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Abstract

Cryptocurrency has grown in popularity among investors in recent years, but its high market
volatility and technological complexity require deeper comprehension from investors. Most previous
research has discussed investment decisions from a behavioural finance perspective underpinning
the expectancy theory. As some investors may be guided by others’ investing decisions and investing
in cryptocurrency requires their understanding of digital technology, this study attempts to integrate
herding behaviour theory and expectancy theory and apply the Unified Theory of Acceptance and
Use of Technology (UTAUT) to comprehend digital literacy in cryptocurrency. This study's goal is to
analyse into the variables that affect cryptocurrency investment decisions. focusing on herding
behaviour, financial literacy and digital literacy. Samples of Indonesian cryptocurrency retail
investors were purposively selected to obtain 138 valid responses. Data were analysed using PLS-
SEM. The findings demonstrated that digital and financial literacy had an impact on crypto
investment decisions, but herding behavior had no effect. This study found that herding behavior
significantly affects digital and financial literacy. As such, digital and financial literacy play pivotal
roles as mediators between herding behaviour and cryptocurrency investment decisions. The
research offers a comprehensive framework to investors, investment influencers, and crypto asset
providers for developing educational content that increases financial and digital literacy using social
media and crypto investment platforms.

Keywords: herding behaviour; financial literacy; digital literacy; cryptocurrency; investment
decision

1. Introduction

Innovations like cryptocurrencies have emerged as a result of technology's continued
development and advancement, a digital currency that relies on cryptography (Gupta & Shrivastava,
2022). The introduction of Bitcoin in 2008 by Satoshi Nakamoto revolutionized investment tools by
enabling peer-to-peer transactions without third-party interference (Rubasinghe, 2017). This
innovation has shifted public perceptions of financial markets, drawing significant global attention.
Cryptocurrency adoption has surged, with users growing from 5 million in 2016 to 575 million by
November 2023 (de Best, 2023). Retail investors in this market mostly come from the Millennial and
Gen Z generations, at 48% each, while Generation X is less than 5%, and Baby Boomers are less than
1% (Yu Qian, 2023).
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The value of Bitcoin, the cryptocurrency with the highest value and the biggest market
capitalization worldwide, has fluctuated sharply. Near the end of 2015, the value of Bitcoin exchange
rate was below USD 450. However by April 2021, it had surged to approximately USD 60,000 (Hadi
et al., 2021); as of late 2024, Bitcoin value has exceeded USD 100,000, reflecting its significant growth
over the past decade. Despite the potential for significant profits, a considerable number of
cryptocurrency investors have experienced substantial financial losses. Many investors purchase
cryptocurrencies during market swings, only to encounter a subsequent decline, leading them to sell
at a loss. This cyclical pattern of buying high and selling low contributes to investor losses.
Furthermore, cryptocurrencies are susceptible to severe market volatility, with sudden downturns
and even crashes, such as the Terra Luna incident in 2022, where prices plummeted unexpectedly.
These variations is highlighting how risky investing in cryptocurrencies (Briola et al., 2022). The
highly volatile value of cryptocurrencies presents a potential for investors to earn through capital
gains, which is the difference between the price at which they were bought and the increase in the
market price of the coins/tokens sold (Al-mansour, 2020). Investing in Bitcoin, for example, has
resulted in significant wealth gains for many individuals (Mattke et al., 2020). Due to these
characteristics of cryptocurrency investment, many studies have focused on market price
volatility(Almeida & Gongalves, 2023), perceived risk (Sukumaran et al., 2022), and financial literacy
(Zhao & Zhang, 2021).

Investment in cryptocurrency trading is now more easily accessible by using an investment
platform in the form of an online mobile application. The mobile application provides convenience
and flexibility for investors to monitor the market and carry out transactions anytime and anywhere
(Mir, 2020). With user-friendly features, the mobile application allows users to buy, sell, and store
cryptocurrency quickly and safely (Sakas et al.,, 2022). Additionally, these apps often come with
market analysis tools, breaking news, and price notifications that help investors make more informed
decisions. The use of mobile applications in cryptocurrency trading enhances accessibility and
convenience, enabling investors to monitor markets and make transactions efficiently. However,
these tools can amplify herding behaviour as investors may follow market trends or others' actions
without critical analysis. This highlights the importance of digital literacy to effectively use app
features like real-time updates and analysis tools, and financial literacy to evaluate risks and returns
rationally. Together, these factors influence cryptocurrency investment decisions, where higher
literacy levels help mitigate impulsive, herd-driven behaviours while promoting informed decision-
making.

The advancement of digital technology also contributes to the significant use of social media for
obtaining information about cryptocurrency investment (Rodpangtiam et al., 2024). Currently, many
influencers utilize social media platforms to post marketing content that indirectly encourages
herding behaviour among investors, particularly in the market for cryptocurrencies. Herding is
driven by existence of educational content that discusses cryptocurrency price prediction based on
the influence of economic uncertainty (Bouri et al., 2019), geopolitics situation in Ukraine-Russia and
Middle East, dan trading volume (Mnif et al., 2023). Gurdgiev & O’Loughlin (2020) examined
American herding behavior with a focus on investors' reactions to fear and uncertainty, providing
insight into the psychological aspects of cryptocurrency investment behaviour. Therefore, herding
behaviour may affect financial literacy when individuals use observations of group actions as an
opportunity to learn and understand the market when the herding comes from investment content
that provides education (Trisno & Vidayana, 2023).

