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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. 
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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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1) 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. 

2) 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. 

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

4) 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 

Figure 1 A hypothetical value function (Kahneman & Tversky, 1979) 
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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 (Krückeberg 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, Krückeberg 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 (Özcan 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, Özcan 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, I 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 

 

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, I 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, I 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: 

𝑅! = ln(
𝑃!
𝑃!"#

) 

By running the regression, I 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). I 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: 

CSADt = Cross-sectional absolute deviation at time t 
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Ri,t = Return of asset i 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, I run the polynomial regression to capture the 
potential non-linear effects of market returns. Therefore, I 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:  

CSADt = 𝛼 + 𝛽#+𝑅$,!+ + 𝛽&,𝑅$,!&- + 𝜀!  

Where:  

CSADt = Cross-sectional absolute deviation at time tt 

𝑅$,!  = Market return at time t 

𝑅$,!& = Squared market return at time t (captures the non-linear effect of 
market returns) 

𝛼 = Intercept term (constant) 

𝛽# = Coefficient for the absolute market return (captures linear 
relationship) 

𝛽& = Coefficient for the squared market return (captures non-linear 
relationship) 

𝜀! = 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, I could not obtain transaction-level 



23 

 

purchase price data or realized profit metrics. Therefore, I 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 = ∑()*+,	×	/012$,
∑/012$,

 

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

Loss ratio was calculated as follows: 

Loss ratio = 345678	9:	;<=>	?@AB	CD9>@EF	G8@H7	I7D9?	JKLG
M9A<D	345678	9:	;<=>	N6>78O7P

 

For the realized profit/loss ratio, I 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: 

Realized Profit/Loss Ratio = ∑(0Q*!*R,	(/T
∑U,VW!*R,	(/T

 

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. 

 R2 
Standard 

error 
Significance 

F 
Key variables 

Bitcoin 0.0006 20.39B 0.77 
All predictors not 

significant 

Ethereum 0.0004 11.99B 0.85 
All predictors not 

significant 

Solana 0.0019 2.28B 0.33 
All predictors not 

significant 

Dogecoin 0.1470 3.67B 0.00 
All predictors 

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 R² 
(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 R² (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 R² 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 R² 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 

(Bitcoin & Ethereum) 

Emerging Market 

(Solana & Dogecoin) 

R2 0.1349 0.4473 

p-value 0.00 0.00 

X1 (Market Return) 
β1 = 0.0639 

p < 0.001 

β1 = 0.1493 

p < 0.001 

X2 (Market Return2) 
β2 = 2.5169 

p < 0.001 

β2 = 1.0066 

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 R² (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 β₂ = 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/L -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. I 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, I 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, I 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. 



34 

 

References 

Ababio, K.A. (2019). Behavioural Portfolio Selection and Optimisation: 

Equities versus Cryptocurrencies. Journal of African Business, 21, pp.145–

168. doi:https://doi.org/10.1080/15228916.2019.1625018. 

Acereda, B., Leon, A. and Mora, J. (2019). Estimating the expected shortfall 

of cryptocurrencies: An evaluation based on backtesting. Finance Research 

Letters, 33, pp.101181–101181. doi:https://doi.org/10.1016/j.frl.2019.04.037.  

Alvarez, F., Argente, D. and Van Patten, D. (2022). Are Cryptocurrencies 

Currencies? Bitcoin as Legal Tender in El Salvador. SSRN Electronic 

Journal. doi:https://doi.org/10.2139/ssrn.4094160. 

Ballis, A. and Drakos, K. (2019). Testing for herding in the cryptocurrency 

market. Finance Research Letters. 

doi:https://doi.org/10.1016/j.frl.2019.06.008. 

Barberis, N.C. (2013). Thirty Years of Prospect Theory in Economics: A 

Review and Assessment. Journal of Economic Perspectives, [online] 27(1), 

pp.173–196. doi:https://doi.org/10.1257/jep.27.1.173. Bouri, E., Gupta, R. 

and Roubaud, D. (2019). Herding behaviour in cryptocurrencies. Finance 

Research Letters, [online] 29, pp.216–221. 

doi:https://doi.org/10.1016/j.frl.2018.07.008. 

