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A B S T R A C T   

Recently many banks around the world are adopting chatbots to communicate with their cus-
tomers. However, the success of banking chatbots relay on customer adoption of this new tech-
nology. Although chatbots use in the banking sector is expanding globally, the Arabic world is 
still behind in using the technology, and chatbot applications in the Arab world are still imma-
ture. One reason behind this lag is the complexity of the Arabic language. This study comes to 
bridge the gap in the literature regarding what technology aspects affect customer adoption of 
bank chatbots in the Arabic world, and which type of Arabic language is the most effective in 
communicating with Arabic language speakers. UTAUT2 was used to figure what factors afect 
customer adoption. The data for this study was collected from two separate groups, with a total of 
429 participants. Results showed that there is a significant difference between the model testing 
Arabic Fusha and Dialect Fusha. Results showed that Effort expectancy influences adoption only 
when dialect Arabic is used. Performance expectancy was also found to have no effect on the 
adoption of bank chatbot in both groups.   

1. Introduction 

In recent years, artificial intelligence (AI) has advanced rapidly thanks to the development of machine learning and deep learning 
algorithms [1–4]. AI agents or chatbots are AI application that was created to mimic human conversation and communicate auto-
matically through text or verbal format [5,6]. Chatbots are already a common feature on websites and customer-facing applications 
across numerous sectors [7]. This is contributed to the chatbot’s ability to provide a wide range of successful interpersonal interactions, 
easy to use interface, the absence of limitations on time and location, and the advancement of interactive teaching methods [8,9]. 

Recently many banks around the world are adopting chatbots to communicate with their customers. However, the success of 
banking chatbots relay on customer adoption of this new technology [10]. Chatbots are providing bank customers with efficient and 
easy-to-access 24/7 service activities [11], and fast answers to some of their questions. As a result, adopting chatbot by banks is 
expected to enhance the customer experience [12]. 

Although chatbots use in the banking sector is expanding globally, the Arabic world is still behind in using the technology, and 
chatbot applications in the Arab world are still immature [13]. One reason behind this lag is the complexity of the Arabic language. 

Accordingly, this study comes to bridge the gap in the literature regarding what technology aspects affect customer adoption of 
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chatbots in the Arabic world, and which type of Arabic language is the most effective in communicating with Arabic language speakers 
in the middle east. Jordanian Arabic is a dialect spoken by the population of the Hashemite Kingdom of Jordan and belongs to 
Levantine Arabic [14] which is spoken by more than 11 million person which is the population of Jordan and understood by over 44 
million Arabic speakers of the Levant which consist of Palestine, Syria, Turkey and Lebanon. These statistics make Jordan a good 
representative of Arabic speakers. 

The choice of Jordan as the focus of this study is pertinent since Jordan is at the forefront of technological innovation, and provides 
concrete support to institutions and technology companies alike, as well as aiming to set up a regulatory framework which will help 
technology drive and expand the Jordanian economy [15]. [16] note that Jordan was one of the first countries which liberalised its 
telecommunications sector, which was a major step in building a robust and strong ICT infrastructure. In 2020, the International 
Telecommunications Union published the results of its global regulatory survey for 2019. This survey highlighted the fact that the 
Jordanian Telecommunications Regulatory Authority was now ranked as having reached an advanced level in the category of 
countries with fourth-generation regulation - achieving a rate of 91%, and thus ranking first in the Arab world along with Saudi Arabia, 
followed by Morocco, Bahrain and Oman [17,18]. These technological developments demonstrate that Jordan is open and ready to 
accept innovative new technologies [19]. The Kingdom has already designed a national digital strategy, which will be launched soon, 
to set out how Jordan intends to benefit from emerging technologies, improve service provision throughout the country, and in the 
process lead the way towards improving its citizens’ lives and living standards [20,21]. 

To answer this study’s main questions the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) was adopted as the 
main theory. Participants were presented with two mock-up chatbot interfaces. The first interface was using Fusha Arabic and the 
second interface was using the Jordanian common dialect to test which type of language is the most effective. 