Particularly in volatile markets like cryptocurrency, investors often follow others' actions due to
psychological factors like FOMO, or the fear of missing out (Kaur et al., 2023), which may lead to
impulsive decisions and potential risks, such as overvalued assets or losses during market downturns
(Boubaker et al., 2024). If this herding behaviour is stimulated by competent influencers, investors,
or communities, it may increase investors’ literacy about cryptocurrency investment, especially
novice investors, and eventually benefit them in making investment decisions. Financial literacy
helps investors critically evaluate trends, assess risks, and make well-informed choices based on
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moral standards rather than peer pressure (Alomari & Abdullah, 2023). Similarly, Digital literacy is
essential in the market for cryptocurrencies, enabling investors for navigate platforms, use analysis
tools, and identify reliable information (Hartono & Oktavia, 2022). Together, these literacies mediate
herding behaviour and support better decision-making. Based on the synthesis above, the gap is how
previous research has studied herding behaviour and investment decisions but no studies have been
conducted that consider financial and digital literacy as pivotal variables to explain investment
decisions.

This study focuses on the Indonesian context, where the crypto asset market has expanded, with
18.25 million users by November 2023, primarily millennials aged 18-30 (Ricardo, 2023). As a
collectivist country, Indonesians are potent to be carried away by herding behaviour, including in
making investment decisions (Munkh-Ulzii et al.,, 2018). Several researchers have discussed
cryptocurrency in Indonesia. For example, Amsyar et al. (2020) investigated the effects of
cryptocurrency in Indonesian economy, concluded that inflation was caused by the role of banks and
the government. Dasman (2021) found that even though there is a risk of price volatility, high returns
remain an attraction. Other research was focusing on how investors could make profit from
cryptocurrency investment decisions (Khuzaini et al.,, 2024). However, research on the interplay
between investment behaviour and digital literacy in cryptocurrency is still limited. Further studies
are needed to understand how technology influences investment decisions and how investment
behaviour is affected by technology.

In order to analyze the variables impacting cryptocurrency investment decisions, this study will
concentrate on the functions of herding behaviour, digital literacy, and financial literacy. By
integrating technology acceptance models and behavioural finance concepts, This study offers a
thorough understanding of the ways in which psychological and technological elements influence
investment behavior. The findings of this study should help crypto investors avoid losses by allowing
them to understand the variables that may affect their choices. By understanding the importance of
digital literacy to operate the platform and having financial literacy, investors can act rationally and
understand not only the potential profits but also the legality and risks of investing.

2. Literature Review

2.1. Underpinning Theory

Herding behavior, which has its origins in behavioral finance, describes why people often
imitate the behavior of others instead of using their own discretion (Schumpeter & Keynes, 1936).
This phenomenon is particularly relevant in financial markets, where uncertainty and volatility often
drive investors to follow majority trends as a coping mechanism (Bikhchandani & Sharma, 2001).
Irrational investment decisions might result from herding behavior, which is motivated by
psychological reasons including social influence and FOMO (Kaur et al.,, 2023). Because of the
speculative nature of the cryptocurrency market, herding has drawn a lot of attention, rapid
information dissemination through social media, and frequent price volatility (Bouri et al., 2019).
Investors may rely on collective actions for decision-making, increasing the risk of speculative
bubbles or significant financial losses during downturns (Almeida & Gongalves, 2023).

In cryptocurrency investment decisions, financial literacy and digital literacy are essential in
reducing the negative consequences of herding behavior. Financial literacy gives investors the ability
to recognize dangers, critically analyze trends, and steer clear of rash, herd-driven decisions (Lusardi
& Mitchell, 2014). Digital literacy, on the other hand, enables effective navigation of digital platforms,
interpretation of market tools, and identification of credible information sources, which are essential
in the technology-driven cryptocurrency environment (Al Reshaid et al., 2024). These literacies serve
as mediating variables, bridging herding behaviour with rational investment decisions by
empowering investors to act independently and make informed choices.

Extending Expectancy Theory, which links motivation and behaviour through perceived
outcomes, financial literacy and digital literacy can be conceptualised as mediating factors that
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enhance the expected utility of cryptocurrency investment decisions. While financial literacy aligns
with expectancy by improving the perceived benefits of better decision making (Alomari & Abdullah,
2023), digital literacy enhances the perceived ease and accessibility of technology-driven investments
(Jariyapan et al., 2022). With regard to cryptocurrency investments, this expansion provides a
thorough framework for understanding the interaction of psychological, technological, and
educational elements (Venkatesh et al., 2003).

Furthermore, Digital literacy can incorporate the Unified Theory of Acceptance and Use of
Technology (UTAUT). UTAUT's constructs, including enabling conditions, performance expectancy,
and effort expectancy, provide a structured approach to understanding how digital literacy
influences the adoption of cryptocurrency platforms (Mohammadyari & Singh, 2015). By combining
UTAUT with financial and digital literacy, researchers can develop a holistic perspective on the
factors driving technology acceptance and rational decision-making in cryptocurrency investment
(Venkatesh et al., 2012).

