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Abstract:
Behavioural finance is crucial for ensuring the soundness and stability of financial markets, as
it concerns all actors from individual investors to regulatory institutions. This study quantifies

the effect of three biases related to Prospect Theory, a model famously introduced by
Kanheman and Tverksy (1979) which explains human behaviour under risk. The biases in
question are loss aversion, the representativeness heuristic and the disposition effect. There
were two main findings: buying stocks that have performed well in the past correlates

positively with portfolio returns and satisfaction, but this strategy is ineffective for achieving
particularly high profits. Secondly, never selling investments at a loss leads to a worse

perceived portfolio performance compared to all other investors.
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1 Introduction
In neoclassical economic theory, it is usually assumed that humans are rational and act to

maximise their utility (Kahneman, 2011). Behavioural economics research started around the
1970s and by the 1990s it gained significant traction (Truc, 2022). It is an interdisciplinary
research area which combines economic theory with principles from psychology. The pioneers of
behavioural economics are often considered to be Daniel Kahneman and Amos Tversky, who
researched human behaviour in the context of economic decision-making. In 1979 they
introduced prospect theory, which is a model of several aspects of mental accounting and the
way losses and gains are perceived. In conjunction with this theory, they introduced the idea of
heuristics (i.e. mental shortcuts that allow us to think and make decisions faster), which can lead
to cognitive biases (which are pitfalls in information processing that lead to irrational thinking
and/or behaviour). The concepts brought forth by prospect theory served as the starting point for
theories on different biases such as the endowment effect, framing effect and loss aversion.
These were the initial theories of behavioural finance, after which theories related to market
inefficiency followed. The idea is that since the stakeholders involved in financial markets are
not fully rational, they can over- or underreact to news, leading to stock prices that may not
accurately reflect the intrinsic value of the stock. This is also related to phenomena such as price
reversals and the updated “behavioural capital asset pricing model”, which includes behavioural
factors in the prediction of returns of stocks based on riskiness.

Similarly to behavioural economics, behavioural finance is concerned with
decision-making, but in the context of financial investments. Behavioural finance explores the
role of irrational behaviour in investment decisions, potentially providing insights into how to
optimise financial outcomes. This paradigm shift has several implications; due to the irrational
behaviour of investors markets are not assumed to be strongly efficient unlike in traditional
finance, and thus stocks may be under- or overvalued. This paradigm shift brought about a more
accurate and realistic view of how financial markets work. Behavioural finance research
concerns investors as well as asset managers and other financial advisors and institutions. It aids
all stakeholders in understanding the stock market and the behaviour of the parties involved to
ensure sound financial market functionality, as behavioural theories have been used to explain
phenomena such as stock market crashes and bubbles, thus playing a key role in financial market
regulations. Prospect theory also served as an important theory in explaining concepts like the
disposition effect (which is the tendency to hold onto losing investments and quickly sell
profitable investments) and the equity premium puzzle (which is the tendency for stocks to attain
much higher returns than safer assets; Benartzi and Thaler, 1995) among other phenomena.

This paper focuses on three biases related to prospect theory: loss aversion,
representativeness heuristic, and the disposition effect. Loss aversion refers to the higher
psychological impact that losses have on economic agents compared to corresponding gains
(Kahneman & Tversky, 1991). As such, loss-averse investors will act to minimise losses. The
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representativeness heuristic refers to the tendency to assume that one characteristic is
representative of a certain trait. In the context of equity investments, this could mean that people
tend to assume that past performance is representative of future success. It is about the belief that
one “can see patterns in a truly random process” (Luo, 2013, p.153). Lastly, the disposition effect
is the tendency for investors to “sell winners too early and ride losers too long” (Sheffrin &
Statman, 1985, p. 777), meaning that investors often hold onto losing investments in the hope
that they will recover and sell profitable investments to lock in gains. These biases are all related
to the prospect theory model, and all seem to occur frequently amongst investors and have been
investigated extensively in the literature, but there is still more to be explored.

Using a survey method, evidence for these biases and associated investment behaviour
will be linked to portfolio performance. The survey was conducted independently, and all
questions were constructed for the purpose of this paper. The survey included several questions
measuring portfolio performance, as well as several questions for each of the biases. Two robust
econometric linear regression models will be constructed, with the biases as independent
variables, similar to the method used by Renu Isidore and Christie (2019). Firstly regressing
portfolio performance against the biases, then against the actual investment behaviour related to
these biases. This method of statistical analysis is the most appropriate for quantifying the
chosen behavioural biases and for answering the research question (it has also been commonly
used in previous academic research). This research proposal specifically aims to answer the
question: “What role do cognitive biases and their associated investment behaviour play in
equity investment financial outcomes?” The hypothesis is that these biases will negatively
impact portfolio performance, which is generally the consensus from academic literature. The
aim of this research is, above all, to attempt to quantify behavioural biases and their effect on
self-reported portfolio performance, by also linking the evidence for the three biases with
associated investment behaviour.

This research will add to the body of literature by quantifying the representativeness
heuristic, potentially challenging the consensus on how the disposition effect impacts portfolio
performance, and settling the debate of whether loss-averse investors achieve better financial
outcomes. Thus, this paper will contribute to the understanding of human behaviour and
cognitive biases and their impacts on portfolio performance in several ways that add to the
literature on the topic. There is still much that needs to be researched and this paper is a small
contribution to the body of academic literature. This research has implications on a micro and a
macro scale. Understanding investment behaviour can, above all, help asset managers and
investors on a personal level to achieve better returns and minimise unnecessary risk.
Additionally, it can also help policymakers to ensure the soundness, stability, and efficiency of
financial markets through regulations and nudges for investment decisions. For example, the
trading platform eToro often uses a warning stating that past performance is not an indicator of
future success to mitigate the effects of representativeness among its investors. Considering this,
behavioural finance research is important for the broader economy as well, not just for individual
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investors. Although investment advice and suggestions for policies to mitigate behavioural biases
in financial markets will not be discussed in depth, this is a necessary area for future research.

This paper is structured in five main parts besides the bibliography and appendices. The
following section will present a literature review of behavioural finance research, focusing on the
three aforementioned biases and their impact on portfolio performance. Next, the data and
methods will be reviewed. After that, there will be an analysis section presenting the analysis and
results, and discussing the findings in relation to literature. Finally, there will be a conclusion
section to summarise the paper and discuss potential future research areas.
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2 Theory
Truc (2022) provides a historical review of behavioural finance as a field. Around the

1970s, economic theory became increasingly dominated by psychological principles, which led
to the idea that economic agents cannot always be fully rational. Kahneman and Tversky
introduced the concept of heuristics (i.e. mental shortcuts that can lead to irrational behaviour)
and cognitive biases. There have been countless biases found throughout the years, initially
developed within the field of behavioural economics. However, it became clear that they affect
equity investors significantly, as most of them relate to economic decision-making and how we
process information regarding such decisions. Thus, in the 1990s, behavioural finance research
began gaining momentum, which specifically focuses on the behaviour of investors. A
significant part of the behavioural finance paradigm shift can be explained by prospect theory
(Baker & Nofsinger, 2010), notably introduced by Kahneman and Tversky in 1979. This theory,
which is a model that explains decision-making in risky and uncertain situations, essentially
pioneered behavioural economics research.

