

[image: image1]
Variables Influencing Cryptocurrency Use: A Technology Acceptance Model in Spain









	 
	ORIGINAL RESEARCH
published: 18 March 2019
doi: 10.3389/fpsyg.2019.00475





[image: image]

Variables Influencing Cryptocurrency Use: A Technology Acceptance Model in Spain

Mario Arias-Oliva1*, Jorge Pelegrín-Borondo2 and Gustavo Matías-Clavero3

1Department of Business Management, Rovira i Virgili University, Tarragona, Spain

2Economy and Business Department, University of La Rioja, Logroño, Spain

3Economic Structure and Development Economics, Autonomous University of Madrid, Madrid, Spain

Edited by:
María del Carmen Pérez-Fuentes, University of Almería, Spain

Reviewed by:
Pasquale Giungato, Università degli Studi di Bari, Italy
Nuria Huete-Alcocer, University of Castilla–La Mancha, Spain

*Correspondence: Mario Arias-Oliva, mario.arias@urv.cat; mario.ao@gmail.com

Specialty section: This article was submitted to Organizational Psychology, a section of the journal Frontiers in Psychology

Received: 25 November 2018
Accepted: 18 February 2019
Published: 18 March 2019

Citation: Arias-Oliva M, Pelegrín-Borondo J and Matías-Clavero G (2019) Variables Influencing Cryptocurrency Use: A Technology Acceptance Model in Spain. Front. Psychol. 10:475. doi: 10.3389/fpsyg.2019.00475

The first commercial transaction with the first cryptocurrency in 2010 marked the start of a revolution in transactions. Blockchain and cryptocurrencies will dramatically transform how we do transactions, just as the Internet revolutionized how we communicate. Currently, more than 2,000 cryptocurrencies are quoted on the market, and many more are being launched in initial coin offerings for use as an exchange method in a specific business ecosystem or as rights to assets or liabilities. As an emerging fintech, cryptocurrencies open up many opportunities, but they also pose significant challenges and limitations. This paper analyzes the key factors for the successful development of a cryptocurrency from a consumer-behavior perspective. Using a technology acceptance theoretical framework, we test a model able to explain almost 85% of the intention to use cryptocurrencies. Surprisingly, risk was not a significant factor. This could be because most of the respondents considered operating with cryptocurrencies to be risky; the lack of variability in their responses to the questions about perceived risk would explain this lack of explanatory power. However, willingness to manage cryptocurrency risk could be a precondition for adoption. The performance expectancy for a given cryptocurrency was the most important factor for its success. The research was conducted in Spain with college-educated adults with basic knowledge of the Internet.
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INTRODUCTION

The origin of blockchain and cryptocurrencies dates back to 2008, when Satoshi Nakamoto – the pseudonymous developer of blockchain and the cryptocurrency bitcoin – posted a paper to a cryptography forum entitled “Bitcoin: A Peer-to-Peer Electronic Cash System” (Nakamoto, 2008a; Simonite, 2011). The paper described a revolutionary technology to create a genuine decentralized peer-to-peer monetary system, arguing that “a purely peer-to-peer version of electronic cash would allow online payments to be sent directly from one party to another without going through a financial institution” (Nakamoto, 2008b, p. 1). Blockchain is defined as “a digital, distributed transaction ledger, with identical copies maintained on multiple computer systems controlled by different entities” (Schatsky and Muraskin, 2015, p. 2). Cryptocurrencies are based on blockchain but are not the only possible application. There is a dangerous relationship between blockchain and cryptocurrencies (Carson et al., 2018), being necessary to underline that cryptocurrencies are one of the multiple possibilities of blockchain technologies. According to the World Economic Forum (2015) 10% of GDP will be stored in blockchain by 2027 (World Economic Forum, 2015), with an average annual growth rate of 62.1% until 2025 (Business Wire, 2017).

Although blockchain is expected to dramatically impact and have applications in most economic sectors and activities, at present cryptocurrencies remain more important. The World Bank defines a non-fiat digital currency as a digital currency that is not backed by any underlying asset, has zero intrinsic value, and does not represent a liability on any institution (Natarajan et al., 2017). Digital currencies based on blockchain technology, which employs cryptographic techniques, are considered cryptocurrencies. The U.S. Federal Reserve considers the current payment system to be slow, insecure, inefficient, uncollaborative, and non-global (Federal Reserve System, 2017). Cryptocurrencies are seen as a potential instrument for solving all these problems (Deloitte, 2015).