2.2. Hypothesis Development

2.2.1. Relationship Between Herding Behaviour and Cryptocurrency Investment Decision

The term of herding behavior describes people's propensity to mimic the behavior of a larger
group, frequently without doing their own research or analysis. This phenomena occurs when people
rely on social cues and group dynamics to guide their decisions, particularly in uncertain or complex
environments (Bikhchandani & Sharma, 2001). In financial markets, herding behaviour is common
as investors react to the actions of others, believing that group decisions are more informed or rational
(Munkh-Ulzii et al., 2018). While herding can create a sense of security through conformity, it also
leads to irrational market trends, such as bubbles or crashes, driven by collective sentiment rather
than intrinsic asset values (Setiyono et al., 2013).

Cryptocurrency investment decisions involve the allocation of financial resources into digital
assets like Bitcoin or Ethereum, often driven by high-risk, high-reward expectations (Kyriazis, 2020).
Market volatility is one of the many elements that affect these decisions, regulatory uncertainty, and
investor psychology (Hall & Jasiak, 2024). Unlike traditional investments, cryptocurrency trading
operates in a decentralised and highly speculative environment, which heightens the part played by
extraneous elements like social influence and emotional responses (Islam et al., 2024). Consequently,
decision-making in cryptocurrency investment often extends beyond rational analysis because of fear
of missing out, incorporating elements of behavioural finance and psychological biases (Gupta &
Shrivastava, 2022).

Herding behaviour significantly impacts cryptocurrency investment decisions, as investors
frequently rely on the actions and sentiments of others to navigate the volatile and unpredictable
market (Samal & Dasmohapatra, 2020). According to herding theory, individuals are more likely to
follow group trends when faced with uncertainty, if collective actions reflect superior information or
strategies (Bikhchandani & Sharma, 2001). In the context of cryptocurrency, herding often manifests
through price surges driven by social media trends, peer recommendations, or the actions of
influential market participants (He & Hamori, 2024). Due to this behavioral bias, investors may make
less than ideal choices, including buying assets during price peaks or selling during sudden declines,
amplifying market volatility. Understanding the role of herding in cryptocurrency investment
decisions is essential to developing strategies that mitigate its adverse effects and promote more
informed and rational investment behaviours.

H1: Herding behaviour positively affect cryptocurrency investment decision.

2.2.2. Relationship Among Herding Behaviour, Financial Literacy and Cryptocurrency
Investment Decision

Financial literacy is the capacity to understand and use financial information for risk assessment,
resource management, and well-informed investment choices. It is essential to the navigating the
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complex cryptocurrency market, enabling investors to better understand market trends and make
sound investment choices (Lusardi & Mitchell, 2014). In cryptocurrency investment, higher financial
literacy allows individuals to assess both opportunities and risks effectively, fostering confidence in
decision-making and improving investment outcomes (Amsyar et al., 2020).

Herding behaviour, the tendency to follow the decisions of others in uncertain situations, can
positively influence financial literacy by providing collective learning opportunities (Bikhchandani
& Sharma, 2001). Expectancy theory states that people are driven by the conviction that their efforts
will result in the outcomes they want (Vroom, 1964). When investors observe actions from others in
the market, they may be inspired to improve their financial knowledge to align with or critically
evaluate group trends (Talwar et al., 2021). Herding can serve as a reference point, encouraging
individuals to seek a deeper understanding of financial concepts and market dynamics, ultimately
enhancing their financial literacy (Angela-Maria et al., 2015).

H2: Herding behaviour positively affect financial literacy.

Financial literacy can act as a mediator in a favorable association between herding behavior,
crypto investment decisions, and financial literacy. Expectancy theory posits that individuals'
expectations of success drive their behaviours, and in this context (Mu'izzuddin et al., 2017), herding
behaviour may motivate investors to enhance their financial literacy to better participate in group-
driven market trends (Lakonishok et al., 1992). Enhanced financial literacy, in turn, enables investors
to critically evaluate herd behaviour and leverage it to make informed cryptocurrency investment
decisions (Merli & Roger, 2014). This mediation suggests that herding behaviour, when combined
with efforts to improve financial literacy, can result in more intelligent and calculated investment
decisions in the cryptocurrency market (Setiyono et al., 2013).

H3: Financial literacy able to mediate effect of herding behaviour to cryptocurrency investment
decision.

2.2.3. Relationship Among Herding Behaviour, Digital Literacy and Cryptocurrency
Investment Decision

Digital literacy is the capacity to use digital technology efficiently, including understanding,
evaluating, and engaging with digital tools and platforms (Hartono & Oktavia, 2022). In the context
of cryptocurrency investment, digital literacy enables individuals to navigate complex platforms,
analyse digital market trends, and access reliable information to support decision-making (Hajj &
Farran, 2024). Investors more proficient in digital literacy are better able to utilize advanced tools,
such as blockchain explorers or cryptocurrency analytics platforms, enhancing their confidence and
accuracy in making investment decisions (Amsyar et al., 2020).

Herding behaviour, characterized by tendency to follow others' investment actions, often drives
investors to participate in cryptocurrency trading (Bouri et al., 2019). This phenomenon can lead to
increased digital literacy, as investors strive to understand and effectively utilize cryptocurrency
trading platforms to align their actions with the perceived collective wisdom (Jariyapan et al., 2022).
Expectancy Theory supports this relationship, suggesting that investors are influenced by herding
anticipating positive outcomes by improving their literacy of digital platform to making well-
informed investment decisions. Consequently, the interaction between herding behaviour and digital
literacy reflects a process where social influence motivates individuals to enhance their technological
competencies to align with prevailing market trends (Hajj & Farran, 2024).