Figure 1: Prospect Theory (Source: Kahneman and Tversky, 1979)

This theory has three key features. Firstly, it implies that “losses loom larger than
corresponding gains” (Kahneman and Tversky, 1991, p. 1039). Losses and gains are also
regarded as relative to an initial reference point, and there is diminishing marginal sensitivity to
both losses and gains, meaning that utility functions are non-linear. Many psychological
phenomena, heuristics, and biases can be linked to the principles of prospect theory.

This theory can be seen as a more realistic version of its predecessor, the expected utility
theory. Baddeley (2017) explains that Kahneman and Tversky did not agree with some of the
fundamental assumptions of expected utility theory, which is how prospect theory surged.
Expected utility theory assumes that economic agents are utility maximisers and use all available
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information to determine their most preferred choices, which we do not deviate from, as choices
are assumed to be consistent. However, the Allais and Ellsberg paradoxes showed that
preferences are sometimes inconsistent, and this (along with other effects Kahneman and
Tversky noted in their own research) served as inspiration for the updated theory. The difference
between the two theories mostly relies on how choices are ranked. Instead of using all available
information to make a choice, economic agents instead weigh choices against a reference point.
The author explains that “our decisions are driven by changes relative to our reference points,
and not by all the information we have available to us.” (p. 62). These differences imply several
behaviour patterns. First is the framing bias, which means that preferences may change
depending on whether the outcomes are presented as losses or gains. Secondly, the possibility
effect is the tendency to overweigh low probabilities (or underestimate high, but not certain,
probabilities). Lastly, there is the idea that economic agents will tend to be risk-averse when it
comes to gains, but risk-seeking when it comes to losses.

A clear bias implied by prospect theory is loss aversion. The consensus from the
literature is that loss aversion can lead to worse financial outcomes, i.e. return on investment or
portfolio performance (Renu Isidore and Christie, 2019). This is mostly because loss-averse
individuals might make worse investment decisions for the sake of minimising losses. Benartzi
and Thaler (1995) attribute the equity premium puzzle (which they define as the tendency for
stocks to largely outperform bonds) specifically to myopic loss aversion. Myopia simply refers to
the tendency of investors to review their portfolios often. Theoretically, the equity premium
should not happen as large corporations should grow at a pace close to the risk-free rate, but
historical returns data shows that they have grown around seven times more. Academic literature
has explored several explanations, but this study argues that myopic loss aversion explains this
phenomenon. They argue that an investor will not be willing to accept the risks of equity
investments if the investor is loss-averse and often checks her portfolio. This is because frequent
revision of one’s portfolio makes the investor aware of the volatility of stocks, and therefore they
may perceive it as a less desirable investment than bonds, when in reality, in the long run, stocks
outperform bonds. In essence, a sensitivity to losses and observing the highly volatile nature of
the equity market may provide unnecessary stress to investors. Benartzi and Thaler take a
quantitative approach to arrive at this conclusion. Although there is no standardised way of
measuring loss aversion such as the Global Preference Survey (i.e. Falk et al., 2018), methods
usually include surveys or some kind of questionnaire to determine the extent of loss aversion in
the sample (Kahneman and Tversky, 1979; Lee and Veld-Merkoulova, 2016; Thaler, Tversky,
Kahneman and Schwartz, 1997). Kahneman and Tversky (1979) use an experimental method to
quantify loss aversion using gambling questions.

Benartzi and Thaler (1995) also discuss the concept of mental accounting, i.e. the
tendency to mentally categorise investments in terms of utility (Thaler, 1985). They propose that
losses and gains are coded differently (not simply as a vector of overall profits) since utility
functions are different on the losses and gains domains. Barberis and Huang (2001) explore
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mental accounting and loss aversion in the context of equity investments and conclude that
portfolios of investors affected by such principles are excessively volatile, but surprisingly, have
a high mean return. That being said, this finding only holds when investors are loss-averse for
individual stocks they own, not over the whole portfolio. It is also noteworthy that this research
does not include stock market data. It is rather a hypothetical quantitative approach which uses
gambling questions as the basis for this argument. Nevertheless, this conclusion goes against that
of Renu Isidore and Christie (2019). Thus, a key component of this research analysis is to settle
the debate of how these concepts affect financial outcomes, not just the extent to which they
affect investors.

Also related to the concept of loss aversion is the disposition effect, which is the tendency
to hold onto losing investments too long and to quickly sell profitable stocks (Shefrin and
Statman, 1985). This arithmetic also leads to suboptimal portfolio performance as often it is
wiser to hold onto investments that follow an upward trend and sell losing investments to
minimise further losses. Research on the disposition effect has been mostly focused on the extent
to which it appears in stock market transactions (Kaustia, 2010; Birru, 2015; Goo et al., 2010),
but the literature is lacking in explaining how it affects financial outcomes. Interestingly, Kaustia
(2010) argues that the disposition effect cannot be explained by prospect theory, but this is in
disagreement with Li and Yang (2013), who sustain that the literature has generally attributed
prospect theory as a possible explanation for the disposition effect.

The representativeness heuristic has also been closely linked to loss aversion (Renu
Isidore and Christie, 2019). In behavioural economics, this heuristic relates to how individuals
assess the likelihood of an event based on whether it is “(i) similar in essential properties to its
parent population; and (ii) reflects the salient features of the process by which it is generated”
(Kahneman and Tversky, 1972, p. 431). In other words, an event will be regarded as more likely
if it is representative of pre-conceived ideas of the event in question. This was first studied using
the “Linda problem” where the sample was asked to evaluate the probability that Linda is a) a
feminist, b) a bank teller, or c) a bank teller and a feminist based on a description representative
of feminist attributes (Tversky and Kahneman, 1983). Most evaluated option c as more likely
than option b although in theory, the probability of c should be less than (or equal) to the
probability of b. In the context of financial investments this heuristic can manifest as the belief
that if a stock has performed well in the past, it will continue to do so. Previous positive
performance is representative of future positive performance which leads to a higher perceived
profitability potential. The fact that an investment has performed well previously does not always
mean that it will continue to do so as when it comes to equity investments as there are many
exogenous factors affecting stock prices such as market conditions. Investors often choose stocks
that have performed well in the past, which can, unsurprisingly, lead to worse portfolio
performance. Regret aversion also has a high correlation with both loss aversion and
representativeness according to Renu Isidore and Christie (2019). According to Bilek, Nedoma
and Jirasek (2018), the representativeness heuristic in behavioural finance has been investigated
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using experimental methods, sometimes using stock market data. The survey method has been
used by Arend et al. (2016 cited in Bilek, Nedoma and Jirasek, 2018), but this investigates the
representativeness heuristic in a managerial context, not for investments specifically.

Finally, an important concept in prospect theory is that of reference points. This is the
initial benchmark against which losses and gains are perceived and calculated. Knetsch (1989)
introduces the related endowment effect to explain that people value their initial reference point
more than subsequent gains. This is also a detrimental way of assessing financial outcomes
which can lead to impaired profitability depending on the initial reference point (Sell Macedo et
al., 2007).

