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Abstract: Investment decisions are not always logical or rational. When making financial decisions in the real world, people are
guided by their emotions and personal history, and they take mental shortcuts that don’t always lead to the right decisions. These
are influences known as behavioural biases. This review article considers the most relevant biases impacting investor decision-
making. It discusses ideas from behavioural finance, a discipline that integrates psychology and economics to explain why people
sometimes make bad decisions in financial markets. The paper also describes how these biases affect stock markets, individual
investors, and portfolio managers. It draws on theories such as the Prospect Theory of Kahneman and Tversky, as well as several
empirical studies from both advanced and emerging markets. The paper concludes by suggesting possible mitigating actions for the
biases.

Keywords: Behavioural biases, investment decision-making, behavioural finance, cognitive biases, prospect theory,
overconfidence, herding, loss aversion.

1. Introduction: Behavioural Biases in Investment Decision-Making

When people think of investing money, they seem to have an image of these investors as rational, who read all of the
relevant materials and then make decisions that maximise their financial returns. This concept is at the core of classic
finance principles, such as the Efficient Market Hypothesis (EMH), which states that asset prices always incorporate all
available information. Yet the real world answers differently. A large number of investors make terrible decisions not
because they don’t have enough information, but because they allow their thinking to become skewed by psychological
pressures. They may sell losing positions too quickly, buy too many stocks, ride too long on losing stocks, buy and sell
according to the wind, or think too much of their own talents. Such behaviour is a form of bias in investor psychology
and has a great impact on investment decisions. The psychological factors responsible for this are studied in behavioural
finance. It draws on psychology and economics to understand why investors sometimes behave irrationally. Beginning
in the 1980s, scholars such as Daniel Kahneman and Amos Tversky demonstrated in a series of experiments that
individuals routinely break the rules of logical decision-making in systematic ways. In recent years, there has been a
growing recognition of the need to understand behavioural biases. Periods of stock market crashes, asset bubbles, and
poor outcomes for individual investors can be largely attributed to the influence of pervasive behavioural biases among
those investors. They include, for example, the dot-com bubble in the late 1990s, or the 2008 financial crisis, both of
which were associated in part with herd behaviour and overconfidence [1][7][18].

2 Theoretical Background

2.1 Traditional Finance vs. Behavioural Finance

Conventional finance rests on the premise that investors are fully rational. About the EMH The EMH, formulated in
the 1960s by Eugene Fama, states that the most up-to-date information is already incorporated into the stock’s price.
Therefore, consistently beating the market is not feasible, since prices always reflect fair value. But the tide began to turn
for that theory when economists realised that markets do occasionally behave in ways that can’t be explained by rational
models. For instance, stock prices occasionally rise or fall dramatically for no apparent reason. Investors tend to sell
winning stocks too soon and hold on to losing stocks for far too long. These trends are indicative of psychological
influences [141][143].
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Behavioural finance is said to have been born out of the need to fill this gap. It doesn’t view investors as perfectly
rational. It merely recognises that people are subject to cognitive biases, emotional influencers, and social pressures that
impact their financial decisions.

2.2 Prospect Theory

Prospect Theory is by far the most dominant theory in behavioural finance, which was proposed by Daniel Kahneman
and his collaborator Amos Tversky in 1979. This theory revolutionised the study of decision-making under uncertainty
among economists. Prospect Theory suggests that we do not perceive outcomes in terms of “absolute wealth”. Instead,
they judge gains and losses from a reference point, typically what they own or the purchase price of an asset. The theory
has two core elements: * Loss Aversion: The pain of losing is about twice as strong as the pleasure of gaining. Take the
case of losing Rs. 1,000, which is worse than the feeling of gaining Rs. 1,000 comforts. * Diminishing Sensitivity: Just
as people are less sensitive to small changes far away from a reference point, people also become less sensitive to
changes as they get larger. The difference in the feeling of gaining Rs. 100 and Rs. 200 is more than that between Rs.
1,000 and Rs. 1,100. Prospect Theory accounts for many real-life investment behaviours, including why investors hold
on to losing stock (to avoid realising a loss) and why they sell their winning stock too quickly (to realise a gain).

2.3 Bounded Rationality

Yet another key notion is bounded rationality, introduced by Herbert Simon. Simon contended that people have limited
cognitive capacity and the availability of perfect information. Rather, they make decisions based on simplified mental
representations of the world and on rules of thumb, known as heuristics. Heuristics can be useful shortcuts, but they can
also lead to systematic errors in judgment; these errors are the cognitive biases that we will consider in the next section.

