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Abstract

This paper investigates the impact of investor irrationality in cryptocurrency mar-
kets, focusing on emerging and developed markets. The study examines three key
behavioural biases—overconfidence, herding, and regret aversion—using quanti-
tative methods with secondary data. Regression analyses, including lead-lag rela-
tionship, CSAD regressions, and comparisons of regret aversion metrics such as
loss ratios and realized profit/loss ratios, are used to analyse investors’ behaviour.
The results reveal that overconfidence is not statistically significant across most
cryptocurrencies, with Dogecoin being the only exception. Herding behaviour is
more prominent in emerging markets, while developed markets exhibit herding
mainly during extreme market movements. Regret aversion is significantly strong-
er in emerging markets, particularly in Dogecoin, where investors' reluctance to re-
alize losses leads to underperformance. In contrast, developed market investors
display less regret aversion. This study highlights the role of behavioural biases in
cryptocurrency markets, helping investors and policymakers navigate market inef-
ficiencies.

Keywords behavioural finance, cryptocurrency, investment, overconfidence, herd-
ing, regret aversion.
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1 Introduction

Cryptocurrency has once again risen to the forefront following recent geopo-
litical and socio-economic events. The election of the U.S. President and the
rise of the meme coin ‘fad’ have sparked significant interest in cryptocur-
rency, a highly speculative asset class. Its inherent uncertainty makes it in-
triguing to study cryptocurrency market behaviour, specifically focusing on
investor behaviour. Therefore, this paper aims to examine whether rationality
exists in two types of cryptocurrency markets and, if not, identify which of the
three behavioural biases contribute to irrational investor decisions.

This paper employs a quantitative research method, gathering historical data
on four cryptocurrencies: Bitcoin, Ethereum, Solana, and Dogecoin. The goal
is to test for overconfidence, herding behaviour, and regret aversion. The
results show that all three biases are more prevalent in emerging markets
(Dogecoin and Solana) compared to developed markets. These differences
are particularly interesting and can be explained by variations in market struc-
tures and dynamics.

Understanding these behavioural limitations is crucial in helping retail and
individual investors navigate the psychological traps present in the market
and avoid getting caught up in crypto fads during periods of exaggerated bull
runs.



2 Literature review

Several behavioural finance theories have been established in the literature
to explain the question of rationality underlying investors’ decision-making.
Accordingly, deviation from rationality is driven by different kinds of behav-
ioural finance biases. With cultural and structural differences, crypto inves-
tors behave differently across emerging and developed markets. This litera-
ture review has thus been conducted to explore whether investment deci-
sions in emerging and developed markets are rational arise in crypto-related
securities.

This review begins by (1) outlining current theoretical framework on investor
rationality, (2) providing an overview of the cryptocurrency markets, (3) iden-
tifying the behavioural biases in crypto investing, and concludes with (4) a
conceptual framework from the synthesis of literature.

While many types of behavioural biases exist, this literature review would
narrow the focus on overconfidence, herding behaviour, loss aversion, regret
aversion in portfolio allocation of crypto-related investments.

2.1 Theoretical Framework

Theoretical frameworks such as behavioural finance and institutional theory
offer insights into the complexities of investor rationality. These frame-works
underlie the interplay between rationality and irrationality. As such, investors
behave along a continuum of these two extremes (Nicholls, 2010; Mukherjee
& De, 2018). Closely tied to the market efficiency theory, the question of in-
vestor rationality is rigorously debated in the behavioural finance academics
(Zhi, 2011). Contributed to the debate are theories proposing that rationality
is context dependent as investors strategize adapting to specific circum-
stances and available information (Rzeszutek et. al., 2015).

In this literature review, theories of Efficient Market Hypothesis (EMH), Pro-
spect Theory, and bounded reality will be put under discussion.

2.1.1 Efficient Market Hypothesis (EMH) and Market Anomalies

Proposed by Fama in 1970, Efficient Market Hypothesis (EMH) posits that
the capital markets are efficient, and security prices would already fully reflect
all the available information in the market, thus making it impossible for in-
vestors to consistently beat the market. In his empirical review, Fama has
come up with subsets of from weak-, semi-strong, to strong form tests to
categorize different levels of market efficiencies. For this thesis, the implica-
tions of EMH would mean that if crypto markets are efficient, prices would
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already account for all information (historical, public, and private), disregard-
ing the irrationality and psychological biases by the market participants. In
that sense, price movement would be purely driven by new information, not
by investors’ emotions and biased behaviours.

However, the theory of EMH is not without criticism. In testing for efficient
market, Fama (1970) acknowledged that there remains ‘exceptions’ of mar-
ket inefficiency (anomalies) in the EMH. Over time, both empirical and theo-
retical evidence of market anomalies have been devised to redress this the-
ory. Notable among these are the return performance of investors who un-
failingly outperformed the market, such as Warren Buffet, George Soros.
These individual investors have recorded sustainable growth de-spite the
volatile market. In addition, behavioural economic and behavioural finance
researchers have since argued that market participants cannot escape hu-
man cognitive errors, which leads to investor irrationality and market imper-
fections. Limitations in human’s information and cognitive processing has
subject investors to emotional and irrational behaviour, thus indirectly con-
tribute to increased market volatility, trading volume, and stock market bub-
bles (Lawrence et. al., 2007). In the context of cryptocurrency investment,
the concept of efficient market hypothesis is further questionable as this in-
efficient market has led to greater deviation from rational behaviour (citation
needed).

2.1.2 Prospect Theory

Behavioural finance theories have since challenged the assumption of per-
fect efficiency associated with EMH. One of the most fundamental ground-
works in the field is the Prospect Theory, formulated by the fathers of behav-
ioural economics, Daniel Kahneman and Amos Tversky (1979). It explains
how decision-making under uncertainty often deviates from rationality, reject-
ing the perfectly rational decision-making modeled in the expected utility the-
ory. Prospect theory is closely tied to loss aversion, which states that individ-
ual’'s perception of losses and gains is asymmetrical, and losses are felt
greater than gains. According to the theory, people approach to ‘gains’ and
‘losses’ depending on a particular ‘reference point’, which varies with each
individual and circumstance. The main findings of Prospect Theory suggest
two different risk-bound scenarios and corresponding attitude and reaction
from the investors associated with the value function (Pan, 2019):
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Figure 1 A hypothetical value function (Kahneman & Tversky, 1979)

1)

2)

3)

4)

People focus more on the change of wealth rather than the total
amount. Specifically, they care more about gain or loss than their over-
all size of their investment.