1.1. Importance of the study 

Generally speaking, the wide range of digital technologies has posed a significant challenge for organizations in terms of effectively 
stimulate innovation, enhance operational effectiveness, and secure a competitive edge in the market [22,23]. Investigating tech-
nology aspects that affect customer adoption of bank chatbots in the Arabic world, and which type of Arabic language is the most 
effective in communicating with Arabic language speakers is different from other research formerly carried out in the technology 
adoption literature. This holds true especially that the market for chatbots is expected to grow significantly from its size in 2016 of 
190.8 million dollars to reach over 1.25 billion dollars in 2025 [24]. 

Furthermore, a survey measuring customers’ preference to communicate with businesses using chatbots reported that 57 % of 
respondents are happy or very happy to deal with chatbots when contacting a business. On the other hand, 43 % of participants were 
not happy or not happy at all dealing with chatbots [25]. These numbers show that there is still a need to study what variables and 
chatbot characteristics are better influencing customers’ adoption of chatbot technology when provided by a business. 

In addition, Arabic is the fifth most spoken language globally [26]. There are more than 400 million Arabic speakers around the 
world and it is one of the UN’s official six languages [27]. The Arabic language is also very important in the context of business and the 
global market. This importance is partially attributed to the role the middle east plays in the business world [28]. Therefore, it is very 
important to focus on building chatbots that communicate with Arabic speakers effectively. 

In addition, there is little available literature on the factors which determine whether Jordanian customers decide to adopt AI in the 
banking sector. It is essential to create a research framework which will investigate chatbot adoption from the perspective of the 
customer. The study will play a positive role in helping bank managers to argue in favour of adopting AI and implementing it suc-
cessfully within their banks. Finally, the study will provide a point of reference for future researchers into AI, both in Jordan itself and 
in Arabic-speaking developing countries which share a similar context with that of Jordan. 

1.2. Research setting 

The choice of Jordan as the focus of this study is pertinent since Jordan is at the forefront of technological innovation, and provides 
concrete support to institutions and technology companies alike, as well as aiming to set up a regulatory framework which will help 
technology drive and expand the Jordanian economy [16,29]. note that Jordan was one of the first countries which liberalised its 
telecommunications sector, which was a major step in building a robust and strong ICT infrastructure. In 2020, the International 
Telecommunications Union published the results of its global regulatory survey for 2019. This survey highlighted the fact that the 
Jordanian Telecommunications Regulatory Authority was now ranked as having reached an advanced level in the category of 
countries with fourth-generation regulation - achieving a rate of 91%, and thus ranking first in the Arab world along with Saudi Arabia, 
followed by Morocco, Bahrain and Oman [17,18]. These technological developments demonstrate that Jordan is open and ready to 
accept innovative new technologies. The Kingdom has already designed a national digital strategy, which will be launched soon, to set 
out how Jordan intends to benefit from emerging technologies, improve service provision throughout the country, and in the process 
lead the way towards improving its citizens’ lives and living standards [20]. 

2. Literature 

2.1. Chatbots in the banking sector 

Chatbots have arisen as a significant technological innovation in the past few years, transforming the way businesses and customers 
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interact [30]. Chatbots, also known as Artificial intelligence (AI) agents, are “conversational agent that interacts with users turn by 
turn using natural languages” [31] like English and Arabic. Chatbots mimic the human ability to communicate and to attend to 
customers’ requests expressed in oral or written methods [32]. 

In recent years more financial businesses are incorporating chatbots into their websites, especially text chatbots, which have 
changed the landscape of communication and interaction between financial organizations and their customers [11]. This is attributed 
to chatbots’ ability to offer numerous advantages over human-based services including being available 24 h a day with personalized 
assistance, faster response times, scalability, and cost-effectiveness [33]. Due to these advantages, chatbots are replacing humans in 
many financial service providers such as banks. 

The use of chatbots in the banking industry has significantly increased in recent years. The banking industry has found using 
chatbots to be beneficial since they can help their customers to achieve different tasks such as account enquiries, transaction pro-
cessing, and answering FAQs efficiently. Using Chatbots in the banking sector is expected to save up to 7.3 billion US dollars globally by 
2023 [34]. 

Despite their advantages, chatbots in the banking sector also face several challenges. The majority of financial businesses are still in 
the learning stage of implementing AI and its applications such as chatbots [35] Therefore, there is a need to continue researching the 
best ways to incorporate different AI systems into their operational processes, and this has prompted the need for a more thorough 
theoretical understanding of what factors affect chatbot adoption among banking customers. 