2.4 Noise Trader Theory

The theory that is most closely related is the De Long et al. (1990) Noise Trader Theory, which argues that irrational
investors (referred to as 'noise traders') can have a significant impact on asset prices. Rational investors base their trades
on fundamental information, whereas noise traders trade based on rumours, emotions or short-term trends. Certainly, the
distortion in prices caused by noise traders is dangerous to arbitrage, so even rational traders may not be able to
completely correct it. This helps to explain how markets can remain irrational for so long [12][29][69].

3. Major Behavioural Biases in Investment Decision-Making
3.1 Overconfidence Bias

Overconfidence is one of the most popular and best-documented behavioural biases. It is a description of investor
psychology in which investors overplay their knowledge of the market, and they think they know more than they
actually do. Confident investors think they are above-average — what has been colloquially termed the "better-than-
average effect". Overconfidence in investing causes investors to trade too much. Confident investors who think they
have an edge and can spot things others can’t trade. Nevertheless, Barber and Odean (2000) found that those investors
who traded most suffered the greatest reduction in return due to transaction costs and bad timing. Overconfidence also
causes under-diversification. Overconfident investors also tend to put all their eggs in a few baskets; that is, they hold a
few stocks rather than diversifying across many. This increases the chance of significant loss. Research by Glaser and
Weber (2007) demonstrated that investors overestimate the accuracy of their own predictions. Not even the professional
fund managers — overconfidence is rife, as multiple studies have shown that fund managers tend to build portfolios that
underperform the market.

3.2 Loss Aversion

The typical effect of loss aversion is the ‘disposition effect’, the proclivity to realise gains excessively quickly and to
hold on to losing assets for excessively long. Investors sell winners because they want to lock in the gain (and perhaps
save themselves from the prospect of losing it).

It also leads to subpar portfolio performance. Loss aversion also causes further caution in market declines for investors.
Loss-averse investors will also frequently panic and sell at the bottom of a downturn in markets, thereby locking in their
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losses rather than holding to recover. As described in Prospect Theory, loss aversion is the idea that we fear losses more
than we enjoy equivalent gains. This bias strongly influences investment decisions. Investors who are loss-averse will
avoid taking any action that might lead to a loss, even when the expected value of the outcome is positive. “Glass half
full /half empty? Impact of loss aversion as per the figure. 1

Loss aversion leads to irrational investment
decisions.

Sell Quickly Hold Long

Lock in Gains Acknowledge
Loss

Subpar
Performance -~ Panic Selling

Winning Stocks Losing Stocks

Figure 1: Loss Aversion
3.3 Herding Behaviour

Herding is the tendency of investors to mimic each other's behaviour—purchasing and selling the same assets, rather
than conducting their own analysis. This behaviour can be described by two herding models: the informational herding
(people believe that others have better information) and the reputational herding (fund managers imitating others to avoid
standing out). Herding is known for being an important determinant of asset bubbles and market crashes. With the same
asset being spruced across investors due to a perception that everyone else is buying it, the asset’s price is bid up beyond
its intrinsic value. And when sentiment turns, and the masses are selling, prices can collapse double-quick. The dot-com
bubble (1999-2000) is a very good example of herding. Investors were bidding up technology stocks not because they
had all done rigorous analysis, but because everyone they spoke to was doing the same thing and making money. When
the bubble burst, a lot of investors lost heavily[41][89][99]. Bikhchandani and Sharma (2001) reviewed the literature on
herding and concluded that there is conclusive evidence of herding in both developed and emerging stock markets. They
further observed that herding is widespread in emerging markets such as India, China and Brazil, and information is less
reliable, and investors tend to follow other investors.