From the start of this revolution with the launch of bitcoin, the first cryptocurrency, the business and economic worlds have sought to adapt and integrate the new financial technology into their activities. In 2010, the first retail purchase was made with Bitcoins. Laszlo Hanyecz paid 10,000 bitcoins for two pizzas (Bort, 2014). Today, you can hire a lawyer, buy a car, or pay for a doctor’s appointment with bitcoins at 5,040 businesses around the world (Coinmap, 2018; Usebitcoins, 2018). But bitcoin is only one of 2,094 cryptocurrencies on the market (Coin Market Cap, 2018), which range from bitcoin itself, still the most well-known with a market capitalization over US$110 billion, to largely unknown cryptocurrencies launched more recently, such as Harmonycoin, with a capitalization of just US$107 (Coin Market Cap, 2018). The volatility of cryptocurrencies opens enormous psychological thresholds in prices (Pelegrín-Borondo et al., 2015). Nor does that number include all cryptocurrencies, just the ones quoted on the market to be bought and sold. Today, any business can create its own cryptocurrency using blockchain technology and determine its use through an initial coin offering (ICO). The new cryptocurrency can be used as an internal business ecosystem payment method to grant access to the products or services the ecosystem offers; it can represent a right to an asset or liability; or it can be used as a speculative cryptocurrency whose value is based on market expectations. The range is very wide and will only grow wider in the coming years. For example, according to the October report by the ICO rating platform ICObench (2018). which analyzes part of all global ICOs that are launched, from October 8, 2018, to October 14, 25 new ICOs were begun, 557 were ongoing, and 23 were completed, raising US$87,396,196 in funds (ICObench, 2018). A 2017 survey of 902 tracked ICOs showed that 59% were considered totally or partially failed with a total funding of US$233 million (Morris, 2018).

All of this raises the question: what are the key factors that cause a cryptocurrency to be accepted by consumers and/or investors?

As noted, this “cryptocurrency chaos” poses many opportunities, but also many problems. Illegal activities with cryptocurrencies are a fact, especially with bitcoin, the first and most frequently used (Turner et al., 2018). For instance, cryptocurrencies have been used for tax evasion, money laundering, contraband transactions, extortion, and the theft of bitcoins themselves (Bloomberg, 2017). Another drawback is that cryptocurrencies are not an easy technology to use; operating with bitcoins is a major challenge for many users (Krombholz et al., 2017). One qualitative study found that non-users of bitcoin felt incapable of using it Gao et al. (2016), indicating a barrier to the widespread use of cryptocurrencies. In addition to the lack of technological know-how, financial literacy can also constrain the development of cryptocurrencies. In a 2015 financial capability study conducted in the United States, the percentage of respondents capable of correctly answering at least 4 of 5 basic financial literacy questions on a financial literacy test (basic calculations and questions about interest rates, inflation, bond prices, mortgages, and risk) was 37% (Lin et al., 2016). Given this low level of financial literacy, explaining financial concepts related to cryptocurrencies could be difficult (CCN, 2016). Social perception will also be key to cryptocurrency development. An ING study of opinions about bitcoin found that 29% of Europeans would never invest in cryptocurrencies, perceiving shares as a less risky investment tool (Exton and Doidge, 2018).

In short, cryptocurrencies open up many opportunities, such as fast, efficient, traceable, and secure transactions, but also have drawbacks, such as their inherent risk, the technological and financial difficulty of using them, and the uncertain social perception of owning them. The complexity and consequences of the blockchain and cryptocurrency revolution make it imperative to analyze its impacts and challenges from an interdisciplinary perspective. Although some research has been done on bitcoin, as the most widely used and important cryptocurrency today (Holub and Johnson, 2018), the literature on cryptocurrencies in general is scarce, mainly due to their novelty. This paper focuses on the critical factors that any cryptocurrency must consider to succeed in the emerging and chaotic cryptocurrency market. Specifically, it uses technology acceptance models to analyze the influence of perceived risk, performance expectancy, facilitating conditions, effort expectancy, social influence, and financial literacy on the intention to use cryptocurrencies. Determining the key factors for customer acceptance of cryptocurrencies would let current and future market players focus on the most important features a cryptocurrency should have. The research was conducted in Spain with a sample of college-educated adults with basic knowledge of the Internet.

LITERATURE REVIEW

The Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003) and its extension UTAUT2 (Venkatesh et al., 2012) are models to explain how an emerging technology is accepted by people and organizations. Both are based on Technology Acceptance Models (TAM and TAM2) (Davis, 1989; Venkatesh and Davis, 2000), which, in turn, are rooted in the theory of reasoned action (TRA) (Fishbein and Ajzen, 1975) and the theory of planned behavior (TPB) (Ajzen, 1991). UTAUT models define a direct and positive influence of performance expectancy, social norm, and facilitating conditions on the intention to use a technology.

