative variables that reported
the greatest consistency with the result of oveidence. Such variables were: i) gender,
i) postgraduate and iii) social science, whichl ik used as independent variables in the

logistic regression, which is presented below.

In is important to highlight that in addition toete three qualitative variables to explain
why an investor acts under the overconfidence lhascoefficient of effect disposition will

be analysed as an independent variable.

4.2 Logistic Regression
The benchmark logistic regression that we used was:
P(Overconfidence; = 1)
= [, + f1Postgraduate;; + [,Gender;; + 3Social Science;; + L4 DE; + € (8)

Where:
Overconfidence;,takes the value one if the participdmiresents overconfidence in at

least one of the shares, in the peripend zero in other case.

Postgraduate;takesthe value one if the participargresents education level higher than

Bachelor zero in other case.
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Gender;takes the value one if the participans male and zero in other case.
Social Science;takes the value one if the participartas a career related to social science

and zero in other case.

DE;refers to the Disposition Effect index proposedWegber &Camerer (1998). If the
value of the disposition effect for the participaim the period is negative, then one can
say that no disposition effect was observed, arttlafvalue of this index is greater than

zero then the disposition effect is present.

Taking into account that we have a panel data, sesl Hausman test in order to decide
between random and fixed effect estimators. Thasdempares thg obtained by means of

the fixed effects estimator and random effectsptiigng whether the differences between
them are significant or not. The result of this t@as that there is no correlation between
the individual effects and the explanatory variabl@dicating that the random estimator

must be chosen.

Table 4 presents the odds ratio resulting fromgasta regression with random effects.

Models 1 and 2 are estimated through a cross-settdata base using the configurations
resulting from the QCA, and model 3 is estimatethgighe data panel including the

coefficient for the disposition effect.

Table 4:Logit: Odds Ratio
Dependent variable: Overconfidence

Independent 1 2 3
Postgraduate 1.69 2.79 ***
(0.19) (0.61)
Gender 8.45 *** 9.34 ***
(5.49) (1.72)
Social Science 4.26 ** 5.27 ***

(3.10) (1.11)
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Disp Eff 1.21 %
(0.14)
Pseudo R2 0.01 0.17 0.19
Chi2 0.61  14.47 ** 163.08 **+
Log likelihood 4271 3579  451.98

*** p<0.001, * p<0.10. Standard Error in parentleesi
Model 1 is not significant, having only the eduoatl level as an independent variable we
cannot explain the probability that an investoribib overconfidence. On the other hand,
Model 2reports significant coefficients with a PdeuR’ of 17%, and gender mainly
explains the bias of overconfidence. This implieattthe probability that a man is
overconfident is 8.45 times greater than the proibalof a woman being overconfident.
Likewise, the probability of being overconfidenttbbse who have studied careers focused
on social sciences is 4.6 times greater than thbatility of those participants who have
studied carries from another field.
Model 3, in addition to the three categorical vbles selected, the disposition effect was
included, and the model adjustment improved, rémpr Pseudo Rof 19%. The variable
that continues to have the greatest explanatoryeposmains to be the gender with anodds
ratio of 9.34 followed by social science with andsdratio of 5.27. Unlike model 1,
including postgraduate variable in the complete eh@uves explanatory significance and
can be interpreted as the probability that investath postgraduate studies have 2.79 more
probability of being overconfidence compared to tikers. Regarding the disposition
effect, this is in line with previous studies, ahé probability of being overconfident is 21
percent higher in the investors exhibitingdispositeffect than those who do not.
All coefficients, excluding the disposition effexbefficient, are significant at 1%, and the

coefficient of disposition effect is significant 40%.Finally, we report the in table 5 the
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average marginal effects of all covariates forniedel 3. We can observe that the gender
Is an important determinant of overconfidence bisng a man increases the probability
of present the overconfidence bias by 32.6 percemipared to women. Keeping the other
variables at their means, an increase in the digpo®ffect coefficient generates that the

probability of an investor to be overconfident i8 percent higher compared to investors
without being affected by the disposition effect.

Table5 .Logit: Average marginal effects
of all covariates

Independent Variables Model 3
Postgrade 0.14963
Gender 0.32602
Social Science 0.24252
Disposition 0.02839
Effect

It is important to say that we did a logit modehigh was not reported in tables, this model
included all the independent variables we had ctdbk such as age, nationality, profits,
wealth and this model did not reach ahd® 0.21. Only increased the adjustment by 2%,
but at the same time some of the variables losir thignificance. Therefore, the

specification shown by the QCA analysis was the ehdlolat is more consistent with data

and theory.

5. Conclusions and implications
Much of the research discussed in the literaturéeve reports patterns regarding the
behaviour of financial market investors affected dyerconfidence in terms of their

excessive trading and disposition effect in terrhslisposing winner shares and keeping
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losers. However there is not agreement about theataelationship between these two

biases.

To contribute to research in the field, we haveetlgyed a micro world representing a
stock market in which participants make investnagtisions for a series of periods, plus
also demographic information about the participa@tsce the primary data was obtained,
we proposed a methodological approach involvindi@tike comparative analysis (QCA)
and quantitative techniques (Logistic Regressian)dentify and quantify explanatory
variables for overconfidence and characterisedtationship with the disposition effect.
Results suggest that overconfidence is explainedjdnder, career and education level,

while age, nationality, and profits are not sigrafit variables.

We believe that as mentioned in the literature ewyioverconfident investors tend to
exhibit high trading volumes, which leads to changedemand increasing prices, and such
increase allows investors to perceive higher reatimrthe eventual case of a selling shares,
which is in line with the disposition effect in vahi investors tend to sell winners and
perceiving the appreciations of their investmenil voost their overconfidence. And our
results confirm that investors exhibiting dispamsiti effect are more prone to be

overconfident.

As limitation of this study, we believe that thétses under which the micro world works
are still simple. There are some assumptions thaldde relaxed for improving the micro
world itself. Also, we only managed to gather 77#tipgpants and we didn’t involve

participants that work as professional traders.
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For future research, wesuggestto improve the gstifi the micro world. This new version

should be a simultaneous game in which pricesb@lcomposed given the interactions in
the market. Also, we believe that to generate mepeesentative results about stock market
investors, it would be desirable to have real stoekket investors playing the game and, it

would also be desirable to increase the sample size
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