3.4. Anchoring Bias:

Anchoring is the bias of relying too heavily on the first piece of information when making decisions. In investing, it
frequently means investors fixate on a particular number, such as the original purchase price of a stock, and they treat
that number as an anchor for all their future choices. Take, for example, when an investor buys a stock for Rs. 500 and
has a mental target of Rs. 600 as the 'right' selling price, without taking into account that the stock's fundamentals may
have altered drastically. They are anchored to the purchase price and refuse to lift their estimates when faced with further
news. Anchoring can also influence how investors assess analyst projections. If a broker cuts a stock’s target from Rs.
1,000 to Rs. 800, investors may still feel good about the stock because they are anchored to the higher price, even if Rs.
800 is too high. Tversky and Kahneman (1974) were the first to demonstrate anchoring in their well-known experiment,
which involved participants estimating percentages after spinning a wheel landing either on 10 or 65. Participants’
estimates were highly affected by the number on the wheel, showing that even irrelevant anchors can influence decision-
making [2][15][37].
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3.5 Confirmation Bias

Confirmation bias is the human tendency to search for, interpret, favour, and recall information in a way that affirms
one's existing beliefs or hypotheses. Investors who have confirmation bias seek out news and information that supports
their existing theses, and they either ignore or discount news that challenges them. For example, a bullish investor on a
certain stock might ignore negative reports while focusing on positive developments of the company. This is why you
see people irrationally holding on to a bad investment for an extended period of time as they continue to come up with
new reasons to explain away why they were wrong. Confirmation bias is particularly pernicious because it can give us a
misleading sense of confidence. Investors believe they have done their homework when they discovered supporting
evidence for their point of view, but that really just means they haven’t critically challenged their own thesis by giving
serious consideration to the opposing evidence. Lord, Ross, and Lepper (1979) studied confirmation bias in the context
of capital punishment using an experimental design in which respondents who favoured and opposed capital punishment
evaluated the same set of studies; they found that respondents considered studies that supported their pre-existing view
as more persuasive, irrespective of the rigour of the research [4][19][85].

3.6 Availability Bias

Availability bias is when individuals base their decisions on information that they can easily retrieve from their memory
instead of from complete or objective data. In investing, this can translate into recent or headline-grabbing news having
an outsized impact on decisions, as per Figure 2

Availability Bias in Decision Making

Recent News

Recernt news
influences iINvestment
decisions significanthy.

Headline-
Grabbing Increased
Information Demand

Headline-grabbing Awrailability bias leads
informMmation impacts 1o higher dermand for
consumer choices. products.

Easy Retrieval

Information easily
retrieved from
memory affects
decisions.

Figure 2: Availability Bias In Decision Making

For example, in the wake of a large stock market crash, investors may overestimate the chance of another crash
occurring in the near term simply because the event is so vivid and fresh in their minds. On the flip side, during a
prolonged bull market, investors might be underestimating risk because no crash has occurred in a while. Availability
bias causes investors to also overweigh the information that they just keep on hearing, like the news on big firms that
already have a crown of popularity over them, and underweigh the information of lesser-known, but possibly better,
investment firms. This can create overexposure to well-known companies and underexposure to smaller, less-covered
opportunities [115][121][110].

3.7 Mental Accounting

Mental accounting, a term coined by Richard Thaler, describes the phenomenon in which people divide their money into
separate mental accounts based on specific categories and then use different criteria when evaluating expenditures from
the various accounts. For instance, an investor may be a big risk taker with his poker winnings (“house money”), but be
very conservative with his salary, despite the fact that “money’s money,” no matter where it comes from. In the same
way, investors may value dividend income differently from capital gains income, even though they should regard both
as increases to their wealth. Mental accounting can also cause bad portfolio decisions. For instance, investors may
segregate their portfolio into a 'safe' pool (low-yield bonds) and a 'risky' pool (speculative equities) instead of looking at
their portfolio on an aggregate basis. This can create an overall portfolio that does not reflect the real risk preferences.
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3.8 Representativeness Bias

Representativeness bias refers to a phenomenon in which investors estimate the probability of an event occurring based
on how similar it is to a stereotype (or experience), rather than on the real, statistical probabilities. This can result in
inaccurate forecasting of what future performance will be. A classic illustration: the “hot hand” fallacy — the
assumption that a fund manager or stock that has done well recently will keep doing well. Instead, historical
performance is generally a bad indicator of future results. However, investors tend to mistake a winning streak for skill
rather than luck, and so they chase past performance [9][117].

3.9 Status Quo Bias

Status quo bias is an emotional bias where the existing baseline or status quo is taken as a reference point, and any
change from that baseline is perceived as a loss. Biased investors are also unwilling to change their portfolio, even when
doing so would obviously be in their best interest. They cling to their old investments just as a drug addict clings to his
drug of choice -- doing nothing is safer, doing nothing is more comfortable. Such bias may hinder an investor from
rebalancing their portfolio, from moving into better investment options or from cutting their losses. Samuelson and
Zeckhauser (1988) illustrated this effect in the context of investors, showing that people tend to stick with default options
in investments, further demonstrating the power of inertia in financial decisions[40][139].