In making a risky decision with prospects of gains, people tend to be
risk averse. This represents the concave section of the curve. Mean-
while, in making a risky decision with prospects of losses, people tend
to be more risk-seeking. This represents the convex section of the
curve.

Investors feel the pain of a loss more acutely than the pleasure of a
gain.

Prior outcomes influence future attitude to risk. While early profits re-
lax investor’s risk tolerance and later losses, early losses intensify the
impact of later losses and investor’s risk aversion.

While Prospect Theory (Kahneman & Tversky, 1979) remains a key founda-
tion for behavioural finance applications in explaining how investors deviate
from irrationality in uncertain situations, it cannot escape defects and cri-
tiques. In a review paper, Pan (2019) pointed out that prospect theory is de-
scriptive rather than prescriptive due to its lack of strict theoretical foundation
and mathematical deduction, thus limiting its application to explaining
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behaviour instead of guiding it. This defect means that while prospect theory
can explain why investors might act irrationally, it lacks concrete guidance on
how to predict or manage those behaviours, especially in volatile markets
like cryptocurrency.

Another noteworthy question around the validity of prospect theory is upheld
by Barberis (2013) in his Review and Assessment paper. The author
acknowledges that while prospect theory accurately describes risk propensi-
ties in controlled and laboratory settings, it may not hold in real-world situa-
tions, which generally involve higher risks and more experienced decision-
makers. His skepticism is significant when it comes to markets such as cryp-
tocurrency, where the risks and rewards are far more extreme than traditional
equities and bonds. Unlike in lab experiment, cryptocurrency investors face
a highly volatile environment with many external influences such as crowd
sentiments, liquidity, supply and demand that might lead them to act differ-
ently than the theory suggests. Barberis refers to studies where prospect
theory still works under strong financial incentives, such as game show prizes
(Kachelmeier and Shehata, 1992) and financial incentives in poor countries
(Post et al., 2008).

Meanwhile, the theory’s predictions seem less reliable with regards to expe-
rienced traders. For instance, List (2003, 2004) showed that experienced
traders, like developed market participants, may not display the same loss
aversion as less experienced investors. Therefore, it could be inferred that
investors in developed markets with more experience and better market un-
derstanding might be less affected by the biases existing in the prospect the-
ory. However, Barberis also notes that Pope and Schweitzer (2011) discov-
ered that even seasoned professionals are still influenced by the same psy-
chological biases, in this case the golfers making decisions based on loss
aversion around a par score. Its finding is relevant to this thesis, as loss aver-
sion is suggested to not only affect novice investors or those in experimental
settings. Even highly experienced professionals in developed markets can-
not entirely escape this bias.

2.1.3 Bounded rationality

This concept of bounded rationality, introduced by Herbert Simon (1957),
emphasizes that investors have limitations that lead to suboptimal decisions.
Those constraints could be cognitive biases, time, and information available
to make the decision. As a result, the agent often relies on heuristics to arrive
at a satisfactory solution rather than an optimal one (Simon, 1957).

In financial markets, investors have to process bulks of complex information
and navigate uncertainties. With time and risk pressures, investors may
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resort to mental shortcuts, which can cause biases like overconfidence and
anchoring. To compensate for such limitations, Herbert Simon’s chunking
theory (1974) suggests that individuals can make better decisions by storing
large amounts of information in long-term memory through learning and ex-
perience. Even though experience may assuage some biases, it does not
fully eliminate these limitations (Gobert & Lane, 2012).

2.2 Cryptocurrency Markets

Cryptocurrencies have risen in significance across the global financial
system. Along with the exponential growth, it has opened up fertile grounds
for research and study. As such, recent studies have reported an increase in
the amount of published papers on cryptocurrencies (Corbet et al., 2018;
Jalal et al. 2021; Fang et al., 2022). The emergence of cryptocurrency brings
with it distinctive features that distinguish itself from traditional asset classes.
Therefore, it is essential to understand its fundamentals for the purpose of
analysis and comparison in the subsequent sections of this thesis.

2.2.1 Characteristics of Cryptocurrency Markets

Cryptocurrencies have become a unique asset class, with disctint features
from traditional financial assets (Kruckeberg and Scholz, 2019). One of the
key differences is their decentralization. Cryptocurrencies can eliminate the
need for intermediaries like banks and instead lower transaction costs (Rose,
2015). This decentralization together with 24/7 trading is unlike traditional
assets, which are restricted by market hours and central control. Such
features contribute to the speculative nature of cryptocurrency market,
where factors such as limited supply and advances attract more investors
(Fang et al., 2022).

In addition to decentralization, volatility is another key aspect of
cryptocurrencies. Their price movements are often much more extreme
compared to traditional markets. Despite the risks involved, cryptocurrencies
appeal to risk-seeking investors who are attracted to high returns prospects
(Trimborn et al., 2019). In terms of market response, higher volatility was
recorded in case of positive news than negative news. This suggests that
market optimism can potentially exaggerate price fluctuations (Fakhfekh &
Jeribi, 2020). Furthermore, return patterns of cryptocurrencies also indicate
frequent large price shift (Acereda et al., 2020), making them more
vulnerable to risks, especially during market crises (Schmitz & Hoffmann,
2020).