In the literature, many recent studies concentrated on understanding the relationship between chatbots in the banking sector and 
their customers. The majority of the studies have focused mainly on one of two topics: customer experience, and technology adoption. 

For example [36], examine the usage of chatbots in customer support by banks. The study reported that banks using chatbots to 
provide reliable and convenient assistance to their customers have seen an enhancement in their relationship with their customers 
which lead to loyalty. Another study by Ref. [37] intended to examine the effect of bank chatbots on customer satisfaction has reported 
that perceived performance, perceived trust and corporate reputation significantly affect customer satisfaction with chatbot use. In a 
third study [10], used the diffusion of innovation theory to look at the causes and effects of customer brand engagement when 
employing banking chatbots. The findings indicate that trialability, compatibility, and interactivity have a positive effect on customer 
brand engagement through a chatbot, therefore, affecting satisfaction with the brand experience and customer brand usage intention. 

2.2. Chatbot adoption in the banking sector 

Although chatbots are increasingly being used in customer service, research on their use in customer assistance is still in its early 
stages especially [38] in the banking sector where customers are still feeling uncomfortable and not willing to use chatbots. Moreover, 
the banking industry has a significant commitment to investing in different enterprise systems recognizing it as a crucial tool to gain a 
competitive edge in the contemporary business environment [39–41]. Therefore, it is important to examine what factors influence 
customers’ adoption of bank chatbots [42]. 

Several authors have made efforts to research how chatbot technology is used in various contexts such as tourism (e.g. Refs. [43, 
44]), education (e.g. Ref. [45]), healthcare (e.g. Ref. [46]), transportation (e.g. Ref. [47]), and financial service including banks (e.g. 
Ref. [48]). 

To study customers’ adoption of chatbots in financial services and banking, some technology acceptance models and theories were 
utilized. For example [33], have studied customers’ adoption of chatbots in the banking sector using the technology acceptance model 
(TAM). In their study [33], studied the effect of TAM constructs on ease of use and perceived usefulness in addition to two other factors 
perceived compatibility and perceived privacy risk. The results of their study identified two factors that had a significant impact on 
customers’ intention to adopt bank chatbots these are perceived usefulness and perceived compatibility. Similar results were reported 
by Ref. [12] study which searched for factors that influence millennials’ technology acceptance of chatbots in the banking industry in 
Indonesia. Perceived usefulness, perceived ease of use and attitude in addition to innovativeness were found to influence the intention 
to adopt bank chatbots among Indonesian millennials. 

To identify the determinants of acceptance of banking chatbots among Malaysian millennials [42] relied on UTAUT2. The results of 
this study showed that all variables of UTAUT2 (performance expectancy, hedonic aspects, facilitating condition, habit, effort ex-
pectancy, social influence) in addition to perceived compatibility affects Malaysian millennials’ intention to adopt chatbots. 

The Literature of technology acceptance presents several theories and models that where utilized to explain consumer adoption of 
new technology (e.g., Technology acceptance model ([41,49–51]), IS success model ([52,53]), and the UTAUT ([54]). 

UTAUT is a robust model that proved validity, and stability in explaining technology acceptance in involuntary working context 
[55]. However, to understand what factors affect the intention to adopt technology in voluntary contexts like customers context [56] 
have introduced UTAUT2 which is an expansion of the original UTAUT model and incorporates a number of novel factors that were 
absent from the earlier model [56]. UTAUT2 is extensively utilized in the field of information systems research and has been applied in 
a variety of contexts to comprehend users’ acceptance and utilization of new technologies [57]. 

Different studies suggested that UTAUT2 was able to predict customers intention to adopt new technology in different domains 
such as Telebanking (e.g., Ref. [58]), Financial services (e.g. Ref. [59], and recently chatbot acceptance in fields like education (e.g., 
Ref. [60]), telecommunication (e.g., Ref. [61]), and financial services (e.g., Ref. [7]). 