4. Impact of Behavioural Biases on Markets and Investors
4.1 Impact on Individual Investors

Behavioural biases in a retail investor lead to detrimental effects on investment returns, risk-taking or risk-avoiding.
Individual investors tend to underperform the market, as shown in various studies. One important driver of this is
overconfidence-induced excessive trading, which entails high transaction costs. The disposition effect—too-early sale of
winners and too-late sale of losers—also diminishes returns. Odean’s (1998) research found that the individual investors’
sold stocks outperformed their held stocks by approximately 3.4% in the year following sale, suggesting that investors
may be selling the wrong stocks. Bias towards losses. Many individual investors lose out on returns because they are too
cautious or are nervous about investing, as per figure 3 [102][104][110].

Market Volatility Driven by Behavioral Biases

Herding

Investors follow the crowd,
amplifying trends
Information Diffusion

Slow reaction to news causes
anchoring
Over Volatility
Collective behavior amplifies price
swings
Market Anomalies

Patterns deviate from rational
economic models

Asset Bubbles

Biases inflate asset prices beyond
fundamental value

Figure 3- Market Volatility Driven Y Behavioural Biases
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4.2 Impact on Financial Markets

At the market aggregate level, behavioural biases bring about such phenomena as asset bubbles, market anomalies, and
overvolatility. These biases can sometimes be shared by a large number of investors, leading to collective behaviour that
can drive asset prices away from their fundamental value. Market anomalies — which are patterns in stock return that
cannot be justified by rational models — are frequently ascribed to behavioural biases [140]. The January effect (stocks
tend to rise in January) can be explained by tax-loss selling in December, followed by repurchasing in January — a form
of behaviour associated with loss aversion and mental accounting.

4.3 Summary Table of Biases and Their Effects
Table 1: Biases and Their Effects

Behavioral Bias Main Cause Investment Behavior Market Effect
Overconfidence Overestimation of skill Excessive trading, under- | Increased market
diversification volatility

Loss Aversion

Fear of losses > joy of
gains

Disposition effect, panic
selling

Downward price spirals

Herding Following the crowd Buying/selling with the | Bubbles and crashes
majority
Anchoring Fixation on the reference | Ignoring new information | Price stickiness

price

Confirmation Bias Seeking validating info Holding bad investments | Delayed price correction

Availability Bias Over-relying on recent | Overweighting recent | Excess volatility
events crashes/booms
Mental Accounting Categorizing money Sub-optimal portfolio | Market inefficiencies
allocation
Representativeness Stereotyping outcomes Chasing past performance | Performance persistence
myths

Failure to rebalance the
portfolio

Status Quo Bias Preference for inaction Slow market adjustment

4.4 Impact on Institutional Investors and Fund Managers

Institutional investors and fund managers are biased , too. Evidence of herding among mutual fund managers has been
documented in several studies — they appear to trade in the same stocks at the same time, generating correlated trading
patterns, which have the potential to magnify market movements. Overconfidence is prevalent among professionals as
well. Many fund managers have an illusion of skill and think they can beat the market on a consistent basis, despite the
fact that most actively-managed funds underperform their benchmark index over long periods, especially after fees.
Reputational concerns can lead to irrational behaviour. Fund managers can herd because straying from the consensus
view on the market is risky — if they make a contrarian bet and lose, they will get fired, whereas if they follow the herd
and lose, they can at least say that “everyone else lost too.”

5. Strategies to Reduce Behavioural Biases
5.1 Education and Awareness

The first step in correcting behavioural biases is simply understanding that they exist. Financial literacy and investment
education may enable investors to identify their own biases and to be better informed regarding how these biases could
impact their decisions. Research has shown that investors who are educated about the disposition effect, for example, are
less likely to succumb to it. A number of universities and financial firms now provide behavioural finance courses that
educate investors on cognitive biases and ways to mitigate their effects. Regulators such as SEBI in India and the SEC in
the U.S. have also started integrating behavioural finance concepts in investor awareness programs [11][115][150].
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5.2 Setting Rules and Pre-Commitments

A rule-based investing approach is biased in its own way, but by deciding on your investment strategy in advance—
prior to having your emotions hijacked—you stand a much better chance of reducing bias. For example, as an investor,
you may decide in advance that you will sell a stock if it drops 10% from what you paid for it (stop-loss rule), or that
you will rebalance your holdings to your desired asset allocation twice a year. Such investment decisions are better made
in a non-emotional state of mind and when an investor is less likely to be influenced to change them on the fly (based on
prevailing market sentiment). This method is consistent with research on self-control and pre-commitment schemes
(Thaler and Benartzi, 2004) [118][97].