In terms of research methods, behavioural finance started as a highly qualitative field
where it was not unusual to explain how biases might affect investors. However, once these
theories started surging, it became common to attempt to quantify these biases (either to find
evidence for them or to show how they affect investor behaviour or portfolio performance). One
study that quantifies biases is Renu Isidore and Christie (2019), which used a similar method as
this paper. Using responses to a survey, they created an econometric model where they regressed
behavioural biases against financial outcomes, and found that most biases (except anchoring,
overconfidence and optimism) correlated negatively with portfolio performance. A similar
method will be used, but only loss aversion, representativeness heuristic and disposition effect
will be included in the model proposed. The disposition effect has not been included in Renu
Isidore and Christie (2019), but the other two have.

To sum up, the literature above presents the theory behind investor thought processes and
how they can be affected by several biases, all arising from the basic principles of prospect
theory (and mental accounting). Studies have been done on the extent to which certain biases
such as herding behaviour (Chang, Cheng, and Khorana, 2000) affect investors. However, there
is very little empirical research on the extent to which (and how) prospect theory-related biases
affect investment decisions and related financial outcomes. The research mostly focuses on
finding evidence for these biases, for which there seems to be significant evidence. There has
also been research done on how these biases can be mitigated, but this is beyond the scope of the
following research. This paper aims to fill the literature gap regarding the relationship between
three prospect theory biases (loss aversion, the disposition effect, and representativeness
heuristic) and the portfolio performance of equity investors. It also aims to settle the debate
introduced by Barberis and Huang (2001) arguing that loss aversion can lead to higher portfolio
mean returns.
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3 Data & Methods

3.1 Data
The data was collected randomly from participants on the survey platform Prolific. The

platform affirms that it “deliver[s] high-quality human-powered datasets” (Prolific, n.d.). On this
platform, once the necessary funds are uploaded to the project and all the details are specified (eg
sample characteristics, what is needed from the participants to carry out the survey, the payment
sum for completing the survey, etc.), one can launch the survey anytime. Data collection is quick
and very simple. One can approve or remove submissions (I had to remove a couple as will be
explained below).

The only criteria that restricted the sample were location and investment experience.
Only individuals based in the United States have been used for this analysis. Additionally, only
participants who answered yes to the following question had access to the survey: “Have you
ever made investments (either personal or through your employment) in the common stock or
shares of a company?”. This comes from the prescreening questions automatically given by
Prolific within the category of finance, and more specifically investments. This was the most
pertinent choice for prescreening the sample as the survey is only relevant to individuals who
have invested in the equity market. Due to budgeting constraints, a representative sample of the
United States population could not be guaranteed by Prolific, although the descriptive statistics
seem realistic for the adult population, with a relatively good gender ratio and age distribution.

Observations Mean Standard Deviation Minimum/Maximum

Age 99 38.84 11.66 20/76

Gender Percentage

Female 47.47

Male 52.53

Employment Status Percentage

Full-time employment 73.74

Part-time employment 7.07

Student 6.06

Retired 6.06

Self-employed 7.07

Table 1: Sample Descriptive Statistics
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3.2 Research Design
The research method for this paper was conducting an online survey. A survey is the most

simple and appropriate way of quantifying these biases. This is a method that is commonly used
in academic literature, and it is the most pertinent way of collecting data which is suitable and
useful for answering the research question. The funds for this survey (£218) have been granted
by the Economics Department at Lunds University School of Economics and Management.
Based on the length of the study and the hourly rate pay suggested by Prolific, the study was able
to gather 103 respondents. The participants earned £1.50 for completing the 10-minute survey.

Before the study was launched, a pre-registration was made. This is a research plan which
briefly explains how data will be collected and analysed. This is thought to improve the scientific
credibility and robustness of the results (APA, 2024). There has been one pre-registration made
before data collection and one made after the pilot study. As the first version is vague in its
estimated sampling methods, the
second version can be found in
Appendix I.

The survey was created on
Google Forms. The process of linking
the pre-existing Google Form to
Prolific is very simple. There is a
section in the project details where one
can choose whether to run the study in
Prolific or whether to provide an
external link to the survey. The
questionnaire was divided into seven
sections with a total of 26 questions
(for all questions see Appendix II).

First, there were three
demographic questions which included
age, gender, and employment status. The intention was to keep the number of questions to a
minimum, and since the following section covers investment experience and knowledge in
greater detail, employment status could give us more information about the sample than general
education levels. The second section covered investment experience/knowledge, where
respondents were first asked whether or not they have ever invested in the stock market. This has
been done to double-check the reliability of the prescreening offered by Prolific, which turned
out to not be fully accurate as four participants have never invested in the stock market, so their
responses had to be deleted. Next, participants were asked how long they have been investing, to
rate their level of investment knowledge and general risk tolerance. The question on general risk
tolerance has been taken from the Global Preference Survey (2018), and it is supposed to
measure general risk aversion, which is important for the following section which includes
gambling questions.
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Survey Sections

Demographics (3 questions)

Investment experience/knowledge/style (4 questions)

Loss aversion (6 questions)

Attention check question

Representativeness & Disposition (6 questions)

Investment behaviour (3 questions)

Portfolio performance (3 questions)

Table 2: Survey Overview



The next section was the “loss aversion” section, where 5 hypothetical gambles were
presented, after which a self-reported loss aversion question had to be answered. This way of
structuring the questionnaire was inspired by the GPS (i.e. Global Preference Survey), although
the GPS investigates risk aversion instead of loss aversion. The same question format was taken
and applied to the concept of loss aversion. The only difference was that the prospects in the
gamble questions were changed to include losses as well as gains, which would make measuring
loss aversion possible. The GPS only frames the gambles in terms of gains, which is more
appropriate for measuring risk aversion.
The gamble questions in this study
included a certain option, and a 50/50
gamble, which is what the GPS did as
well. The GPS had 5 rounds of
conditional questions, however, since
the study was carried out on Google
Forms, there was no option for
programming conditional questions.
Thus, the survey included 5 rounds of
gambling questions based on the
following logic.

Firstly, the “safe” option was
programmed which could be of three types: positive, zero, or negative. Two questions with
positive safe options, one with a safe option of zero, and two with the safe option being a loss
were chosen. This was to ensure that there are a wide range of scenarios presented in order to get
a more holistic view of loss-averse behaviour and participant preferences. The sums were chosen
such that the certain option is either +$100, $0 or -$100 for simplicity.

Next, the gamble prospects were constructed. As per the format of the GPS, two
prospects were presented, each with a 50% probability. For a certain prospect of zero, the only
combination of gambles that would make sense is a positive and a negative value. If for such a
gamble, the outcomes are zero or a positive sum, the participants will always prefer this gamble
over the safe option, and vice versa for gambles with a negative outcome or nothing. Following
the same logic, for a certain prospect of +$100, two combinations make sense for the gamble: a
larger positive sum or zero, or an even higher positive sum but with a chance of incurring a small
loss. Vice versa in the case of a negative certain prospect. Thus, we arrive at five total possible
formats for the gamble questions (which can be seen in Table 3).