H4: Herding behaviour positively affect digital literacy.

Expectancy theory suggests that herding behaviour encourages individuals to enhance their
digital literacy, as they perceive it as a necessary skill to participate effectively in collective trends
and achieve better outcomes (Lakonishok et al., 1992). Enhanced digital literacy enables investors to
critically analyse herding behaviour, assess the validity of group actions, and make informed
cryptocurrency investment decisions (Hartono & Oktavia, 2022). This mediation highlights that
herding behaviour, when coupled with efforts to improve digital literacy, can result in more
intelligent and successful crypto market investment decisions.
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H5: Digital literacy able to mediate effect of herding behaviour to cryptocurrency investment
decision.
On Figure 1 we present the conceptual model of our research

H3

Financial
Literacy

Cryptocurrency
Investment
Decision

Herding
Behaviour

Digital
Literacy

Performance Effort Social Facilitating
Expectancy Expectancy Influence Condition

Figure 1. The Conceptual Model.

3. Methods

This study tested the suggested hypothesis using a cross-sectional quantitative technique.
Survey Monkey platform was used to target retail investors of cryptocurrency investment
instruments chosen with the use of a convenient sample method. The online questionnaire was
distributed to cryptocurrency retail investors, members of Indonesian Crypto Asset Traders
Association (ASPAKRINDO), and university students, who have already invested in cryptocurrency
through the online crypto trading platform. Intercept survey was also performed on the government
event of Crypto Literacy Month, which was held in May 2024. Using an alpha error probability of
0.05, a power of 0.9, and an effect size of 0.15, the G-Power Calculator was used to find the minimum
sample size (Mayr et al., 2007) resulted in minimum sample of 99 respondents, while this research
collected 138  respondents. @~ The  dataset of  this research  available  at
https://doi.org/10.5281/zenodo.14557337.

The Ethics Committee of Bina Nusantara University approved this study, which was carried out
in compliance with ethical standards, reference number 002/HoP.DRM/I/2025. Prior to their
participation, all participants received comprehensive information on the study's goals, methods, and
any dangers. Prior to their involvement in the study, all individuals provided written informed
consent.

Research questionnaire consist of two parts: the demographic and psychographic profile of
respondents and the questions related to research variables. Measurement items of each variable
were adopted from the literature. This study considered digital literacy as a second-order construct
comprising four dimensions: perceived usefulness (Alomari & Abdullah, 2023), perceived ease of use
(Kala et al., 2023), social influence (Kala et al., 2023), facilitating condition (Kala et al., 2023).herding
behaviour (Kaur et al, 2023), financial literacy (Alomari & Abdullah, 2023), cryptocurrency
investment decisions (Kaur et al., 2023). A 5- A point Likert scale was employed to assess the items
on the survey.
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In order to incorporate theoretical frameworks and maximize the model's explanatory power,
as represented by the R2 value, the study objective drove the adoption of Structural Equation
Modeling with Partial Least Squares (PLS-SEM). PLS-SEM is better appropriate for exploratory or
predictive research as well as studies that integrate several theoretical viewpoints, in contrast to
covariance-based SEM, which concentrates on evaluating the viability of accepted hypotheses (Hair
et al., 2018).

The statistical analysis uses a two-stage disjoint approach with reflective-formative modelling
for higher-order constructs. This method is particularly effective for handling hierarchical constructs,
where the formative higher-order constructions are accompanied by reflected lower order structures.
The justification for using this two-stage approach lies in its robustness for modelling constructs that
are reflective at lower levels but operate formatively at a higher level. In this study, the higher-order
constructs represent complex phenomena such as digital literacy or cryptocurrency investment
decisions, which consist of distinct but interrelated dimensions that collectively influence the
overarching construct (Becker et al., 2012).

The initial phase entails evaluating the first-order reflective model of measurement by looking
at construct reliability, convergent validity (using AVE), discriminant validity (using HTMT ratios),
and indicator reliability. They serve as formative indications for the second-order conceptions after
they have been validated. By analyzing outer weights and using the Variance Inflation Factor (VIF)
to check for multicollinearity among the formative indicators, the second stage evaluates the
formative measurement model. Using bootstrapping, the importance of outer weights is examined
to make sure each dimension contributes to the higher-order construct (Hair et al., 2019).

4. Results

4.1. Identity of Respondents

Respondents in this study consisted of individuals who met the criteria relevant to the research
objectives, which is retail investors in the cryptocurrency instrument. The respondents' identities are
displayed in Table 1.

Table 1. Identity of Respondents.