Despite the high volatility, cryptocurrencies are highly interconnected.
Research demonstrates that during market downturn, smaller
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cryptocurrencies can contribute to spreading the risk. Therefore, it is worth
paying attention to how different digital assets are related (Gkillas et al.,
2018; Kumar et al., 2022). In fact, Kruckeberg and Scholz (2019) found that
cryptocurrencies are more strongly correlated among themselves than with
traditional asset classes (only about 1% shows a correlation to other financial
assets). This connection becomes clearer during times of market distress,
when cryptocurrencies tend to follow the same direction. Admittably,
understanding these relationships can help answer whether investors in
cryptocurrency markets act rationally, as asset correlations and volatility can
influence decision-making in both emerging and developed markets.

2.2.2 Applications of theoretical framework in cryptocurrency market

With a combination of decentralization, high volatility and
interconnectedness, cryptocurrency markets can have special implications
when applied under the theoretical structures.

Implications of EMH on cryptocurrency market

Although the amount of literature on the efficiency of cryptocurrency market
is still limited, a few studies show that Bitcoin, Ethereum, and other big
cryptocurrencies like XRP demonstrate a weak-form efficiency (Ozcan et al.,
2024). In such market, historical information is already reflected in current
prices, limiting chances of abnormal returns. However, cross-exchange
information disrupts this efficiency. Granger causality between prices on
different exchanges creates potential for arbitrage, which indicates market
inefficiency (Souza et al., 2023).

With regards to market anomalies, Ozcan et al. (2024) observed calendar
anomalies in Bitcoin and Ethereum. Their results showed significance in
returns and volatility, such as positive returns in April and reduced risk in
September and October. Besides, larger exchanges tend to be more
efficient, with both weak and semi-strong forms of market efficiency being
tested and confirmed (Kang et al., 2021).

Implications of Prospect Theory on cryptocurrency market

Research has shown that prospect theory can be applied to predict
cryptocurrencies returns effectively. Based on prospect theory, one model
using price information has proven strong predictive power for portfolio
formation in the cryptocurrency market. Even after accounting for known
predictors, this model outperforms the market, revealing significant alphas
through factor regressions (Thoma, 2020). Moreover, cryptocurrrencies with
high prospect values tend to have low returns. This suggests that traders’
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attitude to cryptocurrencies are consistent with prospect theory (Thoma,
2020; Yadav, 2024).

Prospect theory underlines the role of probability weighting in investor
decision-making, which is also relevant to crypto investing. Investors often
implicitly prefer assets with lottery-like features that are highly positively
skewed, which are common for cryptocurrencies (Thoma, 2020; Yadav,
2024). This propensity matches the findings that portfolios with lower
cumulative prospect theory values perform better than higher counterparts
(Ababio, 2019). Thus, it can be inferred that investor’s psychological biases
significantly nudge their investment choices.

Nevertheless, the relationship between prospect theory value and
cryptocurrency returns is not uniform across all market conditions. Indeed,
there is an asymmetry in investor reactions, and smaller cryptorrencies with
high volatility and illiquidity are supported by more robust predictions
(Thoma, 2020). This gap suggests future research could study these
assymetries and their implications for market dynamics.

Implications of Bounded Rationality on cryptocurrency market

Bounded rationality in cryptocurrency markets can lead to price bubbles,
market fluctuations, potential for evolutionary stability in the competitive
market.

Investors with bounded rationality often rely on past price performance to
make decisions, generating feedback loops. When high returns are
observed, investors may infer a high Sharpe ratio and thus increase the size
of their investment. This behaviour further inflate asset prices and potentially
creating bubbles. This model has been applied to cryptocurrency markets to
explain many observed empirical patterns (Han and Makarov, 2021).

Bounded rationality also introduces deliberation errors into decision-making,
which can spur market fluctuations. However, the impact is largely complex
and random depending on various market factors (Conlisk, 1996).

Despite the limitations of bounded rationality, decision-making models based
on it can persist in competitive markets. These models, which often
demonstrate biases such as profit-loss assymetry and reference point
dependence, can be an evolutionarily reliable strategy (Kinoshita et al.,
2013).

2.2.3 Emerging and Developed Cryptocurrency Markets
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Unlike traditional stock markets, which are grounded in physical locations,
cryptocurrencies are decentralized, and transactions occur in virtual spac-es.
Therefore, the terms "emerging" and "developed" cryptocurrency mar-kets
do not refer to geographic locations but rather to the maturity of the
cryptocurrencies. Emerging cryptocurrency markets are characterized by
lower- to mid-market capitalization, lower liquidity, higher volatility, and less
established fundamentals compared to developed markets. Devel-oped
markets, on the other hand, are more mature cryptocurrencies that have
developed into "stable coins" with high liquidity, constant supply and demand,
and high market capitalization. For this research, | have chosen Bitcoin and
Ethereum to represent developed cryptocurrency markets, and Solana and
Dogecoin to represent emerging cryptocurrency markets.

2.3 Behavioural Biases in Crypto Investing

Behavioural economics proposes a variety of behavioural factors ranging
from heuristics and cognitive effects. These behavioural short-cuts purport to
aid and enhance the decision-making process. However, when placed into
the contexts of uncertainty, these mental tactics often fuel biases and falla-
cies, as human are not always rational beings. Thus, the literature has iden-
tified a multitude of factors, which are relevant to the rationality of crypto in-
vestors across the emerging and developed markets.

This section will briefly introduce overconfidence, herding behaviour, and re-
gret aversion in the context of cryptocurrency investing.

2.3.1 Overconfidence bias

Overconfidence effect, often known as overconfidence bias, is when
someone has greater confidence in a subjective judgement than its objective
accuracy (Moore and Healy, 2008). In finance, especially cryptocurrency
markets, investors have inflated belief in their financial knowledge and
decision-making abilities, often leading to increased risk-taking in the crypto
market. This bias leads investors to overestimate their understanding and
control over market dynamics, which eventually increase the likelihood of
crypto investments (Syarkani and Tristanto, 2022).

The crypto market’s volatility is partly driven by overconfidence among
investors. This common behaviour has been exemplified in historical
financial bubbles like the Dot-Com bubble, where overconfidence led to
inflated asset prices and subsequent market corrections (Tran, 2019). The
trading activities in cryptocurrrencies like Bitcoin and Ripple have shown
responsiveness to past market returns, thus indicating overconfidence
trading patterns.
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By identifying overconfidence trading behaviour, we can determine whether
crypto investors across different market types are rational or not.