The gambles were programmed such that the expected value of the gamble options is
higher than the safe option (except for the first question, where the expected values are the
same). The first question had the same expected value for both the safe option and the gamble
option. This was done purposefully. Since this question does not include any losses, it rather
measures risk aversion, not loss aversion. As such, this question (combined with the question on
self-reported risk aversion from the previous section) can be used to control for risk preferences
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Safe Option Gamble Option

$100 (1.0) $200 (0.5), $0 (0.5)

$100 (1.0) $400 (0.5), -$100 (0.5)

$0 (1.0) $150 (0.5), -$100 (0.5)

-$100 (1.0) $100 (0.5), -$200 (0.5)

-$100 (1.0) -$150 (0.5), $0 (0.5)

Table 3: Gamble Questions (probabilities in brackets)



in the regression model. As for all the other four questions, the expected value of the gamble was
always higher than the safe option. This is because one way that loss aversion can be defined is
loss-minimising behaviour. Since all the other gambling options presented the risk of losing more
than by picking the safe option, loss-averse participants may have wanted to steer away from the
gambles to minimise potential losses. Prospect theory would predict that participants would
place excessive emphasis on the probability of losing the gamble, and the principles of loss
aversion would make it such that participants would want to minimise potential losses when
faced with these gambles. As such, to compensate for this, a higher expected value was placed
on the gambles to offset the potential aversion to the gamble option due to higher potential
losses. Despite this logic, the higher expected value may not be immediately evident to all
participants, but some may have calculated the expected value or simply noticed this fact.

That being said, the expected value is simply not enough to determine what the most
rational choice for each gamble question is. This is because utility functions are different in the
gains and losses domain. As such, the utility was calculated for each of the options, and it seems
like in some cases (the second and third question), the safe option results in higher utility, despite
the higher expected value of the gamble option. Appendix III shows all utility calculations for
the gamble questions.

The loss aversion section also included a self-reported loss aversion question which was:
“Generally, how do you feel about selling an investment at a loss (e.g. to prevent further losses or
to reallocate funds to a potentially more profitable investment)?”, which seems to be the most
appropriate way of framing such a question. It was formulated in general terms, but still in the
context of equity investments. This format was inspired by the GPS. The phrasing of the
self-reported risk aversion question was changed to measure loss aversion in the context of
equity investments instead.

The next section was solely dedicated to the attention check question where participants
had to choose the number 4 on a 5-point scale. The attention check question was important for
testing whether the participants paid attention to the gamble questions. The repetitive format and
varying sums presented may have been tiring for the respondents, so to ensure that the
participants were paying attention, this question was added in straight after the gamble questions.
Such attention-check questions have been recommended by Haaland, Roth and Wohlfart (2023).

The next section included 6 questions, three for the representativeness heuristic and three
for the disposition effect. The questions for the disposition effect were taken from Goo et al.
(2010) and rephrased to ensure enhanced clarity. The representativeness questions were
composed internally with the help of OpenAI (2024), as no surveys or questions were found in
the existing literature that could measure this heuristic in an investment context. The complete
set of questions can be found in Appendix II.

The following section included three questions on actual investment behaviour, one for
each bias. As an example, the loss aversion question was: “I often sell investments that have
experienced a significant loss, even if I believe they may recover in the future (e.g. to prevent
further losses or to reallocate funds to a potentially more profitable investment).” where
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participants had to rate this on a 5-point scale. Ideally, real investment behaviour measures (such
as transaction data) would have been preferred, but this was not realistic for the purpose of this
paper, and given the short time span. This is a potential limitation of the study.

The final section measured portfolio performance with three questions. Participants had
to rate financial outcomes in terms of satisfaction, profits and relative to other investors. The
questions were chosen such that participants would not have to check their portfolios to give
exact figures on portfolio performance, as there would have been incentives to lie by not revising
the portfolio, or by slightly embellishing the reported data. This way, participants just had to give
their subjective assessment of their portfolio performance. While this may not be the most
reliable measure, the idea was to keep the survey simple and avoid any possibility that
participants would be incentivised to lie or overthink their answers.

As mentioned, a pilot study was launched before the official study to ensure clarity of the
questions. 7 answers have been collected for the pilot study. Some of the participants included
LU students, and other investors found through snowball sampling. Some questions had to be
edited as a result of the pilot study. These included the scale format of one question (negative
sentiment was previously on the right but was moved to the left of the scale) and the phrasing of
another question.

After the final version of the study was run and data was collected, the inappropriate
observations had to be eliminated. Initially, the sample included 103 respondents, but 4 answers
were excluded. The survey included the question “Have you ever invested in the stock market?”
to ensure the prescreening was fully accurate, but 4 respondents answered “no” to this question.
Ergo, their responses have been eliminated from the subsequent analysis. No respondents failed
the attention check question, meaning that the eliminated respondents have solely been removed
due to lack of investment experience. There were also two missing answers for the age question.

The next step was to clean up the data and modify the variables. First, variables for each
of the biases were constructed. The construction of the loss aversion variable was the most
sophisticated as it involved the most data transformations. First, the most loss-averse answers to
the gamble questions were determined. This was done by calculating utility, which can be seen in
Appendix III. This essentially created a dummy variable out of the answers. The self-reported
loss aversion question was transformed into a 0-1 scale and was combined with the gamble
questions to create the loss aversion bias variable. The gamble questions were given a weight of
0.473, and the rest was given to the self-reported dimension (weights taken from the GPS, 2018).
As such, the loss aversion variable was created, and measured on a 0-1 scale. Similarly, for the
other biases, an index was constructed with equal weights given to each of the three questions
included. The other two bias variables are also measured on a scale of 0-1. The bias questions
were simply modified such that the scale is also 0-1. Another index was created for the questions
measuring portfolio performance or financial outcomes.

The reliability of this data should be relatively high. Knowing that the data was
constructed and measured internally for this study means that the data has been thoroughly
scrutinised before the data analysis took part. The survey was highly standardised and included
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various “quality check” questions, such as the attention check question and the question of
whether the participant has ever invested in stocks. To further test the reliability of the data,
Cronbach’s alpha has been used when constructing the variables. The alpha value for the
“portfolio performance” index (created out of 3 questions) is 0.87, which shows good internal
consistency for this variable and the questions used to measure it. Similarly, the two dimensions
(gambling questions and self-reported loss aversion) of the loss aversion variable highly correlate
with the overall loss aversion variable.

As mentioned, Prolific could not guarantee a representative sample. However, the
demographic data looks reasonable. There is almost an even split between sexes, with slightly
more males than females. The median age is 38.9 as of July 1, 2022, which is very close to the
mean from this sample (Census.gov, 2024). Some potential differences between the average
citizen and those enlisted on Prolific may exist such as differences in average education levels.
However, this should not significantly impact the results as stock market investors (enlisted on
Prolific or not), likely have higher education levels than the average citizen in any case. The
differences in education between investors who are not on Prolific and those who are are not
expected to be significant. Another noteworthy potential difference between the Prolific sample
and the general population may be differences in motivation to answer the questions honestly
and carefully due to monetary incentives.

A homogenous sample was chosen instead of a comparative approach as this is a more
accurate way of measuring how these biases manifest in the chosen sample and how they affect
portfolio performance. Comparing two samples would have shifted the focus towards other
factors, such as cultural differences and their effects on cognitive biases in investment decisions,
which is not what the aim of this research is.