Questions and Category Frequency Percentage
Gender Male 96 69.89
Female 42 30.11
Age (years) <20 24 17.16
20-29 87 63.06
30-39 15 11.19
40-49 7 5.22
>49 5 3.36
Education Master/Doctor 8 5.58
Bachelor 99 71.38
Diploma 7 4.83
High School 25 18.22
Marital Status Single 112 81.04
Married 25 17.84
Divorce 2 1.12
Experience in Trading (years) <1 28 20.45
1-2 50 36.43
2-5 51 36.80
5-10 10 7.43
>10 1 0.37
Frequency of Trading Daily 51 37.17
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Weekly 18 13.38
Monthly 50 36.43
Quarterly 6 4.46
Six-monthly 2 1.49
Yearly 10 7.06
Trading limit (% of income) No active income 18 13.38
<10% 28 20.45
10%-20% 46 33.46
20%-30% 8 5.95
30%-40% 6 4.46
>40% 31 22.30

Based on Table 1, most male respondents (69.89%) indicated that activity or interest in trading
is more dominated by men than women. The dominating age range of 20-29 years (63.06%) shows
that trading is more popular with the younger generation, especially those who are at the beginning
or middle of their career.

Most respondents had a bachelor's degree (71.38%), which indicates that trading tends to be
attractive to individuals with a higher educational background. The predominant single status
(81.04%) may reflect that unmarried individuals are freer to take risks or have more time to manage
their investments.

In terms of experience, most respondents have trading experience between 2-5 years (36.80%) or
1-2 years (36.43%), which reflects that most perpetrators are new traders who are still in the
exploration and learning stage. The most common trading frequencies are daily (37.17%) and
monthly (36.43%), indicating that most traders are active in monitoring and conducting transactions
regularly.

For trading limits as a percentage of income, most allocations are in the 10%-20% range (33.46%),
indicating that most respondents treat trading as an important activity but does not consume their
entire income. However, there is also a significant group (22.30%) who allocate more than 40% of
their income to trading, which could indicate high confidence in their investment results or a
tendency to take greater risks.

4.2. Common Method Bias

Common method bias (CMB) is the term used to describe the possible bias that results from a
study's independent and dependent variables. It measured using the same method, particularly in
survey research (Kock, 2015). This can affect the internal validity of the research, because it can cause
the relationship between variables to be inaccurate or too high due to the use of the same
measurement method. Therefore, we performed a common method bias test using the full collinearity
test method (Kock, 2017). This method is carried out by creating dummy variables that are not related
to the research variables, regressing all research variables with dummy variables, and checking for
collinearity across variables by calculating the Variance Inflation Factor (VIF) (Kock, 2015). Kock
(2015) states that there are no significant issues if the inner VIF value of each variable is less than the
cut-off criterion of 3.3 related to Common Method Bias in the research. The test result is presented in
Table 2, in this case the VIF results ranged from 1.109 for effort expectancy to 2.060 for cryptocurrency
investment decision which shows that CMB is not a significant problem and does not affect the
research results.

Table 2. Common Method Bias.

CID EE FC FL HB PE SI
Inner VIF 2.060 1.109 1.812 2.451 1.387 1.207 1.250

CID: cryptocurrency investment decision; EE: effort expectancy; FC: facilitating condition; FL: financial literacy;

HB: herding behaviour; PE: performance expectancy; SI: social influence.
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4.3. Confirmatory Factor Analysis

First, the researcher conducts Confirmatory Factor Analysis (CFA), a method utilize to evaluate
how well empirical data aligns with a predetermined theoretical model. As part of Structural
Equation Modelling (SEM), CFA tests the construct validity by confirming whether the indicators in
lower order construct truly reflect the intended constructs.

Key stages of CFA in this research include testing outer loadings in order to gauge how strongly
indicators and latent components are related, reliability testing to ensure internal consistency, and
validity testing for convergent and discriminant validity. While discriminant validity verifies that
constructs are separate and do not overlap, convergent validity guarantees that indicators of the same
construct have a significant correlation.

In the summarized results (Table 3), internal indicator reliability is assessed through outer
loading values, Cronbach's Alpha, composite reliability, and Average Variance Extracted (AVE) for
convergent validity. The outer loading values should exceed 0.70 to indicate adequate indicator
reliability, although values between 0.50-0.70 are acceptable in exploratory study (Shmueli et al.,
2019). An internal consistency metric called Cronbach's Alpha should be higher than 0.60 for
exploratory research and higher than 0.70 for confirmatory research to ensure reliability. Composite
reliability values should exceed 0.70, with an ideal threshold of 0.80, to demonstrate internal
consistency among indicators. For convergent validity, the An AVE greater than 0.50 means that more
variance is explained by the construct than by error (Hair et al., 2017).

Table 3. Confirmatory Factor Analysis.

Variable Question Loading CA CR AVE
Performance Expectancy (PE) 0.705 0.836  0.631

PE.1 Cryptocurrency use will increase my chances of achieving my major objectives ~ 0.758

PE.2 I will be able to achieve my objectives more quickly if I use cryptocurrency 0.865

PE.3 Using cryptocurrencies will raise my quality of life 0.755
Effort Expectancy (EE) 0.689 0783  0.551

EE.1 It will be simple for me to learn how to use cryptocurrency 0.756

EE.2 Understanding and using cryptocurrencies won't be difficult for me 0.852

EE.3 Using cryptocurrency will be easy for me 0.597
Social Influence (SI) 0.660 0.812  0.593

SI.1 Those that influence my decisions think I should invest in cryptocurrency. 0.823

SI.2 People I respect giving me advice on cryptocurrency investments. 0.654

SI3 People who have an impact on my actions agree that cryptocurrency has many 0.821

advantages

Facilitating Condition (FC) 0.617  0.796  0.566

FC.1 I have access to trustworthy resources regarding cryptocurrency usage 0.785

FC2 I can purchase and trade cryptocurrency on trustworthy and practical 0.764

platforms

FC4 I can get help or customer service for problems relating to cryptocurrencies 0.706
Financial Literacy (FL) 0.791 0.864 0.614