Chainanalysis (2020). The 2020 Geography of Cryptocurrency Report. 

[online] Available at: https://ag-pssg-sharedservices-

ex.objectstore.gov.bc.ca/ag-pssg-cc-exh-prod-bkt-ex/258%20-

%20002%20Appendix%20B%20-%202020-Geography-of-Crypto%201.pdf 

[Accessed 26 Jan. 2025]. 

Conlisk, J. (1996). Bounded rationality and market fluctuations. Journal of 

Economic Behavior & Organization, 29(2), pp.233–250. 

doi:https://doi.org/10.1016/0167-2681(95)00071-2. 



35 

 

Fakhfekh, M. and Jeribi, A. (2020). Volatility dynamics of crypto-currencies’ 

returns: Evidence from asymmetric and long memory GARCH models. Re-

search in International Business and Finance, 51, p.101075. 

doi:https://doi.org/10.1016/j.ribaf.2019.101075.  

Fama, E. (1970). Efficient capital markets: A review of theory and empirical 

work. The Journal of Finance, 25(2), pp.383–417. 

Fang, F., Ventre, C., Basios, M., Kanthan, L., Martinez-Rego, D., Wu, F. and 

Li, L. (2022). Cryptocurrency trading: a comprehensive survey. Financial 

Innovation, [online] 8(1), pp.1–59. doi:https://doi.org/10.1186/s40854-021-

00321-6. 

Gkillas, K., Bekiros, S. and Siriopoulos, C. (2018). Extreme Correlation in 

Cryptocurrency Markets. [online] papers.ssrn.com. Available at: 

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3180934 [Accessed 

26 Jan. 2025]. 

Gobet, F. and Lane, P. (2012). Bounded Rationality and Learning. Springer 

eBooks, pp.482–484. doi:https://doi.org/10.1007/978-1-4419-1428-6_1733. 

Han, B.Y. and Makarov, I. (2021). Feedback Trading and Bubbles. SSRN 

Electronic Journal. doi:https://doi.org/10.2139/ssrn.3796200. 

Hu, J., Kuo, W. and Härdle, W.K. (2019). Risk of Bitcoin Market: Volatility, 

Jumps, and Forecasts. SSRN Electronic Journal. 

doi:https://doi.org/10.2139/ssrn.3658078. 

Kachelmeier, S.J. and Shehata, M. (1992). Examining Risk Preferences 

under High Monetary Incentives: Experimental Evidence from the People’s 

Republic of China. American Economic Review, [online] 82(5), pp.1120–41. 

Available at: 

https://econpapers.repec.org/article/aeaaecrev/v_3a82_3ay_3a1992_3ai_3

a5_3ap_3a1120-41.htm [Accessed 26 Jan. 2025].  



36 

 

Kahneman, D. and Tversky, A. (1979). Prospect theory: an Analysis of 

Decision under Risk. Econometrica, [online] 47(2), pp.263–292. 

doi:https://doi.org/10.2307/1914185. 

Kallinterakis, V. and Wang, Y. (2019). Do investors herd in cryptocurrencies 

– and why? Research in International Business and Finance, 50, pp.240–

245. doi:https://doi.org/10.1016/j.ribaf.2019.05.005. 

Kang, H.-J., Lee, S.-G. and Park, S.-Y. (2021). Information Efficiency in the 

Cryptocurrency Market:The Efficient-Market Hypothesis. Journal of 

Computer Information Systems, 62(3), pp.1–10. 

doi:https://doi.org/10.1080/08874417.2021.1872046. 

Kinoshita, K., Suzuki, K. and Shimokawa, T. (2013). Evolutionary Foundation 

of Bounded Rationality in a Financial Market. IEEE Transactions on 

Evolutionary Computation, 17(4), pp.528–544. 

doi:https://doi.org/10.1109/tevc.2012.2208465. 

Krückeberg, S. and Scholz, P. (2019). Cryptocurrencies as an Asset Class. 

Cryptofinance and Mechanisms of Exchange, pp.1–28. 

doi:https://doi.org/10.1007/978-3-030-30738-7_1. 