Performance expectancy is defined as the degree to which a person considers that using a specific technology would be useful to enhance his or her performance. Effort expectancy is defined as the degree of ease associated with the use of a specific technology. Social influence is defined as the degree to which a person perceives that others believe that he or she should use a specific technology. Facilitating conditions are defined as the degree to which a person believes that he or she has the necessary organizational and technical infrastructure to use a specific technology (Venkatesh et al., 2003).

Several studies have looked at the influence of these variables on the acceptance of financial technologies, or fintech, but no consensus has been reached regarding their influence on the intention to use them. On the contrary, important differences have been found depending on the type of technology and target segment. For instance, Moon and Hwang (2018) show that effort expectancy and social influence positively affect the intention to use crowdfunding, but find no evidence that performance expectancy and facilitating conditions do. In contrast, Kim et al. (2018) find that performance expectancy, effort expectancy, and social influence all positively affect the intention to use a payment authentication system based on biometrics. Makanyeza and Mutambayashata (2018) show that while performance expectancy and effort expectancy positively influence the behavioral intention to adopt plastic money, social influence and facilitating conditions do not significantly affect it. Sánchez-Torres et al. (2018) demonstrate that performance expectancy and effort expectancy have a positive impact on the use of financial websites in Colombia. Khan et al. (2017) show that performance expectancy and facilitating conditions are important antecedents of the behavioral intention to use online banking, but find no evidence that effort expectancy and social influence have any significant effect on this intention.

Several studies have likewise looked at the adoption of mobile banking (m-banking). For instance, Farah et al. (2018) determines that performance expectancy, effort expectancy, and social influence are predictors of the intention to use m-banking services in Pakistan, but facilitating conditions have no influence on its adoption. Warsame and Ireri (2018) show that for some consumer segments (based on age, gender, and religion) performance expectancy and effort expectancy significantly influence the intention to use mobile microfinance services, while for others these factors do not affect acceptance. These authors further demonstrate that social influence affects the intention to use mobile microfinance services in all segments. In their study of mobile payment adoption specifically by the base-of the-pyramid (BoP) segment, i.e., people with a very low level of income, Hussain et al. (2018) find that performance expectancy, effort expectancy, facilitating conditions, and social influence all significantly influence behavioral intention. Focusing on m-banking in Bangladesh, Mahfuz et al. (2016) show that effort expectancy and social influence are the most significant antecedents of behavioral intention. Additionally, they find that while performance expectancy and facilitating conditions do not significantly affect the intention to use this technology, facilitating conditions do affect actual use of it. In another study conducted in Bangladesh, Nisha (2016) demonstrates that performance expectancy, effort expectancy, and facilitating conditions significantly influence customers’ intention to use m-banking services. Similarly, in a study conducted in Karnataka, in rural India, Kishore and Sequeira (2016) show that performance expectancy, effort expectancy, and social influence have significant explanatory power with regard to the adoption of m-banking.

As for the literature specifically on cryptocurrencies and bitcoin, Mendoza-Tello et al. (2018) show that perceived usefulness is the most influential factor in the intention to use cryptocurrencies for electronic payments, but find no support for the direct effect of social influence on the intention to use them. According to another study on cryptocurrency adoption based on the TPB, subjective norms (social influence) and perceived behavioral control (how easy or difficult it is to use cryptocurrencies) are significant (Schaupp and Festa, 2018): people who perceive cryptocurrencies as easy to use and people receiving a positive social influence regarding their use are more likely to use them. Bitcoin has also been analyzed as a cryptocurrency. In an acceptance study in China, Shahzad et al. (2018) find that both perceived usefulness and perceived ease of use significantly influence the intention to use bitcoin.

Based on these findings regarding the acceptance of financial technologies, the following hypotheses are proposed:

H1. Performance expectancy regarding the use of cryptocurrencies positively influences the intention to use them.

H2. Effort expectancy regarding the use of cryptocurrencies positively influences the intention to use them.

H3. Social influence regarding the use of cryptocurrencies positively influences the intention to use them.

H4. Facilitating conditions for the use of cryptocurrencies positively influences the intention to use them.