FL.1 I believe that my understanding of cryptocurrency investing is adequate. 0.783

FL.2 I feel that I understand how to calculate the profit from index movements in 0.803

cryptocurrency investments
FL3 I feel that I understand the nat.ure of the problems with cryptocurrency 0775
investment

FL.4 I know how to diversify risk in cryptocurrency investments 0.772
Herding Behaviour (HB) 0.740  0.836  0.561

HB.1 My investment choices are influenced by other investors' crypto choices 0.787

My investing choices are influenced by the cryptocurrency volume selections
HB.2 . 0.738
made by other investors
HB.3 Usually, I respond quickly to shifts in the choices made by other investors and 0.717
observe how they respond to the cryptocurrency market
HB.A4 Other investors” decisions on buying and selling crypto currencies have an 0.752

impact on my investment decisions
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Cryptocurrency Investment Decision (CID) 0.787  0.855  0.543
CID.1 I mostly earn more than the average return generated by the crypto market 0.778
CID.2 I decide all of my own cryptocurrency investments 0.761
CID.3 My cryptocurrency portfolio's return validates my investment choices 0.725
CID.4 I'would use cryptocurrency if I had the option 0.785
CID.6 When opportunity arises, I intend to use cryptocurrency 0.623

In Table 3 we present the indicators that we used in our research that have passed the
confirmatory test analysis including the outer loading test. There are several indicators that not valid
(FC.3, CID.5), where the outer loading value for indicators below 0.5 so they are considered less
representative of the variable/construct.

All of the constructs in Table 3 satisfy the necessary reliability and validity requirements. Outer
loading for all indicators is above 0.5, which is still acceptable. Additionally, all structures' Cronbach's
Alpha (CA) values were above 0.6, indicating sufficient internal consistency. In addition, Each
construct's Composite Reliability (CR) value is more than 0.7, signifying strong and reliable (Sekaran
& Bougie, 2016).

We also conducted discriminant validity tests, in order to evaluate The Heterotrait-Monotrait
Ratio (HTMT) method was applied to discriminant validity. The main function of HTMT is to assess
whether the different constructs in the model are more like each other than they should be. HTMT
does this by contrasting the ratio of correlations within a single construct with correlations across
constructs. High HTMT values indicate that the constructs may not have sufficient discriminant
validity, meaning they may not actually measure a different concept. In contrast, low HTMT values
(below 0.9) indicate proper, meaning each construct is distinct from the others and each measure
something unique in the model. We present the HTMT values in Table 4.

Table 4. Heterotrait-Monotrait Ratio (HTMT).

CID CID EE FC FL HB PE
CID
EE 0.707
FC 0.754 0.894
FL 0.858 0.793 0.876
HB 0.568 0.469 0.629 0.522
PE 0.837 0.658 0.823 0.829 0.536
SI 0.622 0.483 0.552 0.569 0.735 0.636

CID: cryptocurrency investment decision; EE: effort expectancy; FC: facilitating condition; FL: financial literacy;

HB: herding behaviour; PE: performance expectancy; SI: social influence.

Based on Table 4, all HTMT values are below 0.9, which shows that the constructs in this model
have good discriminant validity. This means each construct is capable of measuring a different and
unique concept in the model, according to accepted criteria for discriminant validity.

After confirming that all indicators for the lower-order constructs (LOC) meet the criteria for
discriminant validity, the investigation moves on to the higher-order constructs (HOC) structural
model evaluation. At this stage, to determine how significant their effects are, the relationships
between the model's constructs are examined. The purpose of the structural model assessment is to
evaluate the study hypothesis and confirm how strongly the variables in question are causally related

4.3. Hypothesis Testing

Hypothesis testing is conducted to determine whether there is statistical significance in the
proposed correlations between the model's constructs. Before proceeding with testing the measuring
model for the digital literacy dimensions and variables is crucial to ensuring validity and reliability
in the structural model analysis. This involves assessing the constructs and indicators to confirm that
they adequately measure the intended latent variables, using reflective or formative measurement
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model criteria. After that, hypothesis testing is conducted using p-values and t-statistics. The
alternative hypothesis is accepted if substantial association between the constructs is indicated by the
p value being less than 0.05. The researchers also looked at the coefficient of determination when
assessing the structural model report (R?) and assessed predictive power. In lower order construct,
an indicator is considered to adequately represent its construct if the p-value < 0.05, indicating
statistical significance. Additionally, the absence of multicollinearity is guaranteed by looking at the
Variance Inflation Factor (VIF); if the VIF is less than 10, there are no problems with multicollinearity
among the indicators. Table 5 show the outcome of formative measuring framework. The indicators'
direct formation of a latent variable is the result of the formative measurement model, where each
indicator makes a unique contribution without having to correlate with each other. Evaluations are
carried out to ensure that there is no multicollinearity between indicators, and the results of this
model include path coefficients that show each indicator's impact on the latent variable, which has a
direct effect on the structural analysis's overall findings.