Kumar, A., Britto, J. and B.com, M. (2022). INVESTORS BEHAVIOR 

TOWARDS INVESTMENT IN CRYPTO CURRENCY. International Journal 

of Engineering Applied Sciences and Technology, 6(12), pp.102–109. 

doi:https://doi.org/10.33564/ijeast.2022.v06i12.015. 

Kumar, A., Iqbal, N., Mitra, S.K., Kristoufek, L. and Bouri, E. (2022). 

Connectedness among major cryptocurrencies in standard times and during 

the COVID-19 outbreak. Journal of International Financial Markets, 

Institutions and Money, 77, p.101523. 

doi:https://doi.org/10.1016/j.intfin.2022.101523. 



37 

 

Lawrence, E., McCabe, G., & Prakash, A., 2007. Answering Financial 

Anomalies: Sentiment-Based Stock Pricing. Journal of Behavioral Finance, 

8, pp. 161 - 171. https://doi.org/10.1080/15427560701547248. 

List, J.A. (2003). Does Market Experience Eliminate Market Anomalies? 

The Quarterly Journal of Economics, 118(1), pp.41–71. 

doi:https://doi.org/10.1162/00335530360535144. 

List, J.A. (2004). Neoclassical Theory versus Prospect Theory: Evidence 

from the Marketplace. Econometrica, 72(2), pp.615–625. 

doi:https://doi.org/10.1111/j.1468-0262.2004.00502.x. 

Lu, C. (2022). Cryptocurrency and Digital Assets: A Positive Tool for 

Economic Growth in Developing Countries. SSRN Electronic Journal. 

doi:https://doi.org/10.2139/ssrn.4177415.  

Mahesh Gunasena, Gayithri Kuruppu and Weerasinghe, W. (2025). Impact 

of Behavioural Biases on Cryptocurrency Investment Decisions with the 

Moderating Effect of Financial Literacy. Colombo Journal of Multi-

Disciplinary Research, 9(1-2), pp.1–25. 

doi:https://doi.org/10.4038/cjmr.v9i1-2.78. 

McCulloch, J. and Kazakov, V. (2007). Optimal VWAP Trading Strategy 

and Relative Volume. RePEc: Research Papers in Economics. 

Moore, D.A. and Healy, P.J. (2008). The trouble with overconfidence. 

Psychological Review, 115(2), pp.502–517. 

doi:https://doi.org/10.1037/0033-295x.115.2.502. 

Mukherjee, S., & De, S., 2018. When Are Investors Rational?. Journal of 

Behavioral Finance, 208, pp. 1 - 18.161 - 171. 

https://doi.org/10.1080/15427560701547248.15427560.2018.1443936. 

https://doi.org/10.1080/15427560701547248


38 

 

Nicholls, A., 2010. The Institutionalization of Social Investment: The Interplay 

of Investment Logics and Investor Rationalities. Journal of Social Entrepre-

neurship, 1, pp. 100 - 70. https://doi.org/10.1080/19420671003701257. 

Özcan, R., KHAN, A. ul I. and Iftikhar, S. (2024). Whether The Crypto Market 

Is Efficient? Evidence From Testing The Validity Of The Efficient Market 

Hypothesis. Bulletin of Monetary Economics and Banking, 27(1), pp.113–

132. doi:https://doi.org/10.59091/2460-9196.2227. 

Pan, Z. (2019). A Review of Prospect Theory. Journal of Human Resource 

and Sustainability Studies, [online] 07(01), pp.98–107. 

doi:https://doi.org/10.4236/jhrss.2019.71007. 

Philander, K.S. (2023). Meme asset wagering: Perceptions of risk, 

overconfidence, and gambling problems. Addictive Behaviors, [online] 

137(3). doi:https://doi.org/10.1016/j.addbeh.2022.107532. 

Pope, D.G. and Schweitzer, M.E. (2011). Is Tiger Woods Loss Averse? 

Persistent Bias in the Face of Experience, Competition, and High Stakes. 

American Economic Review, 101(1), pp.129–157. 

doi:https://doi.org/10.1257/aer.101.1.129. 