In terms of the validity of the data, most of the questions have been taken from other
studies. For some, the wording has been changed to ensure clarity for respondents. Such
questions are expected to have high construct validity. Other questions had to be created
internally due to a lack of survey literature on the representativeness heuristic specifically. While
such questions may have lower construct validity, they are still very much related to the concept
of representativeness heuristic in the context of equity investments. Unfortunately, there is no
standardised way of measuring this, so the questions had to be constructed internally. The
portfolio performance questions are also quite subjective, but this was done in order to avoid
incentives to lie or to misreport actual portfolio returns. Potential concerns regarding the validity
of the questions of this study will be considered in more depth in the discussion section. The
questions will be discussed in more detail in the following section.
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4 Empirical Analysis

4.1 Analysis
After the variables had been transformed appropriately for them to be used for the data

analysis (on a scale of 0-1), first the data was inspected in various ways. Descriptive statistics of
the variables of interest and a pairwise correlation matrix are presented below.

Mean Std. Dev. Min/Max

Loss Aversion 0.436 0.173 0.105/0.895

Representativeness Heuristic 0.616 0.114 0.333/0.933

Disposition Effect 0.650 0.135 0.267/0.867

Loss Averse Behaviour 0.685 0.239 0.200/1.00

Representativeness Heuristic Behaviour 0.590 0.230 0.200/1.00

Disposition Effect Behaviour 0.580 0.202 0.200/1.00

Portfolio Performance 0.640 0.178 0.200/1.00

Table 4: Descriptive Statistics of the Main Variables

LA RH DE LAB RHB DEB

Loss Aversion 1.000

Representativeness Heuristic -0.085 1.000

Disposition Effect -0.107 0.049 1.000

Loss Averse Behaviour -0.357 -0.172 0.238 1.000

Representativeness Heuristic Behaviour -0.161 0.263 0.054 -0.119 1.000

Disposition Effect Behaviour 0.211 0.093 0.276 -0.235 0.156 1.000

Portfolio Performance 0.300 -0.111 0.002 -0.107 0.174 0.057

Table 5: Pairwise Correlation
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Before any additional data analysis will take place, it is crucial to discuss some of the
assumptions of the model. Some of the key assumptions of any econometric model are the Gauss
Markov assumptions. These assumptions are crucial to ensure that the ordinary least squares
estimates in the linear regression model are the best linear unbiased estimates. In other words,
the linear regression model that will be created will try to estimate the effect of the independent
variables on the dependent, and these estimates must be linear and unbiased. To ensure that this
is the case, the following assumptions must be satisfied. First of all, random sampling is
necessary to fulfil these conditions. This has been achieved through the Prolific population
although, naturally, the whole US population could not be reached for this paper. Even so, the
sampling method is as unbiased as possible.

The next important assumption is that the independent variables are exogenous. This
means that the error term in the linear regression model cannot be correlated with the
explanatory variables at all. Mathematically, this assumption can be expressed as follows:

for the three independent variables, being the biases in question. This𝐸(ε
𝑖
|𝑥

𝑖
) = 0,  𝑖 = 1, 2, 3

assumption is reasonable because there is no bidirectional ambiguity in this relationship. These
biases likely affect portfolio performance by influencing investment behaviour, but portfolio
performance cannot induce cognitive biases. Moreover, the controls in the regression serve to
account for potential confounding variables affecting this relationship, so it is not expected that
there is any endogeneity in the model.

The next assumption is that of homoscedastic error terms. This means that the error terms
have the same variance for all values of the independent variables. Mathematically, this

assumption is written as follows: . To ensure there is no𝐸(ε
𝑖
|𝑥

𝑖
) = σ2,  𝑖 = 1, 2, 3

heteroscedasticity, robust standard errors will be used for the model, as these will ensure that
even if there is homoscedasticity, inference will be approximately correct as the number of
observations is relatively large.

Moreover, since there are multiple explanatory variables, there must be no specification
errors such as redundant variables, missing variables, multicollinearity or measurement errors. In
the case of redundant variables, these can always be omitted from the model. In terms of
measurement errors, there is not much that can be done to solve this, but it is not expected that
this should be a problem in the following model. Clearly, there are a plethora of variables that
affect portfolio performance from other biases to completely exogenous variables such as
macroeconomic conditions. There will be variables omitted, but this is not the idea of the
following regression. The aim is to determine to what extent these three biases affect portfolio
performance. They are not expected to explain variation in portfolio performance to a large
extent, as many other factors likely affect portfolio performance more. There should be no
multicollinearity as the correlations between the independent variables are very low as per Table
5 (except the ones between the bias and its associated behaviour, which should be higher). That
being said, it is curious that the correlation between the loss aversion variable and the variable
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for loss-averse behaviour is negative. Possible explanations for this will be explored in the
discussion section below.

What follows now is to state the main LRMs. In both of the LRMs of interest, there will
be three main control variables: age, gender, investment experience and knowledge, and risk
aversion. Below is the formula for the two models that will help to answer the research question:

(1) 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = α + β
1
𝐿𝐴 + β

2
𝐷𝐸 + β

3
𝑅𝐻 + β

4
𝑎𝑔𝑒 + δ

5
𝑔𝑒𝑛𝑑𝑒𝑟 + β

6
𝑥𝑝_𝑘𝑛𝑜𝑤 + β

7
𝑟𝑖𝑠𝑘

(2) 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = α + β
1
𝐿𝐴𝐵 + β

2
𝐷𝐸𝐵 + β

3
𝑅𝐻𝐵 + β

4
𝑎𝑔𝑒 + δ

5
𝑔𝑒𝑛𝑑𝑒𝑟 + β

6
𝑥𝑝_𝑘𝑛𝑜𝑤 + β

7
𝑟𝑖𝑠𝑘

Note: LA is the loss aversion variable comprised of the gamble questions and the self-reported loss aversion question;
DE refers to the variable measuring the disposition effect; RH measures the representativeness heuristic; xp_know is a
variable that measures the level of investment knowledge (self-reported) and experience (baseed on how many years the
participant has been an investor for); LAB, DEB and RHB are the behavioral variables, measuring to what extent actual
investment behaviour reflects evidence of the biases.

Before discussing the additional analyses to be conducted, the choice of the control
variables must be justified. Knowledge and experience must be accounted for when investigating
portfolio performance, and these are arguably the most important variables. Age has been
accounted for due to the same logic, although it seems to play an infinitesimal and negligible role
in explaining portfolio performance, as per the coefficient value. Risk aversion has been
accounted for as it has been found to affect portfolio returns since it affects investment behaviour
(Martins Fittipaldi Torga et al., 2023). Gender also plays a role in investment style and affects
investment returns (Barber and Odean, 2001), and for the same reason, it was added as a control
variable.

Besides running these LRMs, there will be additional analyses conducted. This was,
above all, done to confirm the robustness of the initial results by changing the control variables.
Controlling for different variables is justifiable and the alternative models are equally important
to the analysis, as will be explained in deeper detail in the following section. Also, experimenting
with different versions of the dependent variable is important to identify whether the results are
driven by a specific measure of portfolio performance, thus providing more insight into the
results and the relationship between the variables.

4.2 Results
First, the linear regression model with the biases as the explanatory variables was

estimated. The results of the regression are somewhat surprising. Firstly, the adjusted R-squared
value (which is of more use than the R-squared value as it accounts for the number of
independent variables) tells us that 39.2% of the variance of the portfolio performance variable
can be explained by the independent variables chosen. This was to be expected as there are many
other biases and exogenous variables affecting portfolio performance. Even so, a significant part
of the variance in portfolio performance can be explained by the chosen biases. That being said,
if portfolio performance is regressed on just the bias variables without the controls, we find that
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only 8% of the variance is explained by the biases. This makes sense, as there likely are many
other variables that affect portfolio performance to a larger extent. This simply means that the
control variables explain more of the variance in portfolio performance than the biases do. This
is not a problem, however, as the hypothesis is merely that the impact of the biases on portfolio
performance is negative, and is not concerned with the extent to which these biases contribute to
explaining the variance in portfolio performance. However, the alternative models will consider
excluding some of the controls from the original models proposed as they may have too much
explanatory power in the model.