Table 6 displays the findings of these evaluations using a structural model analysis for
hypothesis testing. We use the bootstrapping procedure, which involved 5,000 subsamples. The Bias-
Corrected and Accelerated (BCA) bootstrap method was applied to generate more accurate
confidence intervals for statistical estimates(Griin & Miljkovic, 2023), with a one-tailed test and a
significance level of 0.05. The f2 statistic was used to measure the contribution of exogenous factors
to endogenous variables, with effect sizes categorized as high (f2 > 0.350), medium (f2 > 0.150), and
small (f2 > 0.020) according to (Cohen, 1988). To better interpret the findings, combined p-values and
effect sizes was employed, following the approach by (Lakens, 2021).

Table 5. Formative Measurement Model.

Variable Dimension Outer Weight t-statistics p-values  Outer Loading VIF
Digital Literacy EE 0.107 0.991 0.161 0.658 1.109
FC 0.451 3.095 0.001 0.861 1.812

PE 0.276 2.105 0.018 0.796 1.207

SI 0.427 4.554 0.000 0.752 1.205

CID: cryptocurrency investment decision; FL: financial literacy; DL: digital literacy; HB: herding behaviour.

Table 6. Hypothesis Testing.

Hypothesis B S.E. t-value p-value BCI-LL BCI-UL f2
H1: HB > CID 0.042 0.066 0.628 0.265 -0.211 0.506 0.003

H2:HB > FL 0.411 0.069 5.974 0.000 0.263 0.527 0.203
H3: HB - DL 0.588 0.065 9.039 0.000 0.051 0.169 0.529
H4a: FL > CID 0.402 0.080 5.041 0.000 0.451 0.675 0.182
H4b: DL > CID 0.380 0.090 4.246 0.000 0.276 0.507 0.128

CID: cryptocurrency investment decision; FL: financial literacy; DL: digital literacy; HB: herding behaviour. R?
of FL. =16.9%, DL = 34.6%, CID = 55.7%.

The results of hypothesis testing in Table 6 illustrate various relationships between variables
related to investment decisions in cryptocurrency. Herding behaviour positively affect financial
literacy (3 =0.411, t=5.974, p = 0.000), with a large effect size (f2=0.203). The confidence interval (BCI-
LL =0.263, BCI-UL = 0.527) confirms the robustness of this finding. Herding behaviour has an even
stronger positive effect on digital literacy (p = 0.588, t =9.039, p = 0.000), with a substantial effect size
(f2 = 0.529). Financial literacy shows a strong positive and significant effect on cryptocurrency
investment decisions (p = 0.402, t =5.041, p = 0.000), with a large effect size (f2=0.182). The confidence
interval (BCI-LL = 0.451, BCI-UL = 0.675) suggests a high level of confidence in this relationship.
Digital literacy also significantly influences cryptocurrency investment decisions (8 = 0.380, t =4.246,
p = 0.000), with a moderate effect size (f2 = 0.128). The confidence interval (BCI-LL = 0.276, BCI-UL =
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0.507) indicates that the bootstrapped results are stable, with no significant shifts in the estimate,
further reinforcing the reliability of the findings.

The relationship between herding behaviour and cryptocurrency investment decisions shows a
weak and statistically insignificant effect (3 = 0.042, t = 0.628, p = 0.265), indicating that In this model,
herding behavior has no discernible impact on investment decisions (f2 = 0.003).

The R? values show that herding behaviour explains 16.9% of the variance in financial literacy
and 34.6% in digital literacy, while financial literacy, digital literacy, and herding behaviour together
account for 55.7% of the variance in cryptocurrency investment decisions.

For research models that have mediating variables, it is necessary to test the indirect effect
hypothesis (Hayes & Preacher, 2010). With financial literacy and digital literacy as mediating
variables, hypothesis testing for indirect effects was also carried out. Table 7 displays the results of
the indirect effect test.

Table 7. Indirect Effect Testing.

Hypothesis B STDEV t-statistics p-values BCI-LL BCI-UL
H4b: HB - FL>CID 0.165 0.041 4.022 0.000 0.099 0.231
H5b: HB - DL->CID 0.224 0.058 3.829 0.000 0.130 0.231

Both indirect effects are statistically significant, according to the findings in Table 7. Herding
behaviour influences cryptocurrency investment decisions through financial literacy has a t-statistic
of 4.022 and a p-value of 0.000, suggesting a strong indirect effect. Similarly, that herding behaviour
influences cryptocurrency investment decisions through digital literacy also shows a significant
indirect effect with a t-statistic of 3.829 and a p-value of 0.000. These findings confirm that both
financial literacy and digital literacy effectively mediate the connection between bitcoin investing
decisions and herding behavior.

5. Discussions

5.1. Discussion of Findings

This study intends to investigate the factors that influence bitcoin investment choices, it is
evident that all antecedents have a moderate power to predict cryptocurrency investment decision.
This study finds that financial literacy has a slightly greater effect on cryptocurrency investment
decision than digital literacy. Financial literacy influences cryptocurrency investment decisions as it
equips investors with the ability to evaluate risks, understand market dynamics, and make rational
decisions in a highly volatile market. This finding supports the work of Lusardi and Mitchell (2014),
who emphasized that financial literacy enhances the capacity to assess investment opportunities and
avoid irrational behaviour. This finding is also consistent with Amsyar (2020), who stated that greater
financial literacy enables individuals to evaluate opportunities and risks more effectively. In the
context of cryptocurrency, where price fluctuations and speculative trends are common, financial
literacy plays a pivotal role in helping investors discern between potential gains and associated risks.