2.3.2 Herding behaviour

Herding behaviour in financial markets refers to tendency of investors to
mimic the action of others, often leading to market inefficiencies. This market
phenomenon is of great relevance to a highly volatile and speculative market
like cryptocurrencies.

According to the research (Bouri et al., 2019), herding behaviour have been
found to be significant through further analysis with a rolling-window
approach. The findings point out that herding behaviour varies over time and
tends to increase during periods of rising uncertainty. This means that
investors are more likely to follow the crowd when they perceive greater risk
or lacking information. This is especially true for less experienced investors,
who often face challenges interpreting market signals, thus have to resort to
herding as a safer option (Wijaya and Elgeka, 2024).

2.3.3 Regret aversion

Regret aversion is identified as one of the most influential biases that affect
crypto investors. This pschycholagical bias can steer investors to make
regret-minimizing choices for safeguarding their investments. Accordingly,
investors would avoid selling cryptocurrencies that have decreased in value
and, in turns, sell those that have increased in value too early. In both
scenarios, investors act on fear of regret (Sood et al., 2023).

Fundalmental research also indicates that people tend to make decisions
that minimize regret rather than risk. This behaviour is recorded in both high-
risk and low-risk investment prospects, suggesting that regret aversion can
lead to choices that prioritize emotional comfort over potential financial gain
(Zeelenberg et al., 1996).

Together with overconfidence and herding, regret aversion could be a
reliable indicator and driver of rationality among cryptocurrency investors.
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2.4 Conceptual Framework

Developed Crypto rati ;
markets Investors rrationality

Emerging Crypto ) )
markets ’ > ‘ Investors Irrationality

C

Overconfidence

Herding
behaviour

Regret
aversion

Figure 2 Conceptual framework

The conceptual framework for this paper examines the behavioural factors
influencing cryptocurrency investors in both emerging and developed mar-
kets. It highlights irrationality as a key mediator between market contexts and
specific investor behaviours such as overconfidence, herding, and regret
aversion. By comparing such variables across these markets, the framework
aims to examine and explain deviations from rational decision-making in
cryptocurrency investments.
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3 Methodology

3.1 Research Design

To represent the developed market, | chose Bitcoin and Ethereum for their
stable and matured characteristics. These cryptocurrencies have long history
and has established themselves as the most widely recognized and traded
digital assets, ideally capturing investors’ behaviour in developed market.

For emerging market, Solana and Dogecoin was selected as the focus.
Solana is itself the intermediary between cryptocurrency and newly emerged
memecoin token transfers, making it a unique coin to explore investors’
behaviour. Dogecoin, on the other hand, is a memecoin with significant
market presence and maturity, reflecting emerging market dynamics.

3.2 Data Collection
3.2.1 Data Sources

Data for this paper was collected from online cryptocurrency data
aggregators. The historical data for Bitcoin, Ethereum, Solana, and Dogecoin
were provided by Coinmarketcap.com, including closing prices, traded
volumes, and individual coin’s market caps. Additionally, overall
cryptocurrency market cap data was fetched from CoinGecko.com due to a
lack of download feature on Coinmarketcap and limited data availability for
cryptocurrency indices elsewhere. For example, Coinmarketcap’s CMC 100
index only has data starting from 2024 and S&P crypto index contains too
many missing values because of traditional trading days.

The time period covered in this research spans from 12 April 2020 until 5
March 2025. The justification is that the timeline is adjusted to align with the
launch date of Solana, which was created not long ago. Consequently, the
data set includes almost five year, which is sufficient to capture diffferent
market cycles and evolving investor behaviours.

In the collection process, | identified five missing values for the total
cryptocurrency market cap in 28 and 29 April 2020 and 8, 9, and 10 May
2021. Moreover, there was one missing values for Bitcoin market cap on 18
October 2020. All of the missing data were filled with linear interpolation
method.

Excel regression models were employed to analyse the relationship between
cryptocurrency volumes and lagged returns (overconfidence test) and
deviation of individual returns from market returns (herding test). Additionally,
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the volume weighted average price (VWAP) was selected as the reference
point for loss ratios and realized profit/loss ratio to measure regret aversion.

3.2.2 Overconfidence

Overconfidence was measured from the lead-lag relationship between
traded volumes and lagged returns. This analysis should provide evidence
to overconfidence, in which trading activities are responsive to market
returns. This method is derived from previous studies in the literature,
particularly Tran (2019), who measured overconfidence using the lead-lag
relationship via VAR (Vector Auto Regression) Analysis. In this study, daily
trading volumes were set as the dependent variable, while returns lagged by
1, 2, and 3 days were the independent variables. The returns of the
cryptocurrencies in the data analysis were calculated as follows:

Py

R, = ln(P
t—-1

)

By running the regression, | intended to to assess the extent to which past
returns predict current trading volumes, which would be the signs of investor
overconfidence.

3.2.3 Herding behaviour

The test for herding behaviour is based on the CSAD (Cross-sectional
Absolute Deviation) method proposed by Chang et al. (2000). | chose the
CSAD test instead of the traditional CSSD (Cross-sectional Squared
Deviation) method because the CSSD approach fails to effectively capture
herding behaviour in the presence of outliers, which are common in
cryptocurrency markets. In contrast, the CSAD method is more reliable in
reflecting herding behaviour within the market (Ampofo et al., 2023).

The CSAD formula is expressed as:

Figure 3 CSAD formula (Chang et al., 2000)
Where:

CSAD: = Cross-sectional absolute deviation at time t
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Rit= Return of asseti at time t
Rm,t= Weighted market return at time t
N = Number of assets in this sample

This formula is used to assess the extent of herding behaviour in the market,
where a higher value of CSAD suggests a greater deviation from the market
return, which might be an indicator of herding behaviour.