From a behavioral research perspective, Faqih (2016) defines perceived risk as consumers’ perception of the degree of uncertainty and possible undesirable consequences of using or buying a product. Perceived risk has been considered a determinant of consumer behavior in the context of purchase intention (e.g., Salisbury et al., 2001; Kannungo and Jain, 2004), as well as a predictor of technology adoption (e.g., Featherman and Pavlou, 2003). Several recent studies analyze the influence of perceived risk on the intention to use financial technologies with contradictory results. In their study of the intention to use online banking, Khan et al. (2017) validate perceived security as an important antecedent of behavioral intentions. Kishore and Sequeira (2016) show that perceived risk has significant moderate explanatory power with regard to the adoption of m-banking in rural areas. Shaikh et al. (2018) determine that while the direct influence of perceived risk on the intention to use m-banking is generally weak, it plays an important role in the pre-adoption process, influencing other variables that later directly affect the intention to use. Farah et al. (2018) does not find that perceived risk is a determinant variable in the intention to use m-banking in Pakistan. Likewise, Moon and Hwang (2018) find no evidence that perceived risk negatively affects the intention to use crowdfunding.

With regard to the literature on cryptocurrencies in particular, Mendoza-Tello et al. (2018) show that perceived risk is not significant in explaining the intention to use cryptocurrencies for electronic payments.

Based on the understanding of cryptocurrencies as an emerging fintech entailing potential risk, the following hypothesis is proposed:

H5. The perceived risk of using cryptocurrencies negatively influences the intention to use them.

Stolper and Walter (2017) define financial knowledge as the degree of knowledge a person has about key financial concepts and their capacity to apply that knowledge to their financial decision-making.

Several studies demonstrate that financial knowledge is a predictive variable of financial behaviors. Van Rooij et al. (2011) show that financial literacy affects financial decision-making: people with low financial literacy are much less likely to invest in stocks. In their review of the literature on the topic, Lusardi and Mitchell (2014) find that numerous papers demonstrate that the greater a person’s financial knowledge, the more likely he or she is to participate in financial markets and invest in stocks. Their research includes papers from the United States and other countries. Likewise, Stolper and Walter (2017) argue that higher levels of financial knowledge are associated with more saving planning, more saving behavior, more stock market participation, and smarter choices when it comes to the selection of financial products; at the same time, lower levels of financial knowledge are associated with poorer financial decisions, more expensive loans, costly credit card practices, and excessive debt accumulation. In their literature review, Hastings et al. (2013) establish that financial knowledge affects decisions related to the use of credit cards, investments, mortgage loans, and retirement savings plans. Stolper and Walter (2017) report similar findings, showing that many research papers demonstrate that people with a higher level of financial knowledge are more cautious about their financial decisions. Lam and Lam (2017) demonstrate the important influence of financial knowledge on problems related to online shopping, such as addiction or compulsive shopping behaviors.

Given that cryptocurrencies are a technological financial product, and based on the above findings regarding the influence of financial literacy on the use of financial products, the following hypothesis is proposed:

H6. Financial literacy positively influences the intention to use cryptocurrencies.

Figure 1 shows the proposed model for analyzing the intention to use cryptocurrencies.
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FIGURE 1. Proposed theoretical model for the intention to use cryptocurrencies.



MATERIALS AND METHODS

Data Collection

We used a structured and self-administered online survey to sample people over the age of 20, living in Spain, who had a university degree. We sent invitations to people with this profile without making any distinctions for age, gender, or household income until we achieved the desired sample size and composition to enable reliable research. Due to the online nature of the survey, the sample is limited to people with a basic command of the Internet.

As noted in the introduction, because cryptocurrencies are based on blockchain technologies, a minimum level of both technological and financial knowledge is needed to have a basic understanding of how to operate with them. Consequently, in order to survey people likely to have a reasonable understanding of these technologies, we focused on college-educated adults. This allowed us to ensure that the respondents would have the minimum required knowledge. This decision regarding the sample was based on other studies that justify the choice of a highly educated sample as a means of making suring that respondents have a higher level of financial knowledge in order to ensure that the collected data will fit the research purpose (Hastings et al., 2013; Lin et al., 2016; Stolper and Walter, 2017).

The sample consisted of 402 people, over the age of 20, living in Spain and with a university degree and a basic grasp of the Internet. The data were collected between August 1 and September 10, 2018.

The survey began with an introductory text about cryptocurrencies and blockchain: “Like knives or fire, new financial technologies have enormous potential, but can be used for good or bad. The innovative blockchain-based financial and insurance services emerging today reduce intermediation and transaction costs, but they could also be insecure and risky if used incorrectly. Cryptocurrencies (such as bitcoin) are a perfect example of blockchain-based financial innovation, offering inalterable, anonymous, and traceable transactions. Today, the technology suffers from significant legal gaps, enabling it to be used for illegal and opaque operations, including tax evasion, money laundering, illegal transactions such as purchasing weapons or drugs, corruption, etc. In addition, it poses other risks, such as the fact that losing your password entails losing your money or that heirs who do not have the key will not be able to access their inheritance.”