5.3 Diversification and Passive Investing

Diversification is strong medicine for overconfidence and availability bias. When you diversify your investment
portfolio by including different asset classes, industry sectors or geographic regions, you are protecting yourself against
the risk of overexposure to a small handful of familiar or popular investments. Passive investing — buying index funds
that follow a market benchmark — is another way. Because they are not dependent on picking individual stocks, index
funds are not subject to many of the biases that active investing entails, like overconfidence, confirmation bias and
anchoring. Studies consistently find that the majority of active managers underperform their benchmark index over time,
and one key explanation is the behavioural biases of these fund managers [132][120].

5.4 Using Checklists and Systematic Processes

Professional investors and analysts can mitigate bias through the use of structured checklists and processes for executing
investment decisions. To mitigate the effect of confirmation bias (and overconfidence), investment firms can force
analysts to weigh positive and negative evidence, challenge their assumptions, and act as “devil’s advocate.” Daniel
Kahneman recommends what he calls a ‘pre-mortem’ — the act of imagining that a decision you’ve yet to make has
already failed and thinking about why before you make it. This compels investors to recognise potential downsides,
which they might have ignored on the grounds of optimism or confirmation biases [3][78][79].

5.5 Nudges and Choice Architecture

Behavioural economists have discovered that the framing of choices can influence decisions. 'Nudges' are slight design
tweaks that steer people toward better behaviour without limiting choice. Like enrolling employees in pension plans
automatically (and giving them the option to opt out), which greatly increases participation, as demonstrated in the work
on choice architecture by Thaler and Sunstein. Nudges can also be applied by financial product designers and employers
to help investors make better decisions [111][116][130].

Nudges Increase Better Behavior

Poor Decision- Improved
Making Decision-Making

People make People make better
suboptimal choices choices

Employees Design choices 10 steer
automatically join behavior
pension plans

Figure 4: nudges increase better behaviour
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Simply presenting investment choices in a way that promotes diversification, or defaulting retirement saving
contributions to higher levels, can have a material effect on long-term investment results [119][129].

5.6 Seeking Independent Advice

An individual investor can be enabled to make more rational decisions by a financial advisor who is educated in the
identification and mitigation of behavioural biases. A good advisor is a ‘behavioural coach,” constantly reminding
investors of their long-term goals when short-term market action tempts them to make emotional decisions. But it
should be noted that advisors themselves are not impervious to biases. Studies indicate that financial advisors can also
be subject to herding and overconfidence. The holy grail is an advisor who is both technically proficient and trained in
behavioural finance [111][136][134].

6. Review of Key Studies

The investigation of behavioural biases in investing has blossomed into a generous field of enquiry. Some (but not
necessarily all) of the most relevant related work is: The origin of behavioural finance: Prospect theory, Kahneman and
Tversky( 1979) established the basis of behavioural finance with Prospect Theory. Their work demonstrated that
individuals assess outcomes with respect to a reference point, and they are more responsive to losses than to gains.
Kahneman (with Tversky) 1992 is among the most cited papers in economics and won Kahneman the Nobel in 2002.
Shefrin and Statman (1985) were the first to identify the disposition effect, using data from a large brokerage firm. They
uncovered pattern-related evidence that investors hang on to losers and dump winners — a behaviour consistent with
loss aversion and mental accounting. De Bondt and Thaler (1985) established that stocks that had performed ‘badly’
(well) in the prior three to five years tend to outperform (underperform) stocks that had performed well (badly) during
the same period. This ‘reversal effect’is inconsistent with the concept of an efficient market, and is interpretable as an
overreaction originating from representativeness bias. Barber and Odean (2000) studied the transactions of more than
60,000 households and discovered that the most active traders earn average net returns 6.5 percentage points per year
lower than the least active traders. They attributed this to overconfidence[113][125][145].

Odean (1998) showed that individual investors systematically sell their winning investments and hold their losing
investments — the disposition effect — and that this behaviour reduces their returns.