After calculating CSAD, | run the polynomial regression to capture the
potential non-linear effects of market returns. Therefore, | expanded the
model with CSAD as dependent variables and both market returns and
squared market returns as independent variables. The modified model is
express as:

CSAD: = & + By |Rm | + B2 (Rm?) + &

Where:
CSAD: = Cross-sectional absolute deviation at time tt

R, ¢« = Market return at time t

Rm,t2 = Squared market return at time t (captures the non-linear effect of
market returns)

a = Intercept term (constant)

B, = Coefficient for the absolute market return (captures linear
relationship)

B, = Coefficient for the squared market return (captures non-linear
relationship)

& = Error term
3.2.4 Regret Aversion

Based on Kahneman and Tversky’s Prospect Theory (1979), this paper
measures and compares regret aversion using two metrics: loss ratio and
realized profit/loss ratio, both based on the Volume Weighted Average Price
(VWAP). VWAP was chosen to approximate the average purchase price of
a transaction. Due to limitations in secondary data access and most relevant
insights being locked behind a paywall, | could not obtain transaction-level
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purchase price data or realized profit metrics. Therefore, | used VWAP as an
alternative, which institutional investors commonly use to set entry and exit
price limits, indicating the average purchase price (McCulloch and Kazakov,
2007).

VWAP was calculated on a rolling 30-day basis, starting from day 30 of the
dataset (11 May 2020). The formula used is:

VWAP = Y'Price X Volume

YVolume
For each day, VWAP was calculated using data from the previous 30 days.

Loss ratio was calculated as follows:

. _ Number of Days with Closing Price Below VWAP
Loss ratio =

Total Number of Days Observed

For the realized profit/loss ratio, | first calculated the daily profit/loss by
multiplying the difference between the price and VWAP by the volume. The
formula for realized profit/loss ratio is:

YPositive P/L

Realized Profit/Loss Ratio = ,
YNegative P/L

To interpret the result, a high loss ratio and a low realized profit/loss ratio
indicate high regret aversion, meaning investors are more likely to avoid
realizing losses and exhibit behaviours aligned with regret aversion.
Conversely, a low loss ratio and high realized profit/loss ratio suggest low
regret aversion. This aligns with the assumptions of Prospect Theory, where
deviations from a reference point (in this case, the VWAP) result in
asymmetric decision-making behaviour, where losses are perceived more
negatively than equivalent gains.
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4 Findings
4.1 Overconfidence

The regression analysis on Bitcoin, Ethereum (developed market), Solana,
and Dogecoin (emerging market) examines the relationship between lagged
returns (by 1, 2, and 3 days) and traded volume. From the results, we can
draw interpretation about overconfidence among investors in each type of
market. This is because overconfident traders may exhibit excessive trading
from the belief that they can predict future market movements.

The regression results are presented in Appendix 1-4.

All predictors not

0.0006 20.39B 0.77
significant
All predictors not
0.0004 11.99B 0.85 o
significant
All predictors not
0.0019 2.28B 0.33 o
significant
All predictors
0.1470 3.67B 0.00

significant

4.1.1 Developed Market

From the results summarized in the table above, the model only explains a
very small proportion of the variance in Bitcoin's traded volume. This low R?
(0.0006) indicates that the independent variables (lagged returns) are not
strongly related to Bitcoin's traded volume. The overall model is not
statistically significant (p-value = 0.7738), indicating that the relationship
between lagged returns with Bitcoin's volume is not meaningful. The
coefficients for the lagged returns are not significant (all p-values > 0.05)
shows that no evidence of a relationship between past returns and current
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prices for Bitcoin. This low significance would mean that overconfidence is
not supported by the data. Therefore, investors do not seem to be reacting
significantly to lagged returns or volume, or less overconfident

Similar to Bitcoin, Ethereum’s model has a very low R? (0.0004), and is
statistically insignificant (p-value = 0.8507). This means there is no strong
relationship between lagged returns and Ethereum's volume. The
coefficients for the lagged returns are not significant (all p-values > 0.05).
This points out that past returns do not predict future trading activity for
Ethereum, which could suggest that overconfidence is not present in this
market.

4.1.2 Emerging Market

Despite having higher R? than the two coins in developed market, (0.0019),
the model explains only a small portion of the variance in Solana’s volume.
The overall model is not statistically significant (F-value = 1.136 and p-value
= 0.333) and also all the coefficients of lagged returns and the intercept
coefficients (all p-value > 0.05. These insignificance suggests that there is
no strong relationship between lagged returns and volume with Solana’s
price. Solana investors do not appear to be responding significantly to past
returns or volume.

On the other hand, Dogecoin shows a much higher R? of 0.1407, meaning
its lagged returns explain about 14% of the variance in traded volume. This
indicates a relatively stronger relationship between past returns and trading
activity. The overall model is statistically significant (F-value = 97.29 and p-
value < 0.0001), suggesting that lagged returns and volume do have a
meaningful relationship with Dogecoin’s price movements. Moreover, the
coefficients for lagged returns are significant with p-values well below 0.05.
This suggests that past returns are significantly predictive of future price
movements, which may indicate overconfidence in Dogecoin’'s market.
Traders may be overly relying on past performance when making decisions.

Based on the statistics, overconfidence is slightly more present in emerging
market than developed market. Unlike Bitcoin, Ethereum, and Solana,
Dogecoin shows clear evidence of overconfidence in the emerging market.
The strong relationship between past returns and current price movements
suggests that traders are reacting to past performance, potentially driven by
overconfidence.

4.2 Herding behaviour

The result of herding behaviour regression analysis models CSAD as the
dependent variable and market return and market return squared as two
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independent variables. The inclusion of market return squared is intended to
test the dynamics of deviation from market return in periods of extreme
volatility.

The regression results are presented in Appendix 5-8.