With regard to ethics approval: (1) all participants were given detailed written information about the study and procedure; (2) no data directly or indirectly related to the subjects’ health were collected and, thus, the Declaration of Helsinki was not generally mentioned when the subjects were informed; (3) the anonymity of the collected data was ensured at all times; and (4) no permission was obtained from a board or committee ethics approval, it was not required as per applicable institutional and national guidelines and regulations (5) voluntary completion of the questionnaire was taken as consent for the data to be used in research, informed consent of the participants was implied through survey completion.

Measurement Scales

We based our measurement scales on scales that are widely accepted and used in the literature on technology acceptance. Table 1 shows the constructs, items, and theoretical foundations of each one.

TABLE 1. Constructs, items, and their theoretical foundations.
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Stolper and Walter (2017) consider that there are two main ways to measure financial literacy: (i) using a test to evaluate a person’s financial knowledge; and (ii) via self-assessments of financial knowledge. We decided to use a self-assessment approach because we consider that people make decisions based on their perception of reality, not reality itself. From a consumer behavior point of view, this means that people will behave according to their perceptions of their financial knowledge, not their actual financial knowledge. The self-conception of financial literacy would thus be the influential factor in relation to the intention to use cryptocurrencies.

Sample Profile

As already noted, the sample consisted of people over the age of 20, with a university degree and a basic grasp of the Internet. There was a small deviation with regard to gender, with 3% more men than women (53% men). According to López de la Cruz (2002), this is representative of the Spanish population due to women’s later incorporation into higher education.

The sample’s age composition is proportional to the age distribution of the Spanish population at large. Figures 2, 3 show the sample’s age distribution and the Spanish population’s age distribution pyramid. People under the age of 21 were not included because of the very high unlikelihood that they would already have a university degree. The largest segment of respondents was people between the ages of 41 and 50. This is similar to the distribution of the Spanish population as a whole. Therefore, we believe the sample is adequate and representative of the population.
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FIGURE 2. Sample distribution by age.
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FIGURE 3. Spanish age distribution pyramid, population over the age of 21.



The breakdown of net monthly household income for the sample was as follows: 6.2% less than €1,000; 13.2% from €1,001 to €1,749; 13.9% from €1,750 to €2,499; 16.4% from €2,500 to €2,999; 38.3% more than €3,000; and 11.9% offering no response. As can be seen, income levels were quite high, which is reasonable given that the sample consisted of college-educated adults, who are more likely to earn higher salaries. This distribution is similar to that of the Spanish population as a whole. According to the Spanish National Institute of Statistics (Instituto Nacional de Estadistica [INE], 2017), 49.3% of people with a university degree earn salaries categorized in the highest level.

Statistical Methodology

The research used the following sequential statistical process:

• Stage 1. Measurement model analysis

Principal component exploratory factor analysis with Varimax rotation was performed to check for the possible existence of dimensions in the scales. Reliability and convergent and discriminant validity analyses of the scales were then performed. The removal of items from the scales based on these analyses was decided at this stage.

• Stage 2. Explanatory model of the intention to use cryptocurrencies (analysis of the structural model)

We analyzed the proposed explanatory model for the intention to use cryptocurrencies, calculating R2, Q2, path coefficients, and their estimated degree of significance. The analysis was done with consistent partial least squares structural equation modeling (PLSc-SEM). Dijkstra and Henseler (2015) established that PLSc-SEM is less sensitive to Type I and Type II errors than PLS-SEM. This analysis is also recommended when data do not follow a normal distribution or it is uncertain that they do. We ruled out PLS-MES because that method tends to skew factor loadings upward and underestimate regression coefficients (Gefen et al., 2011). PLSc-SEM can be used with models in which all constructs are reflective, as in the case at hand.

RESULTS

The intention to use cryptocurrencies was low. The arithmetic mean of the intention to use them was a 3 on a scale of 10. When respondents were asked about their use in the near future, the score increased to an average of 4, very close to the breaking point between using or not using cryptocurrencies (5). Standard deviations were high (the coefficient of variation was 1.08 for the intention to use and 0.83 for predicted use). Given the dispersion in the intention to use, it was highly advisable to develop an explanatory model to understand cryptocurrency acceptance behaviors. With this aim, we proposed the aforementioned model based on variables accepted by the scientific and academic community with high explanatory power regarding variability in the intention to use new technologies and products.

Analysis of the Measurement Model

We performed an exploratory factor analysis to test the number of dimensions included in each scale. Each scale was found to have only one dimension. For all the scales, the Bartlett’s test of sphericity coefficient had a significance level less than 0.00, the Kaiser-Meyer-Olkin (KMO) statistic, which measures sampling adequacy, was greater than or equal to 0.5 (for two items the KMO was always = 0.5), and the percentage of variance explained by the factors was higher than 70%, which confirms the correct statistical functioning. From an exploratory perspective, it was confirmed that the scales did not include any mental structures with more than one dimension.