Post, T., van den Assem, M.J., Baltussen, G. and Thaler, R.H. (2008). Deal 

or No Deal? Decision Making under Risk in a Large-Payoff Game Show. 

American Economic Review, [online] 98(1), pp.38–71. 

doi:https://doi.org/10.1257/aer.98.1.38. 

Rose, C. (2015). The Evolution Of Digital Currencies: Bitcoin, A 

Cryptocurrency Causing A Monetary Revolution. International Business & 

Economics Research Journal (IBER), 14(4), pp.617–622. 

doi:https://doi.org/10.19030/iber.v14i4.9353. 

https://doi.org/10.1080/19420671003701257


39 

 

Rzeszutek, M., Czerwonka, M., & Walczak, M., 2015. Investor's Expertise 

and the Rationality of Decision Making. FEN: Behavioral Finance (Topic). 

https://doi.org/10.18778/0208-6021.310.10. 

Schmitz, T. and Hoffmann, I. (2020). Re-Evaluating Cryptocurrencies’ 

Contribution to Portfolio Diversification – A Portfolio Analysis With Special 

Focus on German Investors. SSRN Electronic Journal. 

doi:https://doi.org/10.2139/ssrn.3625458. 

Sood, K., Pathak, P., Jain, J. and Gupta, S. (2023). Gauging investors’ 

investment decisions in the crypto market through the PRISM of behavioral 

biases: a fuzzy AHP approach. International Journal of Emerging Markets. 

doi:https://doi.org/10.1108/ijoem-02-2022-0263. 

Souza, O.T. and Carvalho, J.V.F. (2023). Market efficiency assessment for 

multiple exchanges of cryptocurrencies. Revista de Gestão. 

doi:https://doi.org/10.1108/rege-05-2022-0070. 

Syarkani, Y. and Tristanto, T.A. (2022). Examining the predictors of crypto 

investor decision. International Journal of Research in Business and Social 

Science (2147- 4478), 11(6), pp.324–333. 

doi:https://doi.org/10.20525/ijrbs.v11i6.1940. 

Thoma, A. (2020). A Prospect Theory Model for Predicting Cryptocurrency 

Returns. SSRN Electronic Journal. doi:https://doi.org/10.2139/ssrn.3753530. 

Tran, H.Y. (2019). Overconfidence Test in Cryptocurrencies Markets Using 

VAR Analysis. SSRN Electronic Journal. 

doi:https://doi.org/10.2139/ssrn.3416394. 

Trimborn, S., Li, M. and Härdle, W.K. (2019). Investing with 

Cryptocurrencies—a Liquidity Constrained Investment Approach*. Journal of 

Financial Econometrics, 18(2), pp.280–306. 

doi:https://doi.org/10.1093/jjfinec/nbz016. 

https://doi.org/10.18778/0208-6021.310.10


40 

 

Wijaya, Y.H. and Elgeka, H.W.S. (2024). Herding Behavior and Its Impact on 

Purchasing Decisions Among Beginner Crypto Investors: An Experimental 

Analysis. Gadjah Mada Journal of Psychology (GamaJoP), [online] 10(2), 

p.91. doi:https://doi.org/10.22146/gamajop.84536. 

Yadav, M. (2024). Behavioral biases of cryptocurrency investors: a prospect 

theory model to explain cryptocurrency returns. Review of Behavioral 

Finance. doi:https://doi.org/10.1108/rbf-07-2023-0172. 

Zeelenberg, M., Beattie, J., van der Pligt, J. and de Vries, N.K. (1996). 

Consequences of Regret Aversion: Effects of Expected Feedback on Risky 

Decision Making. Organizational Behavior and Human Decision Processes, 

65(2), pp.148–158. doi:https://doi.org/10.1006/obhd.1996.0013. 

Zhi, S., 2011. Game between Rationality and Irrationality: Development in 

the Theory of Investor's Decision Mechanism. Seeking Truth. 



41 

 

Appendices 

 

Appendix 1 Regression results for Overconfidence Among Bitcoin Investors 
 

 

Appendix 2 Regression results for Overconfidence Among Ethereum 
Investors 



42 

 

 

Appendix 3  Regression results for Overconfidence Among Solana Investors 
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