Developed Market Emerging Market

(Bitcoin & Ethereum) (Solana & Dogecoin)

B1=10.0639

B1=0.1493
X1 (Market Return)

p <0.001 p < 0.001
B2=2.5169 B2=1.0066
X2 (Market Return?
p <0.001 p < 0.001
Intercept 0.0139 0.0406

Inferred from the table, we can see that herding is more pronounced in the
emerging market due to the higher R? (44.73%) compared to the developed
market (13.49%). While the emerging market return has a stronger effect on
individual deviations, it is the developed market that experiences a stronger
impact from extreme price movements, evidenced by B, = 2.52. In turn, the
emerging market display stronger sensitivity to market returns, with an
intercept of 0.0406. This means that investors tends to follow the crowd in
the emerging market.
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For developed market, the positive relationship between market returns (X1)
and herding behaviour is weaker. The effect of extreme market returns (X2)
on herding is substantially larger, meaning that investors in Bitcoin and
Ethereum may behave in herd during significant price movements but are
less reactive during moderate fluctuations.

On the other hand, the much stronger positive relationship with market
returns (X1) and moderate influence from market return squared (X2)
suggests that investors in the emerging market are more likely to exhibit
herding behaviour during periods of rising returns. This is also illustrated in
the more volatile residual plots for X1 and X2 presented in Appendix 8.
Accordingly, herding behaviour in Solana and Dogecoin is much more
sensitive to market movements, and that investors in these markets may
overreact to small changes, particularly during highly volatile period.

4.3 Regret Aversion

This paper measures regret aversion across four cryptocurrencies
corresponding to two market types. Loss ratio and realized profit/loss ratio
were calculated from VWAP, with the results displayed in the table below:

Bitcoin | Ethereum | Developed Solana Dogecoin | Emerging
Loss ratio 0.46 0.49 0.48 0.51 0.60 0.55
Realized P/IL | -2.21 -1.48 -1.84 -1.90 -4.67 -3.29

Higher loss ratio value indicate more frequent losses relative to the average
purchase price (VWAP). It also implies higher regret aversion as investors
hold onto losing positions to avoid realizing losses. Meanwhile, more
negative realized P/L values suggest higher regret aversion. Because
investors are less willing to realize gains and more likely to hold onto losing
positions, when they do close their trade, they have realized more losses
than gains.

Loss ratios are observed to increase from the more mature crypto assets the
less regulated and mature coins. Realized profit/loss ratios, however, are
varied for different cryptocurrencies. While Bitcoin has the most favorable
loss ratio, it stays behind Ethereum and Solana in terms of realized profit/loss
ratio, with -2.21.
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Investors in Dogecoin suffer the strongest regret aversion. There have been
frequent paper losses, as 60% of the days have closing price below average
purchase price (VWAP). Dogecoin spend more than half of the time trading
below average purchase price, which is signals consistent
underperformance. In addition, Dogecoin investors incurred much larger
realized losses than gains, with the most negative realized profit/loss ratio of
-4.67. This is more than twice as negative as Solana's ratio, reinforcing the
idea that Dogecoin's underperformance is exacerbated by regret aversion,
where investors are reluctant to realize losses, ultimately leading to a poor
trading outcome.

In stark contrast to Dogecoin, Ethereum investors display the least regret
aversion. With the least negative value (-1.48), its investors experience less
severe realized losses and better relative performance.

High regret aversion, or holding onto losing positions magnifies
underperformance by preventing investors from cutting losses early. Instead
of chasing gains, they start to chase the losses. In assets like Dogecoin or
Solana, the combination of frequent losses and huge realized losses is
indicative of poor price momentum and ineffective trading strategies. These,
in turns, perpetuates underperformance over time.
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5 Discussion and Analysis

5.1 Analysis of Overconfidence in Developed vs. Emerging
Markets

The results regarding overconfidence were entirely unexpected. | had initially
overestimated the prevalence of overconfidence, assuming it would be one
of the most prominent behavioural biases in cryptocurrency markets.

However, as regression analysis showed, no evidence of overconfidence is
found in the developed markets. The insignificant relationships between
lagged returns and traded volume suggest that traders in these markets are
less likely to engage in excessive trading or overestimate their ability to pre-
dict price movements. This could be due to the mature market structures and
better access to and availability of information, improving investor decision-
making rationality.

In emerging markets, Dogecoin clearly demonstrates overconfidence among
investors, with a significant relationship between lagged returns and volume.
Traders in Dogecoin’s market appear to react strongly to past performance,
and that reaction creates assumption for future price trends. This irrationality
is characterised by overconfidence. In contrast, Solana also shows a slight
relationship, but it is statistically insignificant. Thus, overconfidence is not
prevalent in Solana’s market in the same way that in Dogecoin.

5.2 Analysis of Herding Behaviour in Developed vs. Emerg-
ing Markets

Herding bias is more prevailing in emerging markets, where investors are
particularly sensitive to marginal market returns and are more likely to over-
react to price movements. This could be understandable given the specula-
tive nature of these markets, leading to collective decision-making driven by
short-lived trends and high uncertainty. In contrast, in developed markets like
Bitcoin and Ethereum, herding behaviour is more reactive to extreme price
movements rather than small fluctuations. This difference shows that inves-
tors in more matured markets tend to act independently during periods of
stability and only align with the crowd during times of market crises.

The disparity in investor behaviour could be attributed to differences in vola-
tility, liquidity, and market dynamics. In emerging markets, volatility is typi-
cally much higher. Even moderate price changes can be alarming to inves-
tors due to low liquidity, which amplifies the impact of crowd-driven transac-
tions. Thus, investors in these markets may act based on fear of missing out
(FOMO) or group behaviour rather than independent analysis. Meanwhile,
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developed market investors enjoy slightly more a sense of security in the
‘stable’ coins. As larger market caps, higher liquidity, and more active holders
help buffer against the effects of small price movements. This sense of se-
curity takes investors’ attention away from minor fluctuations and to focus
more on extreme changes, which is modelled by the market return squared
independent variable.

These findings have certain implications for trading strategies and market
efficiency. In emerging markets, investors may need to be cautious how eas-
ily biases can distort decision-making. They should monitor herding-induced
volatility, as this can lead to bubbles or crashes. On the other hand, devel-
oped market investors should be aware that herding behaviour may only
arise during periods of extreme market stress. This creates opportunities for
more contrarian strategies for investors. They may go against the crowd dur-
ing stable market conditions and buy when others are selling and vice versa,
especially in emerging markets.