Regarding the evaluation of the measurement mode, according to Hair et al. (2011, 2013), in order to obtain a correct reliability indicator in reflective measurement models, the standardized loadings of the variables should be greater than 0.7 and significant (value t > 1.96) (Table 2). One of the observed variables showed a standardized loading slightly less than 0.7, but t-values greater than 1.96. In that case, we kept the variable based on Chin (1998) because the standardized loading rule of 0.7 is flexible, particularly when the indicators contribute to the validity of the factor content.

TABLE 2. Standardized loadings and t-values.
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All constructs had a composite reliability and Cronbach’s alpha greater than 0.7, confirming that the construct reliability was adequate (see Table 3). The scales also showed an average variance extracted (AVE) greater than or equal to 0.5; the convergent validity criterion was thus met. The HTMT values were correct in all cases (<0.9) (Gold et al., 2001), and the square root of the AVE was greater than the correlations between constructs, proving that the discriminant validity criterion was also met (Roldán and Sánchez-Franco, 2012) (Table 4).

TABLE 3. Construct reliability (composite reliability and Cronbach’s alpha) and convergent validity (AVE).
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TABLE 4. Divergent validity.
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Explanatory Model of the Intention to Use Cryptocurrencies (Structural Model Analysis)

Consistent PLS bootstrapping with 5000 resamples was used to evaluate the relevance of the path coefficients. Figure 4 shows the model’s overall results: R2 for the dependent variable and the path coefficients of the explanatory variables.
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FIGURE 4. Graphical model of the influence of the explanatory variables (path coefficients) on the intention to use cryptocurrencies and R2.



The model’s goodness of fit is very high, as can be seen in Table 5. R2 = 0.848, meaning that the model’s explanatory power is very high, since the explanatory variables explain 84.8% of the variance in the intention to use cryptocurrencies. Regarding the predictive power of the model, we used the Q2 provided by PLS predict (Shmueli et al., 2016). The Q2 obtained with PLS predict was greater than 0, and Q2 values greater than zero indicate that the exogenous constructs have predictive relevance. It is thus confirmed that the model strongly explains the intention to use cryptocurrencies. The average variance explained by each antecedent variable of the intention to use is shown in Table 5. As can be seen, this value was negative in some cases “due to the fact that the original relationship between the two variables is so close to zero that the difference in the signs simply reflects random variation around zero” (Falk and Miller, 1992, p. 75).

TABLE 5. Goodness of fit of the model, direct effects, p-value, correlation with the dependent variable and variance explained by the explanatory variables.
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The results indicate that performance expectancy and facilitating conditions significantly influence the intention to use cryptocurrencies. Support was thus found for hypotheses H1 and H4. Effort expectancy (EE) also had a significant effect, but at the lowest level (sig = 0.07). Therefore, although support was also found for H2, this support was less clear. No support was found for the rest of the hypotheses (H3, H5, and H6).

With the objective of producing valid predictions of behavioral intention to use cryptocurrencies, we used PLS predict (Shmueli et al., 2016; Felipe et al., 2017). In general, if we compare the results of PLS (partial least squares) with LM (linear model), PLS predict allows predictions very close to those obtained by using LM (Table 6).

TABLE 6. Partial least square predict assessment.
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DISCUSSION AND CONCLUSION

This research sought to test an explanatory model of the intention to use a new financial technology, namely, blockchain-based cryptocurrencies. The proposed model was based on variables from UTAUT technology acceptance models. Perceived risk and financial literacy were also added, as variables specifically used in the analysis of fintech acceptance. The proposed model explains 84.8% of the variance in the intention to use.

The results indicate that the variables with the greatest explanatory power for an individual investor’s intention to use cryptocurrencies are performance expectancy (explained 68.45% of the variance in the intention to use) and facilitating conditions (14.81%). Effort expectancy also had significant explanatory power, but the influence was smaller (4.99%). The remaining variables (social influence, perceived risk, and financial literacy) did not have a significant influence (p-value > 0.1).