The only bias with a negative coefficient (-0.011) is the disposition effect. This
coefficient means that if the disposition effect variable increases by 1 unit (going from the
minimum score to the maximum score), portfolio performance worsens by 0.011 units. The other
two biases have positive coefficients, suggesting that a higher degree of loss aversion and the
representativeness heuristic have a positive relationship with portfolio returns. This being said,
none of these coefficients are statistically significant as the p-values are too large. This could be
due to several reasons. Perhaps some of the questions measuring the biases weaken the statistical
significance of this relationship. This possibility will be explored further in this section, through
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Portfolio Performance Coefficient Robust Std.
Err.

t P>|t| 95% C.I.

Loss Aversion 0.139 0.103 1.53 0.13 -0.047 0.363

Disposition Effect -0.011 0.101 -0.11 0.91 -0.211 0.189

Representativeness Heuristic 0.177 0.136 1.30 0.20 -0.094 0.447

age -0.002 0.001 -1.75 0.08 -0.005 0.000

gender 0.040 0.030 1.33 0.19 -0.020 0.100

xp_know 0.597 0.088 6.79 0.00 0.422 0.772

risk -0.016 0.081 -0.20 0.84 -0.177 0.144

constant 0.207 0.127 1.63 0.11 -0.046 0.459

Number of observations = 95
F-statistic = 11.50
Prob>F = 0.000
R-squared = 0.437
Adjusted R-squared = 0.392
Root MSE = 0.136

Table 6: First Linear Regression Model



the alternative models. The lack of statistical significance is likely not due to multicollinearity
between the variables, as the three bias variables are only weakly correlated (see Table 5). The
high p-values for the coefficients are not expected to be due to heteroscedastic error terms or
endogenous variables. Robust standard errors ensure that heteroscedasticity does not affect the
model, and the variables are expected to be exogenous, as explained in the previous section.

Below is the second linear regression model output table, this time with the behaviour
associated with each bias as the independent variables.

This regression yields the first statistically significant (at any level) coefficient thus far,
being the coefficient for the representativeness heuristic behaviour. This coefficient tells us that
the more someone exhibits investment behaviour associated with the representativeness
heuristic, being that they mostly invest in stocks that have performed well in the past, the higher
their self-reported portfolio performance is. As representativeness behaviour increases by one
unit (going from the minimum score to the maximum score), portfolio performance increases by
0.2 units. The fact that 0 is outside the 95% confidence interval makes this finding more
significant as well, as the coefficient is almost certainly positive. The coefficients for behaviour
associated with loss aversion and the disposition effect are much smaller, but positive as well.
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Portfolio Performance Coefficient Robust Std. Err. t P>|t| 95% CI

LA Behaviour -0.019 0.060 -0.32 0.75 -0.139 0.101

DE Behaviour 0.073 0.067 1.08 0.28 -0.061 0.206

RH Behaviour 0.200 0.050 3.98 0.00 0.100 0.299

age -0.003 0.001 -2.18 0.03 -0.006 0.000

gender 0.038 0.031 1.23 0.22 -0.023 0.100

xp_know 0.575 0.082 7.03 0.00 0.412 0.738

risk 0.102 0.082 1.25 0.22 -0.061 0.265

constant 0.200 0.095 2.10 0.04 0.011 0.390

Number of observations = 95
F-statistic = 13.81
Prob>F = 0.000
R-squared = 0.482
Adjusted R-squared = 0.433
Root MSE = 0.131

Table 7: Second Linear Regression Model



This is, once again, surprising as the hypothesis was that these biases should negatively impact
portfolio performance. Similarly to the first regression, the adjusted R-squared value is relatively
high considering the few explanatory variables included in the model and the complexity of the
stock market. This regression was also run without the control variables, which states that around
3% of the variance in portfolio performance can be explained by the behaviour associated with
these biases. This, again, is logical due to the countless factors affecting equity investment
returns. The statistical insignificance is not expected to be due to heteroscedasticity or
endogenous variables of the variables, as explained in the previous section.

Perhaps the lack of statistical significance can be attributed to a misspecification error. It
could be that there are better ways to measure the biases and portfolio performance, perhaps
some of the questions used are redundant and weaken the regression results. There were different
versions of the LRM that were tried out. First, different controls were tested. In the end, the
experience and knowledge control variable was excluded for the alternative models as it is
significant in both of the LRMs above. In fact, the correlation between this control variable and
the bias and behaviour questions is negative (except for the loss aversion bias variable). This
means that with experience and knowledge, the extent to which investors are affected by the
representativeness heuristic and the disposition effect decreases, which is logical. For some
reason, however, the opposite is true for loss aversion; more evidence for loss aversion has been
found in investors who claim to have better investment knowledge, specifically. Due to these
relationships, it may be beneficial to exclude this control from the model, as controlling for
experience and knowledge may actually remove some of the effects of the bias variables from
the model. This possibility is worth investigating. This was also beneficial in ensuring that the
model is not overfitted as there are quite a few control variables specified in the original LRM.
The dependent variable was also changed to solely include one of the three dimensions of
portfolio performance (and regressions were run with each of the three dimensions as the
dependent variable). There was no attempt to construct a different performance index consisting
of solely two variables, as this would not increase Cronbach’s alpha of the index significantly, so
only the individual dimensions were investigated. This was done to identify whether the
relationship between the biases and portfolio performance is driven by any of the particular
measures of portfolio performance, which would shed light on more specific relationships
between how the biases relate to different aspects of portfolio performance. Lastly, some
non-linear transformations of the bias variables have been used in the alternative regressions, as
the relationship between the bias and portfolio performance could also be non-linear as will be
explained in deeper detail below. To summarise, different combinations of the two LRMs were
run by isolating different dimensions of the dependent variable, by removing the knowledge and
experience control, and by experimenting with non-linear transformations of the explanatory
variables.