5.3 Analysis of Regret Aversion in Developed vs. Emerging
Markets

Investors could be at a disadvantage when having high regret aversion. This
bias leads them to chasing the losses instead of cutting them early. Dogecoin
and Solana investors generally fall prey to this, being solely focused on loss
recovery rather than potential gains. This behaviour is well-illustrated by Pro-
spect Theory, which states that investors are more sensitive to losses than
to gains. The reluctance to give up and accept small losses or make rational
decisions can prevent investors from maximizing profits.

In more mature markets such as Bitcoin and Ethereum, regret aversion is
less tangible. Investors have better risk management strategies and can es-
cape the psychological biases. Ethereum’s better performance on both
metrices shows that investors are more disciplined in the perception and
treatment of losses and gains.

In summary, regret aversion reflects clearly on investor behaviour and crypto
asset performance. This is especially true for already underperforming as-
sets, as the effect would be compounded by this bias. Therefore, investors
in emerging market should acknowledge and recognize their own degree of
regret aversion bias and develop their own mitigation strategies. This could
be setting clear stop-losses and efficient risk management tactics, minimizing
irrational actions and psychological errors.

5.4 Comparison with Literature and Previous Studies
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The findings on overconfidence, herding, and regret aversion behavioural bi-
ases are completely aligned with bounded reality theory as discussed in the
literature. Investors are human, they cannot avoid psychological biases but
can still mitigate them. These biases serve to prove that investors are not
fully rational, which is why market anomalies still exist. Moreover, despite its
decentralized and transparent nature, cryptocurrency remains weak-form ef-
ficiency, with market and investor irrationality.

These findings are consistent with the current literature covering similar topic.
For example, the result on Dogecoin investors’ overconfidence aligns with
contemporary findings from that meme asset wagerers display higher levels
of overconfidence in their trading ability (Philander, 2023). In addition, Kallin-
terakis and Wang (2019) also explored that herding is evident and asymmet-
ric in the crypto market, with enhanced effect on smaller cryptocurrencies.
Another paper also tested for herding in the crypto market, finding that the
herd movement is not indicative of the fundamentals (Ballis and Drakos,
2019). Compared to overconfidence and herding, regret aversion is less
commonly measured in the literature. Although few studies have focused
specifically on regret aversion among investors of different types of crypto-
currencies, existing research tends to explore the topic from a geographic
perspective. For example, one study conducted in India and another in Sri
Lanka found that regret aversion significantly affects the cryptocurrency in-
vestment decisions (Mahesh Gunasena, Gayithri Kuruppu and Weerasinghe,
2025; Sood et al., 2023).

The results of this paper are based on quantitative data, which is less com-
mon in behavioural finance studies, offering a fresh perspective on how ag-
gregated market data can provide valuable insights. However, limited data
access impacts the accuracy of the calculations. For instance, | used the
VWAP (Volume Weighted Average Price) instead of trade-level purchase
prices to calculate the realized profit/loss ratio and loss ratio to test for regret
aversion behaviour. Despite this, the findings remain consistent with existing
research and serve as a reliable proxy for investment analysis and policy-
making.
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6 Conclusions

In conclusion, this paper analyses and compares the irrationality of crypto-
currency investors in emerging and developed markets through three main
behavioural biases: overconfidence, herding, and regret aversion. Using
quantitative method from secondary data source, | examined three behav-
ioural variables respectively with lead-lag relationship regression analysis,
CSAD regression analysis, and comparison of regret aversion metrices, in-
cluding loss ratios and realized profit/loss ratios. The results shows that in-
vestors in emerging markets display greater irrationality compared to their
counterparts in developed markets.

6.1 Main Findings

The findings suggest that overconfidence is not statistically significant in
most cryptocurrencies. Dogecoin is the exception, where clear evidence of
overconfidence is observed. Herding behaviour is more noticeable in emerg-
ing markets, where investors react more strongly to fluctuating market re-
turns. Meanwhile, developed markets show herding tendencies mostly dur-
ing extreme market movements. Regret aversion is considerably stronger in
emerging markets, especially in Dogecoin, where frequent paper losses and
reluctance to cut losses contribute to constant underperformance. In devel-
oped markets, investors display less regret aversion, allowing them to make
rational decision and achieve better overall investment outcomes.

6.2 Implications for International Business

This paper highlights how important it is to understand psychological biases
undelying investor behaviours across market types. This serves as a reliable
source of information for businesses and policymakers. By recognizing
investor irrationality, businesses and regulators can better navigate the
evolving landscape of currencies, especially with the rise of memecoins and
the increasing adoption of cryptocurrencies. Strategies that mitigate the
effects of these biases are much-needed and behavioural finance education
is key in reducing the unwanted impact of herd-driven or irrational
behaviours. This is not only significant at the individual level but also vital for
businesses. By adapting to the new crypto era, businesses can capitalize on
its potential, drive innovation, and stay ahead of the curve.

6.3 Suggestions for Further Research

Future research could explore the impact of psychological biases, such as
loss aversion and herding, on investor behaviour across different geograph-
ical markets. With more time and resources, researchers could analyse how
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cultural factors and legislation, and financial infrastructures influence the im-
pact of those biases. These will offer valuable insights on how and why in-
vestors act differently, thus finding more ways to minimize psychological ir-
rationality and improve investment decisions.
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Appendices

OVERCONFIDENCE BITCOIN

Regression Statistics
Multiple R 0,024988958
RSquare 0,000624448
Adjusted RS -0,001058002
Standard Err 20388450648

Observation: 1786
ANOVA
df SS MSs F Significance F

Regression 3 4,62854E+20  1,54285E+20 0,371153898 0,773833973
Residual 1782 7,40758E+23  4,15689E+20
Total 1785 7,41221E+23