Digital literacy significantly impacts cryptocurrency investment decisions by enabling investors
to effectively utilize trading platforms, interpret data, and identify credible information sources. This
result aligns with the findings of Hartono & Oktavia (2022), who highlighted the importance of digital
skills in navigating complex online environments. This finding supports Hajj & Farran (2024), who
demonstrated that mobile technology literacy has significantly boosted cryptocurrency adoption by
improving access to digital financial services. For cryptocurrency investors, digital literacy is essential
for accessing tools like market analysis, price alerts and secure transactions (Kumari et al., 2023),
ensuring that they can make informed and efficient investment decisions in a digital-first market.

However, this study fails to provide evidence for the direct influence of herding behaviour on
cryptocurrency investment decisions, as its impact is mediated by financial literacy and digital
literacy, which is contrary to the findings of Gupta & Shrivastava (2022), who identified a significant
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impact of herding on retail investor investment decisions. The non-significant direct effect may be
attributed to the nature of cryptocurrency investors, particularly in Indonesia, who are
predominantly Millennials and Gen Z with higher digital and financial literacy levels. These
individuals tend to rely on analytical tools and self-acquired knowledge rather than merely imitating
others' actions, reducing the direct reliance on herding behaviour (Pangestu & Karnadi, 2020).

However, herding behaviour influences financial literacy by motivating individuals to seek a
better understanding of financial concepts, as they observe others engaging in the cryptocurrency
market. This finding is consistent with Angela-Maria et al. (2015), who noted that herding can
encourage individuals to improve their financial literacy to justify their investment decisions.
Similarly, herding behaviour impacts digital literacy as it drives investors to learn how to use digital
platforms effectively to utilize digital media as well as achieve information (Furinto et al., 2023). This
aligns with the research by Hajj & Farran (2024), which highlighted that social influence often
compels individuals to enhance their digital skills to participate effectively in digital markets.

This research demonstrates that the impact of herding behaviour is not always direct but
mediated by financial literacy and digital literacy. This finding enriches the behavioural finance
literature by introducing literacy as a key mediating factor, showing that informed investors are less
prone to irrational decision-making despite the presence of herding tendencies. By integrating these
factors, the study provides a more nuanced view of how social and cognitive influences operate in
technologically advanced and speculative markets like cryptocurrency.

Expectancy theory posits that individuals' decisions are guided by their beliefs about expected
outcomes. This study extends the theory by illustrating that literacy transforms herd-driven impulses
into informed decision making, the research broadens expectations theory's application to modern,
technology driven investment instruments, emphasizing the importance of cognitive and skill-based
factors in shaping rational investment behaviour.

5.2. Managerial Implications

The results of this investigation offer useful managerial implications, particularly for financial
institutions, educational platforms, and policymakers involved in cryptocurrency markets. The
significant impact of financial and digital literacy on cryptocurrency investment decisions highlights
the need for financial institutions and crypto platforms to invest in educational programs
socialization of crypto asset investment to campuses and society that enhance investors' knowledge
in these areas. By offering comprehensive resources on financial management and digital skills,
companies can help investors make more informed decisions, reducing reliance on herding
behaviour and fostering long-term trust in digital asset markets. Cryptocurrency platforms can
benefit from integrating user-friendly tools and features that encourage informed decision-making.
This could include interactive tutorials, digital literacy courses, and in-app guides to educate users
on how to analyse cryptocurrency trends and make strategic investments. By empowering users with
knowledge, platforms can increase investor confidence and engagement, resulting in higher retention
and transaction volumes. For policymakers, the study suggests that promoting financial and digital
literacy could be an effective strategy for mitigating speculative bubbles and irrational investment
behaviours in the crypto market. Initiatives such as national literacy campaigns, collaboration with
educational institutions, and incorporating financial technology into school curriculum could
significantly improve the overall decision-making quality of retail investors.

6. Conclusion

This study provides a comprehensive understanding of the factors influencing retail
cryptocurrency investors' behaviour, particularly through the point of view of herding behaviour,
digital literacy and financial literacy. The results highlight the importance of optimizing platform
functionality and financial literacy to satisfy the various needs of retail investors.

Despite these contributions, this study has several limitations that warrant attention. One
limitation lies in the sample, which is confined to a specific population and may not adequately
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represent the diverse characteristics of cryptocurrency investors across various regions. This could
limit the generalizability of the findings to broader contexts. Another limitation is the exclusive use
of quantitative methods, which, while effective in measuring relationships between variables, may
overlook deeper perceptions of the psychological and contextual elements affecting investors
behaviour. Additionally, the study’s cross-sectional designs record behavior at a specific moment in
time, which might not be taken into consideration variations in the rapidly evolving cryptocurrency
market.

To address these limitations, Future studies could increase the sample size to include
participants from diverse regions and demographics, enhancing the applicability of the results to
different investor populations. Qualitative techniques like focus groups and interviews, could be
employed to explore the underlying motivations and thought processes of investors. Furthermore,
longitudinal studies would provide a more dynamic understanding of how investor behaviour
evolves over time, especially in response to regulatory shifts or advancements in cryptocurrency
technologies. These approaches would deepen the understanding of cryptocurrency investment
behaviour and offer practical insights for industry stakeholders.
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