There were a few noteworthy findings from these alternative models. Statistically
significant results from the alternative regressions are presented below.
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By dropping the experience and knowledge control, the first LRM yields a significant
coefficient. By increasing loss aversion by one unit, portfolio performance improves by 0.235
units. It seems like this relationship is specifically driven by the dimension of portfolio
performance where investors had to rate their portfolios compared to all other investors. The
relationship between this dimension and loss aversion is even greater, with a coefficient of 0.317.
There are several possible explanations for this finding. It could be that by being loss-averse,
investors are under the impression that they perform above average. Loss-averse investors might
invest in safer assets and therefore it is likely that they experience less severe losses in their
portfolios. However, this does not necessarily mean that their portfolios have higher returns than
less loss-averse investors. They might just be under the impression that the overall quality of
their portfolio is better due to the fact that they incur smaller losses (which is perhaps more
important to a loss-averse investor than high returns, given the prospect theory utility curves).
Another plausible explanation for this relationship could be that the loss aversion variable has
low validity. The gamble questions, to an extent, measure risk aversion as well. This might make
it such that the relationships are not truly reflective of how loss aversion affects portfolio
performance. This is a plausible explanation as the correlation between this variable and the
loss-averse behaviour variable is negative. Thus, this variable likely measures risk aversion to a
great extent too, due to the gamble questions. That being said, excluding the gamble questions
and only using the self-reported loss aversion question in the regression yields a smaller
(statistically significant) coefficient. Thus, the most plausible explanation is that the results are
not fully accurate since the measures of portfolio performance are quite subjective. If a more
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LRM 1 or 2 Changes Made to Original LRM Findings

1 - Drop control xp_know - β1=0.235, p<0.05

1 - DV: comparison to all other investors
- Drop control xp_know

- β1=0.317, p<0.05

2 - Drop control xp_know - β3=0.216, p<0.01

2 - DV: self-reported portfolio satisfaction
- Drop control xp_know

- β3=0.273, p<0.001

2 - DV: comparison to all other investors
- Drop control xp_know

- β1=-0.148, p<0.1

2 - DV: self-reported portfolio returns
- Drop control xp_know

- β3=0.257, p<0.01

Table 8: Alternative LRMs and Findings



objective measure of portfolio performance would have been used instead, such as specific
figures on profits/losses, the results would have been different.

There were also a few interesting findings when altering the variables in the second
LRM. Even without the experience and knowledge control variable, the representativeness
behaviour variable yielded a similar coefficient as the original LRM. However, it seems that this
is mostly driven by the satisfaction and the returns dimensions. This could, again, be due to
several reasons. A plausible explanation is that the subjective measures of portfolio performance
may not be truly reflective of actual returns. It could also be due to the fact that the respondents
believe their portfolios are of better quality, and may be excessively pleased with smaller returns
due to this reason. The relationship between self-reported returns and investing in stocks that
have previously performed well is also positive, potentially indicating that stocks that previously
performed well also tend to perform better currently. However, this relationship may not
necessarily be linear. It would be expected that previous performance only correlates with returns
up to a certain level. This sub-hypothesis has been tested by taking the square root of the
representative heuristic behaviour variable, and it yielded statistically significant results as well.
This transformed variable was run against all three individual portfolio performance measures as
well as against the index variable specified in the original LRM, both including and excluding
the experience and knowledge control. The results are similar; the coefficient is only not
significant when the dependent variable is the comparison measure of portfolio performance.
The only difference is that for the permutations of the LRM using the square root of the
representativeness behaviour variable, the coefficients are generally higher. Excluding the
experience and knowledge variable does not make much of a difference. Therefore, a square root
of this variable is perhaps a better fit for this model.

Finally, in the second LRM by excluding the experience and knowledge control and using
the comparison measure of portfolio performance as the dependent variable, we get a statistically
significant coefficient of -0.148 for the loss-averse behaviour variable. This was hypothesised, as
loss aversion is typically thought to correlate negatively with returns.

There are several implications of the findings of these alternative regression models.
Overall, it seems like the questions chosen to measure portfolio performance may be a limitation
of this study due to their subjective nature. The comparison question may not be an accurate
estimation of actual portfolio performance, as the sample may be under the wrong impression
that they perform better than the average investor, without necessarily knowing the average
investor’s returns. No questions were asked where respondents had to give exact figures on their
portfolio returns to ensure that there was no incentive to lie or to not check their portfolios before
answering and potentially reporting an inaccurate estimate. This being said a possible solution
could be to provide profit ranges (in percentages) for self-reported returns. For example,
participants could be asked to estimate their returns since the beginning of their investments, as
well as solely in the last year from the following options: 0-5%, 5-10%, 10-25%, >25%; on both
the losses and gains domain. This would have given a more accurate estimate of returns without
having to ask for specific figures.
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4.3 Discussion
The hypothesis was that evidence for these biases and their associated behaviour should

negatively impact portfolio performance, and as it turns out, this is not necessarily the case. The
initially proposed regressions did not yield statistically significant results, except for the fact that
investment behaviour reflective of the representativeness heuristic correlates positively with
portfolio performance. As explained above, the lack of statistical performance in the original
model is likely due to inaccurate measurements of portfolio performance. This is the main
limitation of this study, that there are potentially more effective and reliable ways of measuring
the variables of interest. Another example of this is that if the gamble questions could have been
programmed to be conditional, a more nuanced loss aversion variable could have been
constructed (but this was not possible due to lack of more sophisticated survey tools, funding,
and time constraints). The sample size could have also been larger, but due to budgeting
constraints, this was also not possible.

The key findings that came from the alternative regressions were more interesting. By
excluding the experience and knowledge control variable from the LRMs, some of the
coefficients became significant. This was done as controlling for experience and knowledge is
expected to weaken some of the effects of the biases on portfolio performance. As it turns out,
excluding this control reveals that loss aversion correlates positively with portfolio performance,
and specifically with perceived superiority to all other investors. This could likely be due to the
limited losses a loss-averse person suffers due to a potentially more conservative investment
style.

As for the second LRM, excluding the experience and knowledge control did not yield
drastically different results. As it turns out, the positive relationship between portfolio
performance and behaviour reflective of the representativeness heuristic is mostly driven by the
self-reported portfolio satisfaction and returns dimension of portfolio performance. It is
hypothesised that investing in stocks that have previously performed well does in fact yield
higher returns, but up to a certain point. Ergo, a square root transformation of this variable was
included in the model instead. This transformation was more statistically significant (its
coefficient had a lower p-value) and a higher coefficient, and is thus a better fit for the model.
Therefore, investing in stocks that have previously performed well may not necessarily be a
detrimental investment strategy, but it may limit potential profitability beyond a certain point.

Another interesting finding is that in the second model, by excluding the experience and
knowledge control and changing the dependent variable to the comparison measure of portfolio
performance, the loss-averse behaviour coefficient became statistically significant and had a
negative value. This was expected, as per the hypothesis. This finding goes against the positive
coefficient that loss aversion has with the portfolio comparison variable. However, it is expected
that the negative relationship is more accurate, as the loss aversion variable may actually
measure risk aversion to a large extent, and therefore may not be fully valid.

Some of these findings are at variance with the literature, but others are in accordance
with the consensus. For instance, Renu Isidore and Christie (2019), who used a very similar
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method to this paper, found that loss aversion and the representativeness heuristic negatively
correlate with portfolio performance. This paper confirms the negative relationship between
portfolio performance and loss aversion but found a positive relationship between the
representativeness heuristic and financial outcomes.

The lack of statistical significance in the originally proposed regressions and other
unexpected findings such as the negative correlation between loss aversion and loss averse
behaviour is likely due to some misspecification error of the variables. Arguably the greatest
limitation of this study is the subjective measure of portfolio performance. As suggested above,
perhaps providing general ranges of portfolio returns in the last year and beyond would have
been a better, more objective measure of portfolio performance. No specific figures woul dbe
asked, so the participants would have likely not had to check their portfolios before answering,
as they likely are aware of the general range of returns they achieved. As mentioned, the loss
aversion bias variable likely measures risk aversion to a large extent, and therefore may not be
fully valid. Lastly, it would have been ideal to have real measures of behaviour (such as trading
data) instead of asking self-reported behavioural questions, but due to limited access to such
data, this was not possible for the purpose of this study.
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5 Conclusions

5.1 Research Aims & Objectives
This paper aimed to investigate how loss aversion, the disposition effect and the

representativeness heuristic affect the financial outcomes of equity investments. The research
question is: “What role do cognitive biases and their associated investment behaviour play in
equity investment financial outcomes?”. The hypothesis was that there would be a negative
relationship between these biases and portfolio performance. The method for this study was an
internally designed survey. Part of the results were in line with the hypothesis, but other findings
went against the hypothesised relationships.