Coefficients Standard Error t Stat P-value Lower 95% Upper 95% Lower95,0% Upper 95,0%
Intercept 33566842546 483948170,8  69,36040794 0 32617676879 34516008213 32617676879 34516008213

XVariablel -7104057248 15214466279 -0,466927799 0,640608618 -36944130849 22736016353 -36944130849 22736016353
XVariable2 14005504211 15213550019  0,920594088 0,357386995 -15832772333 43843780755 -15832772333 43843780755
XVariable3 -1520175191 15248432854 -0,099693864 0,920598586 -31426867302 28386516919 -31426867302 28386516919

Appendix 1 Regression results for Overconfidence Among Bitcoin Investors

OVERCONFIDENCE ETHEREUM

Regression Statistics
MultipleR  0,021116477
R Square 0,000445906
AdjustedRS -0,00123685
Standard Err 11998138588

Observation: 1786
ANOVA
df SS MS F Significance F

Regression 3 1,14438E+20 3,81462E+19 0,264986087 0,850661648
Residual 1782 2,56528E+23 1,43955E+20
Total 1785 2,56643E+23

Coefficients Standard Error t Stat P-value Lower95% Upper95% Lower95,0% Upper95,0%
Intercept 18501358632 284475573,2 65,03672152 0 17943417795 19059299468 17943417795 1,9059E+10

XVariable1 -3628119576 6853068287 -0,529415354 0,596583293 -17069015780 9812776629 -1,7069E+10 9812776629
XVariable2 2619622964 6852884211 0,382265756 0,702309835 -10820912214 16060158142 -1,0821E+10 1,606E+10
XVariable3 4353967308 6881127638 0,632740379 0,526984378 -9141961594 17849896210 -9141961594  1,785E+10

Appendix 2 Regression results for Overconfidence Among Ethereum
Investors
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OVERCONFIDENCE SOLANA
Regression Statistics
Multiple R 0,043691396
RSquare 0,001908938
Adjusted RSq  0,00022865
Standard Erra 2277785522
Observations 1786
ANOVA
df SS MS F Significance F

Regression 3 1,7683E+19  5,89432E+18 1,136077915 0,333168697
Residual 1782 9,24556E+21  5,18831E+18
Total 1785 9,26325E+21

Coefficients Standard Error t Stat P-value Lower 95% Upper 95% Lower95,0% Upper95,0%
Intercept 1731580286 54062248,16  32,02937993 0,00 1625548209 1837612363 1625548209 1837612363
XVariablel  826794942,1 806787174,1  1,024799313 0,31 -755553607,8 2409143492 -755553607,8 2409143492
XVariable2  852543340,5 806775820,4 1,056728919 0,29 -729782941,5 2434869623 -729782941,5 2434869623
XVariable3  958768098,2 807946467,7 1,186672801 0,24  -625854169,9 2543390366 -625854169,9 2543390366

Appendix 3 Regression results for Overconfidence Among Solana Investors

OVERCONFIDENCE DOGECOIN
Regression Statistics
Multiple R 0,375147993
RSquare 0,140736016
Adjusted RSq 0,139289444
Standard Errc 3668014375
Observations 1786
ANOVA
df SS MS F Significance F

Regression 3 3,92689E+21  1,30896E+21 97,28930264 2,57079E-58
Residual 1782 2,39756E+22  1,34543E+19
Total 1785 2,79025E+22

Coefficients Standard Error t Stat P-value Lower 95% Upper95%  Lower95,0% Upper95,0%
Intercept 1654112303 86960202,67  19,02148629 0,000 1483557596 1824667011 1483557596 1824667011
XVariable1l 14279464663 1171033911 12,1938951 0,00 11982720404 16576208922 11982720404 16576208922
XVariable 2 9578765201 1169700879  8,189072411 0,00 7284635411 11872894991 7284635411 11872894991
XVariable3 10764827011 1173090389  9,176468505 0,00 8464049388 13065604634 8464049388 13065604634

Appendix 4 Regression results for Overconfidence Among Dogecoin
Investors
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HERDING IN DEVELOPED MARKET

Regression Statistics
Multiple R 0,3673067
R Square 0,1349142
AdjustedRS 0,133946
Standard Errc 0,0166753

Observation: 1790
ANOVA
df SS MS F Significance F
Regression 2 0,07749435 0,0387472 139,34555 0,0
Residual 1787 0,49690284 0,0002781
Total 1789 0,57439719
Coefficients Standard Error  t Stat P-value Lower95% Upper95% Lower95,0% Upper95,0%

Intercept 0,0138885 0,00042914 32,363611 3,09E-181 0,013046801 0,0147301 0,0130468 0,0147301
XVariablel 0,0639463 0,01206187 5,30152 1,291E-07 0,040289401 0,0876031 0,0402894 0,0876031
XVariable2 2,5168786 0,15485119 16,253531 1,651E-55 2,21317018 2,8205871 2,2131702 2,8205871

Appendix 5 Regression results for Herding in Developed Market

RESIDUAL PLOTS FOR HERDING IN DEVELOPED MARKETS
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HERDING IN EMERGING MARKET

Regression Statistics
MultipleR  0,66884019
R Square 0,4473472
Adjusted RS 0,44672868
Standard Err 0,05061816

Observation: 1790
ANOVA
df SS MS F Significance F
Regression 2 3,70620657 1,85310328 723,247449 0,00
Residual 1787 4,57864812 0,0025622
Total 1789 8,28485468
Coefficients itandard Erro.  t Stat P-value Lower95% Upper 95% Lower 95,0% Upper 95,0%

Intercept 0,04060986 0,00120389 33,7322976 1,94E-193 0,038248684 0,04297103 0,03824868 0,04297103
XVariable 1 0,14932798 0,02078178 7,18552295 9,7904E-13 0,108568828 0,19008713 0,10856883 0,19008713
XVariable 2 1,00657595 0,03493146 28,8157402 2,747E-150 0,938065141 1,07508676 0,93806514 1,07508676

Appendix 7 Regression results for Herding in Emerging Market

RESIDUAL PLOTS FOR HERDING IN EMERGING MARKET
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