The high explanatory power of performance expectancy gives rise to the first finding: performance expectancy is the determinant variable in the acceptance of cryptocurrency financial technologies. This finding is consistent with other studies that have found this variable to be determinant in the intention to use a given financial technology, including a biometric payment service (Kim et al., 2018), plastic money (Makanyeza and Mutambayashata, 2018), online banking (Khan et al., 2017; Sánchez-Torres et al., 2018), and m-banking (Kishore and Sequeira, 2016; Nisha, 2016; Farah et al., 2018; Hussain et al., 2018; Warsame and Ireri, 2018). Studies about cryptocurrencies and bitcoin in particular have reached the same results regarding the influence of performance expectancy on the intention to use, including in relation to electronic payments with cryptocurrencies (Mendoza-Tello et al., 2018) and bitcoin acceptance in China (Shahzad et al., 2018). Perceived usefulness is also the most significant variable influencing the intention to use bitcoin (Walton and Johnston, 2018).

The variable with the second highest explanatory power was facilitating conditions. There is no consensus regarding the influence of facilitating conditions on the acceptance of financial technologies. Several studies have confirmed its influence (Khan et al., 2017; Hussain et al., 2018), while others have found no evidence that it influences fintech acceptance (Farah et al., 2018; Makanyeza and Mutambayashata, 2018; Moon and Hwang, 2018).

With regard to effort expectancy, most of the literature suggests that it does influence financial technology acceptance (e.g., Kishore and Sequeira, 2016; Nisha, 2016; Farah et al., 2018; Hussain et al., 2018; Kim et al., 2018; Makanyeza and Mutambayashata, 2018; Moon and Hwang, 2018; Sánchez-Torres et al., 2018). However, some authors have shown that effort expectancy does not influence fintech acceptance (Khan et al., 2017) or does not influence the intention to use it equally in all segments (Warsame and Ireri, 2018). As for findings regarding cryptocurrency fintech in particular, effort expectancy has been shown to have a positive influence on cryptocurrency adoption (Schaupp and Festa, 2018) and on bitcoin acceptance in China (Shahzad et al., 2018). Our results support the mainstream findings regarding the influence of effort expectancy on fintech acceptance: it is a significant factor. However, it is not the most influential one, nor is it critical to successful cryptocurrency acceptance compared to performance expectancy and facilitating conditions. A bitcoin study in South Africa (Walton and Johnston, 2018) yielded similar findings.

Various factors should be considered in relation to the analyses of the variables that were not statistically significant. Given the current early stages of the development of cryptocurrency financial technologies and their technological basis (blockchain), it might initially seem surprising that perceived risk was not found to be relevant to their adoption. Because of the anonymity (pseudonymity) and elimination of trusted intermediaries that cryptocurrencies entail, they can potentially be used for criminal activities (e.g., money laundering, illicit marketplaces, and ransomware) (Juels et al., 2016). The reason for the present finding is the low variability of the explanatory variable (perceived risk), which does not explain the variability in the intention to use cryptocurrencies. However, that does not mean that it is not an important factor in cryptocurrency acceptance. Support for this argument can be found in other industries. For instance, in the hotel industry, the degree of cleanliness of a high-end hotel has no explanatory power with regard to hotel choice, because customers in general assume that a high-end hotel will be clean. This results in very low variability in the variable, such that cleanliness is not an influential variable in hotel choice. Thus, a very important variable (cleanliness) can play a critical role (its absence would have a strong negative impact on the evaluation of the service), yet not be determinant in high-end hotel expectations and choice (Medrano et al., 2016). This same logic can be applied to the cryptocurrency acceptance decision. Thus, the arithmetic mean of the three observable variables measuring perceived risk is 7.3 (on a scale of 0 to 10), indicating that the perceived risk is quite high; however, its variability (coefficient of variation 0.36) is insufficient to explain the intention to use cryptocurrencies (with a coefficient of variation of 1.08 and 0.83 for the scale’s three observable variables). That means that despite being a critical factor in cryptocurrency acceptance, risk does not affect the intention to use cryptocurrencies because most people assume that operating with them is risky. Shaikh et al. (2018) report similar findings, noting that perceived risk is not a determinant variable in the intention to use m-banking technologies, but is critical in the preadoption process. Farah et al. (2018) and Moon and Hwang (2018) find that perceived risk does not explain the decision to use a new financial technology, which is also consistent with our findings. In their study specifically of cryptocurrencies, Mendoza-Tello et al. (2018) show that perceived risk is not a significant factor in explaining the intention to use cryptocurrencies for electronic payments. Likewise, Walton and Johnston (2018) show that the perceived security risk does not influence attitude toward or the intention to use bitcoin.