[56] designed UTAUT2 to provide a rigorous framework for explaining technology acceptance and use, predominantly in the 
consumer context. UTAUT2 enhanced the predictability of behavioural intention and actual use of new technology in comparison to 
UTAUT [57], indicating that the theory is robust and well-validated. Because UTAUT2 is a robust and well-established theory that can 
predict individuals’ acceptance and use of technology in a consumer voluntary setting, it will be used to explain consumer acceptance 
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and adoption of bank chatbots among Arabic speakers [57]. 
According to UTAUT2, four key factors influence individual’s intention to use technology: performance expectancy, effort ex-

pectancy, social influence, facilitating conditions, hedonic aspects, and price. In this study, both price and facilitating conditions were 
not studied. This is contributed to the fact that bank chatbots are free hence, there is no price aspect. And customers will not receive any 
items or speak to the service providers regarding any errors with chatbots hence, facilitating conditions construct has no effect on the 
intention to adopt bank chatbots in this study. Moreover, the original UTAUT model includes moderating demographic variables, 
including age, gender, and experience that were not studied in this research. By excluding demographic variables, the research findings 
may be more broadly applicable to a wider range of users, transcending specific demographic groups and can lead to the identification 
of universal adoption drivers that are applicable across diverse user groups. This can provide valuable insights for technology designers 
and marketers. And for the purpose of this research excluding demographic variables will allow researchers to focus on core language- 
based variables driving technology adoption without distractions from external influences. 

2.2.1. Performance expectancy and intention to adopt chatbot 
One of the key predictors of technology adoption intention and acceptance is “performance expectancy”, namely the extent to 

which users believe that the system will enable them to carry out their job role more efficiently [49]. Performance expectancy con-
cerning chatbots refers to the degree to which users believe that chatbots will help them in meeting their goals [62]. Several studies 
have found a positive link between performance expectancy and the intention to adopt chatbots (for example, [63]). 

[64] investigated the impact of performance expectancy on the intention to adopt chatbots in e-commerce and found a positive link. 
The authors added that the chatbots’ speedy responses to customer enquiries, and the efficient support they offered, could increase 
their perceived value in the eyes of the users and thus make them more likely to adopt chatbots. In a similar vein, it is also found that 
performance expectancy was a major predictor of the intention to adopt chatbots in the healthcare sector [65]. The authors noted that 
the chatbots’ ability to suggest personalized health recommendations, provide reminders and take part in monitoring patients could 
increase users’ perceived performance expectancy - and result in a higher intention to adopt. Once again, the authors pointed out that 
the chatbots’ ability to offer speedy and efficient customer support could raise users’ levels of performance expectancy- and thus their 
intention to adopt. 

As a result, the literature suggests that performance expectancy is a significant predictor of the intention to adopt chatbots. The 
capabilities of chatbots, such as personalized advice, quick responses, and efficient support, can increase users’ perceived value and 
performance expectancy. This work suggests that performance expectancy should be created to expand the intention to adopt chatbots. 

H1. Performance expectancy will positively influence intentions to adopt chatbots. 

2.2.2. Effort expectancy and intention to adopt chatbot 
Another major predictor of technology acceptance is “effort expectancy”, or the ease with which the system can be used [49]. 

Concerning chatbots refers to their perceived ease of use and the amount of effort users have to make to interact with the technology. 
Several research studies have focussed on the link between effort expectancy and the intention to adopt chatbots. A study by 

Ref. [46], which investigated chatbots in e-commerce, also found that effort expectancy had a positive impact on the intention to adopt 
chatbots. These authors noted that the chatbots’ ability to offer speedy and straightforward support increased users’ perceived ease of 
use, and reduced the perception that the technology was complex, which led to an increased intention to adopt. 

In addition, a study conducted by Ref. [65], in the context of healthcare, concluded that ease of use was an important predictor of 
the intention to adopt chatbots. The researchers found that the chatbots’ user-friendly interface and clear language could increase 
perceived ease of use, and raise intentions to adopt. Furthermore [7], study, which examined chatbots in the context of financial 
services, came to an identical conclusion. Perceived ease of use had a major impact on the intention to adopt chatbots, whose ability to 
offer simple financial help could increase users’ perceived ease of use, and raise their intention to adopt. 

As a result, the research highlights the importance of effort expectancy in the intention to adopt chatbots. Many studies have 
reported that effort expectancy has a significant impact on the intention to adopt chatbots. This work suggests that effort expectancy 
should be created to expand the intention to adopt chatbots. 

H2. Effort expectancy will positively influence intentions to adopt chatbots. 