Bikhchandani and Sharma (2001) reviewed the herding in financial markets and distinguished two types: intentional
herding (in which investors deliberately follow others) and spurious herding (in which investors actually react to the
same information and thus act in a similar manner). Urlencoded. You are encouraged to share this article with your
friends and colleagues. Thaler (1985) introduced the notion of mental accounting and demonstrated how this results in
behaviour that is inconsistent with economic theory, such as treating “windfall” money differently from money earned
with effort. Jain and Sehgal (2019) examined behavioural biases of Indian retail investors and observed evidence of
strong overconfidence, herding and disposition effect in the Indian stock market. Their results also implied that these
biases are not peculiar to Western investors only but exist globally [132][144][157][158].

The investigation of behavioural biases in investing has blossomed into a generous field of enquiry. Some (but not
necessarily all) of the most relevant related work is: The origin of behavioural finance: Prospect theory, Kahneman and
Tversky( 1979) established the basis of behavioural finance with Prospect Theory. Their work demonstrated that
individuals assess outcomes with respect to a reference point, and they are more responsive to losses than to gains.
Kahneman (with Tversky) 1992 is among the most cited papers in economics and won Kahneman the Nobel in 2002.
Shefrin and Statman (1985) were the first to identify the disposition effect, using data from a large brokerage firm. They
uncovered pattern-related evidence that investors hang on to losers and dump winners — a behaviour consistent with
loss aversion and mental accounting. De Bondt and Thaler (1985) established that stocks that had performed ‘badly’
(well) in the prior three to five years tend to outperform (underperform) stocks that had performed well (badly) during
the same period. This ‘reversal effect’is inconsistent with the concept of an efficient market, and is interpretable as an
overreaction originating from representativeness bias. Barber and Odean (2000) studied the transactions of more than
60,000 households and discovered that the most active traders earn average net returns 6.5 percentage points per year
lower than the least active traders. They attributed this to overconfidence [123].

Odean (1998) showed that individual investors systematically sell their winning investments and hold their losing
investments — the disposition effect — and that this behaviour reduces their returns [112][152][153].
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Bikhchandani and Sharma (2001) reviewed the herding in financial markets and distinguished two types: intentional
herding (in which investors deliberately follow others) and spurious herding (in which investors actually react to the
same information and thus act in a similar manner). Urlencoded. You are encouraged to share this article with your
friends and colleagues. Thaler (1985) introduced the notion of mental accounting and demonstrated how this results in
behaviour that is inconsistent with economic theory, such as treating “windfall” money differently from money earned
with effort. Jain and Sehgal (2019) examined behavioural biases of Indian retail investors and observed evidence of
strong overconfidence, herding and disposition effect in the Indian stock market. Their results also implied that these
biases are not peculiar to Western investors only but exist globally[143][155][159].

7. Conclusion

This article has reviewed the most important behavioural biases investors exhibit. 2 We have learned that investors
aren’t the fully rational organisms that traditional finance Theorists would like to believe them to be. Rather, they are
subject to a host of psychological influences such as overconfidence, loss aversion, herding, anchoring, confirmation
bias, availability bias, mental accounting, representativeness, and status quo bias. These biases aren’t occurring
haphazardly or due to some unpredictable factors — they are systematic and stable across investors, markets, and
cultures. They influence not only individual retail investors but also professional fund managers and institutional
investors. At the level of the market as a whole, they help explain such phenomena as asset bubbles, market crashes, and
long-lived market anomalies. Everyone involved in finance needs to understand behavioural bias. For retail investors, it
can help them better identify their own blunders and make wiser long-term decisions. For financial advisors, it offers
tools to help clients stay on track through stressful market environments. To policymakers and regulators, it informs
how financial systems and products can be designed so as to better guide investors away from common traps.

Behavioural finance has evolved considerably since Kahneman and Tversky developed Prospect Theory in 1979. It has
transitioned from the periphery of academic research to the core of financial theory and practice. Now, insights from
behaviour are being applied to create better pension plans, to refine financial regulation, and to design investment
products that capitalise on human psychology instead of fighting it. That said, there is a lot to be done. Future research
may also investigate how behavioural biases change in a different technological era, e.g. with the introduction of
artificial intelligence and robo-advisors that can aid investors in the decision-making process, and how these biases
interrelate to form more complex patterns of investor behaviour. To conclude, behavioural biases are intrinsic to
investment decisions. Not dealing with them is what causes bad financial results for individuals and market turmoil.
Recognising and mitigating them — with education, improved processes, and intelligent system design — can result in
more informed decision making and greater financial well-being for all.
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