Another finding of our research is the non-significant role of social influence in explaining the intention to use cryptocurrencies. Previous studies reached the same conclusion: this variable does not influence the adoption of other financial technologies, such as plastic money (Makanyeza and Mutambayashata, 2018) and online banking (Khan et al., 2017). However, opposite findings have also been reported, as in the m-banking studies by Kishore and Sequeira (2016); Mahfuz et al. (2016), and Warsame and Ireri (2018) that have found social influence to be relevant to adoption. The results of cryptocurrency acceptance studies are similarly contradictory. A study on electronic payments with cryptocurrencies considered the influence of social norm on acceptance to be non-significant, while other studies have found it to be significant, including one study on cryptocurrency adoption (Schaupp and Festa, 2018) and another on bitcoin acceptance (Shahzad et al., 2018). With regard to cryptocurrency adoption, our findings indicate that social influence will not be key.

Finally, we found that financial literacy has no power as an explanatory variable for cryptocurrency acceptance. Other studies about financial literacy have found that people with greater financial knowledge are less likely to make little-reasoned investments (Lam and Lam, 2017). In that regard, Stolper and Walter (2017, p. 613) note that “a voluminous literature analyzes the question whether high levels of financial literacy trigger superior financial decision making. As we will review shortly, the majority of papers document a positive correlation between measures of financial literacy and sound financial behavior in various domains.” Based on our results, it cannot be demonstrated that greater financial knowledge influences the decision to use cryptocurrencies. This is because financial literacy allows people to make better financial decisions. In some cases, the best decision could be not to invest, while in another it might be to invest. Our results contribute to previous findings. Greater financial knowledge allows a customer to more accurately evaluate the investment (e.g., whether to invest in bitcoin or ethereum depending on the status of the financial market at any given time), but not the technology that supports it (cryptocurrency technologies in the present case). For this reason, financial literacy could influence the decision at the investment level, but does not have any significant influence on the decision at the technology level, which is the focus of the present research. Thus, from a financial literacy perspective, the decision of whether or not to use a cryptocurrency could be based on financial criteria, not technology acceptance ones.

Based on our findings, we propose several measures to operate with a greater likelihood of success in the cryptocurrencies and blockchain-related services market. The first recommendation concerns the risk related to operating in these markets. The perceived risk of cryptocurrency transactions is very high; given the current status of the necessary technological development, customers and investors view investing in or operating with these new technological assets as very risky. Therefore, future cryptocurrencies should seek to solve that problem as a condition for pre-adoption. The firsts cryptocurrencies to be seen as “risk-free” could gain an important competitive advantage in relation to the current offer.

Second, the product and service design for a new cryptocurrency (or the innovation efforts for current ones) should focus on performance as the most critical adoption factor. Cryptocurrency must become a high-value-added proposition for customers, and considerable marketing efforts must be undertaken to ensure that potential customers perceive this value. The more value added offered by a cryptocurrency, the more likely it is to be used. Focusing on usefulness is a recommended strategy in the cryptocurrency market.

The third recommendation concerns facilitating conditions. The intention to use a current or new cryptocurrency is heavily dependent on the conditions under which potential customers can operate with them. Factors such as the technological resources and technical knowledge needed to operate with a cryptocurrency, the compatibility of a customer’s technology with cryptocurrency technical requirements, the existence of widely accepted standards for operating with them, or the existence of an easily accessed helpdesk in case of problems are all important factors that could affect cryptocurrency adoption.

The fourth recommendation has to do with the effort a customer needs to make to use a cryptocurrency. Even through the effort required to learn and operate with a cryptocurrency is not one of the most important factors for acceptance, it is significant. Any innovation in a cryptocurrency’s usability will thus positively influence the intention to use it.

Finally, this research has some limitations. We focus on a very specific population segment: college-educated adults with a basic grasp of the Internet. Notwithstanding our discussion of and rationale for this decision, future studies should focus on other segments in order to gain a broader knowledge of cryptocurrency acceptance in society. Another possible limitation is that this research was circumscribed to Spain. The results might be different if the survey had had a larger geographical scope or been conducted in another country (e.g., the results of the aforementioned m-banking studies differed depending on the region, while the ING study (Exton and Doidge, 2018) revealed different perceptions depending on the country). Thus, future research should be conducted in other countries. Another factor that could be included in future research is sustainability of cryptocurrencies and blockchain mining. According to Krause and Tolaymat (2018) the mining process requires intensive computation resources with large energy consumption, being estimated than during the period from 2016 to 2018 the energy needed to mine 1 US$ of Bitcoins was 17 megajoules compared with the 5 megajoules needed to obtain 1US$ of gold. Based on this finding, sustainability factors could have an implact on cryptocurrencies development. Cryptocurrencies are an emerging technology in constant evolution. Therefore, the findings of the present research should be interpreted with care. In the near future, technology will continue to change, as will people’s knowledge of financial technology. Consequently, future research should both include a longitudinal study to track the evolutionary adoption of cryptocurrencies and seek to update the model to future circumstances.
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