5.2 Chapter Summary
A survey method was used to answer the research question. 103 US-based participants

took part in the survey through the survey platform Prolific. The survey included 26 questions
that included demographics, investment experience and style questions, questions for measuring
the three biases in question and for all of the biases’ associated investment behaviour, and finally
a section measuring self-reported portfolio performance. All questions were designed for the
purpose of this study. Using the survey results, an ordinary least squares linear regression model
was constructed to identify the relationship between the evidence for these biases and how they
affect portfolio performance. Two LRMs were proposed originally: one regressing portfolio
performance on the biases, and the other on the behaviour associated with each bias.

The only statistically significant finding from the originally proposed LRMs was that
there is a positive relationship between behaviour reflective of the representativeness heuristic
and portfolio performance. Different variations of the original LRMs were run to identify more
concrete patterns between the variables and there were several noteworthy findings. All of these
re-specifications excluded the experience and knowledge control, as it was thought that it would
mitigate the effects of the biases on portfolio performance to a large extent. Firstly, the positive
relationship between representativeness heuristic behaviour and portfolio performance is mostly
driven by self-reported satisfaction and returns. The relationship was also hypothesised to be
non-linear. In other words, investing in stocks that have performed well previously may result in
positive portfolio performance, but only up to a certain extent. This sub-hypothesis was accepted
as the coefficient was significant. This finding is at variance with previous literature but is
plausible nonetheless. Another finding of the alternative models was regarding loss aversion and
loss-averse behaviour. Evidence for loss aversion correlates positively with a higher perceived
portfolio quality compared to all other investors, but the opposite is true for the relationship
between loss-averse behaviour (i.e. never selling stocks at a loss) and the comparison variable.
The relationship that is likely more accurate is the latter. This is due to concerns regarding the
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validity of the loss aversion behaviour, as it also measures risk aversion to an extent, which may
mean there is a misspecification error in this variable. Moreover, the latter aligns with the
consensus from the literature.

This research is not without its limitations, which likely play a significant part in the lack
of statistical significance in the originally proposed models. A greater sample size would always
offer additional reliability and robustness to the results. Moreover, it may be that the measures
chosen for portfolio performance are problematic. Since these are relatively vague, self-reported
measures of portfolio performance, they might not give the most accurate results. Initially, these
measures were chosen in this way to ensure that incentives to misreport performance are
minimised. If specific numbers had been asked, there is always a possibility that the participants
would have never checked their portfolios and would have reported a problematic and inaccurate
approximation. However, a possible solution could have been to provide several ranges of
profit/losses where participants would likely know more or less what range their portfolio fits in.
These ranges could be presented in percentages, which would give a more accurate and objective
measure of portfolio performance. There may have also been a potential misspecification error in
the loss aversion bias variable. However, there is no standardised way of measuring loss
aversion, so more research is needed on what the most accurate way of quantifying loss aversion
in surveys is. Lastly, actual measures of investment behaviour would have been better instead of
questions on self-reported behaviour. However, due to a lack of data accessibility, this has been a
challenge and remains a limitation of this study.

Overall, the hypothesis could not be proved in the way that was originally planned.
However, the alternative models show that buying only stocks that previously performed well in
the past may not be a detrimental investment strategy, but it may be a limit to achieving higher
profit levels. Also, avoiding selling investments at a loss seems te be a detrimental strategy.
Allocating these funds to a potentially profitable investment, or selling before the stock sinks
into the bear market further, likely is a better strategy. Thus, investors should not be afraid of
booking losses sometimes, as this could lead to better financial outcomes in the long run.

5.3 Practical Implications
This paper has several practical implications. It mostly serves as an addition to the body

of literature in quantifying the role of behavioural biases on portfolio performance. Such research
aids investors in understanding their psychology as well as that of other equity market agents. An
understanding of cognitive biases in the context of equity investments can potentially contribute
to more rational decision-making and better financial outcomes of investments. This is valuable
knowledge for fund managers and investment bankers as well. Although their investment
strategies are much more complex than the average investor, they are not immune to cognitive
biases either. Finally, behavioural finance research is also necessary to ensure sound functionality
of the financial markets. This kind of research could be useful for financial institutions, which
could focus their policies on mitigating these biases, which could help with preventing the
formation of bubbles and excessive volatility in the stock market. For example, some trading
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platforms (such as eToro) incorporate such strategies by providing warnings such as that past
performance is not an indicator of future success. Behavioural finance policies can extend
beyond such nudges and encompass even investment advice services and other financial market
regulations which aim to stabilise the market.

5.4 Future Research
Future research could take several routes. Firstly, quantifying the effect of behavioural

biases on portfolio performance and abnormal price shifts in stock prices is very important for
creating a better understanding of the role of psychology in financial markets. This study can be
replicated with better measures of portfolio performance and a larger sample size.

Another possible extension of this study would be to use panel data to see how these
biases behave over time. One can incorporate data on the frequency of stock transactions and
other data such as the frequency with which the portfolio is checked. It would be interesting to
see how trading behaviour changes over time and what role behavioural biases and prospect
theory play in this process.

Perhaps it would be interesting to explore behavioural finance from a psychological
perspective other than cognitive. One could take a biological approach and combine brain
imaging techniques in a trading game experiment, or perhaps even take a sociocultural approach
and examine the role of culture and one’s ingroup on financial decisions. The inspiration has
been taken from OpenAI (2024) for some of these future research suggestions.

That being said, as a field, behavioural finance could benefit from more research on how
to mitigate cognitive biases for investors. More research is needed to evaluate the efficacy of
different policies implemented by financial institutions.
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Appendix III - Gamble Utility Calculations
As per the prospect theory, the utility functions are different in the losses and gains

domain. On the losses domain, the utility function can be said to be twice as steep (Tversky and
Kahneman 1991; Kahneman, Knetsch, and Thaler 1990) as losses loom larger than gains. The
utility functions also flatten out to decrease marginal sensitivity to losses and gains. As such, the
formula for the utility function on the gains domain should be , while on the losses𝑈

𝐺
= 𝑥

domain, it should be 𝑈
𝐿

=− 2 𝑥

Question Number Safe Option Utility Gamble Option Utility

1 100 = 10 0. 5 × 200 + 0. 5 × 0 = 7. 07

2 100 = 10 0. 5 × 400 − 0. 5 × 2 × 100 = 0

3 0 0. 5 × 150 − 0. 5 × 2 × 100 =− 3. 88

4 − 2 × 100 =− 20 0. 5 × 100 − 0. 5 × 2 × 200 =− 9. 14

5 − 2 × 100 =− 20 0 − 0. 5 × 2 × 150 =− 12. 3

Based on these calculations, the loss-averse response was determined, which is the option
with the highest utility given the loss-averse utility functions described by prospect theory.
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