2.2.3. Social norms and intention to adopt a chatbot 
Social norms are a set of expectations and beliefs about how people should act in a specific context [56]. The relationship between 

social norms and the intention to adopt chatbots has been the subject of several research studies [66]. found that subjective norms - 
namely, the degree to which an individual considers the opinions of others, regarding whether or not they should act in a certain way, 
as important - have a positive effect on the intention to adopt chatbots. The authors argued that behavioural intentions were invariably 
shaped by the influence of social groups, and thus individuals would be more inclined to adopt chatbots if they saw that people who 
were important to them supported the adoption of chatbots. 

Likewise [67], study of chatbots in the context of e-commerce determined that friends also significantly influenced decisions to 
adopt chatbots. The authors concluded that individuals were more likely to adopt chatbots if they saw that their friends were already 
using them to good effect and found them beneficial. Similarly [68], found that social norms had a positive impact on the intention to 
adopt chatbots in the healthcare sector. The study stated that if healthcare professionals recommended the use of chatbots and had a 
positive view of them, this could increase individuals’ perception of the positive benefits of chatbots, and result in a higher intention to 
adopt. 
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As a result, the research highlights the importance of social norms in the intention to adopt chatbots. Many studies have reported 
that social norms have a significant impact on the intention to adopt chatbots. This work suggests that social norms should be created 
to expand the intention to adopt chatbots. 

H3. Social norms will positively influence intentions to adopt chatbots. 

2.2.4. Hedonic motivation and intention to adopt chatbot 
Hedonic motivation describes the emotional bond which consumers feel towards technology. Since chatbots are being popularised 

and introduced into various sectors, and many companies are harnessing their features to upgrade customer service, it is vital to 
investigate the relationship between hedonic motivation and the intention to adopt chatbots. The present literature review sets out to 
assess previous studies on the relationship between hedonic motivation and the intention to adopt chatbots. 

The relationship between hedonic motivation and the intention to adopt chatbots has been evaluated in several studies. For 
example [69], found that hedonic motivation is a strong predictor of the intention to adopt chatbots, in the field of online shopping. In 
addition [70], found that those users who perceived chatbots as highly hedonically trustworthy also had a higher intention to adopt 
them. 

A further study, by Ref. [71] analysed students’ responses to the adoption of chatbots in educational environments and found that 
hedonic motivation was the key factor. Similarly [66], study of millennials found a clear positive correlation between hedonic trust, 
and the intention to adopt chatbots, and argued that the existence of an emotional bond with chatbots can influence individuals’ 
decision to adopt them. Moreover [72], study discovered that hedonic motivation has a positive and important impact on the intention 
to adopt chatbots in the customer service sector. The authors also highlighted the fact that mastering the use of chatbots and trusting 
their performance are both factors which mediate the relationship between hedonic motivation and intention to adopt. 

As a result, the research highlights the importance of hedonic motivation in the intention to adopt chatbots. Many studies have 
reported that hedonic motivation has a significant impact on the intention to adopt chatbots. This work suggests that hedonic 
motivation should be created to expand the intention to adopt chatbots. 

H4. Hedonic motivation will positively influence intentions to adopt chatbots. 

2.2.5. Bank chatbot adoption among Arabic speakers 
Even though Arabic chatbot implementations exist, little research has been conducted on their adoption by customers. Arabic 

language has many challenges for chatbot developers for example, it is rich in morphology, has orthographic variations, and it has a 
high degree of ambiguity [6,73]. Furthermore, written Arabic text can be categorized into three types. First, the Quranic Arabic is the 
language of the Quran. Second, Modern Standard Arabic (Fusha) is considered the formal Arabic used in formal and official 
communication such as news and business. And finally, the dialectal Arabic, which is used by the public in their daily written and 
spoken personal and informal communication which varies between countries and regions [74]. Having three groups of language is 
putting chatbot developers under the pressure of deciding on which type of language is the most effective when communicating with 
bank customers. 

Dialect Arabic is frequently used for spoken communication and daily interactions like customer service interaction. On the other 
hand, Fusha is used for written communication. Chatbots are expected to replace service provider however it is using written language 
[75]. Therefore, comes the question of the type of language used affects customers’ intention to adopt bank chatbots. Hence, we 
hypothesise that: 

H5. type of Arabic language moderates the relationship between UTAUT2 variables and intention to adopt bank chatbots. 

3. Methodology 

This research’s main objective is to understand the effect of different chatbot features on Arabic speakers’ potential customers’ 
intention to adopt chatbots in banking services. To achieve this objective this study has produced two images representing a con-
versation between a chatbot named “Alia” and a participant. 

The first image represents an automated conversation. To achieve the latter the chatbot “Alia” used “Fosha Arabic” (formal Arabic), 
and did not ask for the participant’s name. The conversation also did not use any emojis and asked the participant to press a number to 
choose a specific requirement. The participant was not provided with any indication that his/her message is being answered such as 
“typing dots”, and participants were not provided with the option of speaking to a human agent (see appendix for conversation image 
and translation). 

The second image represented a more humanized encounter with the chatbot. To achieve the latter the chatbot “Alia” used slang 
language. As Arabic slang has many dialects and each dialect has different words and to overcome this problem the words chosen to 
represent the conversation were common words in many dialects in Jordan. The chatbot asked the participant to provide his/her name 
and welcomed the participant using the first and second names. Chatbot also used emojis and provided “typing dots” to signal that the 
question is being answered. 

The data was collected using a convenience sampling approach and total of 429 questionnairs were collected. To validate the 
proposed conceptual model, empirical data was collected by creating two separate online self-administered questionnaires using 
google forms. The first questionnaire had image one and the second questionnaire had image two. The questionnaire aimed at 
generating answers regarding participants’ intention to adopt a chatbot for banking service using the primary variables of UTAUT2 
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(PE, EE, H, PV, and BI). Each questionnaire was distributed using a different platform to assure that the questionnaire is answered by a 
different group of people. 

Notably, the primary variables of UTAUT2 (PE, EE, H, PV, and BI) were measured using scales adapted from Ref. [56]. To measure 
the participant’s responses to the primary variables of UTAUT2, this study adopted a five-point Likert scale ranging from strongly agree 
to strongly disagree. 

Finally, to measure the effect of different features, participants were proposed with the two conversations and asked to evaluate the 
effect of each feature using a five-point Likert scale ranging from strongly agree to strongly disagree. 

The questionnaire concluded with six closed-ended questions aiming to collect demographic data (age, gender, income, marital 
status, education level, experience with online banking, and previous experience with chatbots). 

4. Results 

4.1. Data analysis 

The PLS-SEM method [76] and the Smartly 4 software [77] were utilized by our team to develop, estimate, and evaluate the 
underlying conceptual model. PLS-SEM is a causal-predictive approach to SEM, which allows researchers to assess the results’ pre-
dictive quality [78]. It can be applied to both reflective and formative measurement models [79]. Hence, PLS-SEM is especially helpful 
if the goal of the researchers is to estimate a structural model that explains a major target construct of interest [80]. To be more explicit, 
composite-based PLS-SEM places more emphasis on maximizing the prediction of the endogenous constructs rather than the model fit 
[81]. In contrast, factor- or covariance-based SEM (CB-SEM) places more emphasis on the model fit [82]. 

We decided to use a PLS-SEM technique since one of the goals of our study is to forecast intention to use based on a variety of 
chatbot determinants, and not because we want to test a theory in and of itself. 

4.2. Findings 

4.2.1. Sample profile and the two groups 
The sample profile (see Table 1) indicates that the majority of respondents (n = 266, 62 %) were female. There were few re-

spondents whose aged are above 45 (n = 4, 1 %), while the majority were younger between 18 and 25 (n = 325, 75.8 %). Almost ninety 
percent (n = 386) of the sample were single. The sample was dominated by the educated respondent who held a bachelor degree (n =
388, 78.8 %). There was a slice of unemployed participants (n = 172, 40.1 %), and then the majority of respondents (n = 296, 69 %) 
earned between JD 500–701 per month. Two-hundred and eleven participants were informal data and two-hundred and nineteenth 
were formal data. 

Table 1 
Sample characteristics.  

Variable Frequency (N) Percentage (%) 

Gender (N ¼ 429) 
Female 266 62 
Male 163 38 
Age 

18-24 325 75.8 
25-30 41 9.6 
31-37 47 11 
38-44 12 2.8 
45-50 2 0.5 
51-56 2 0.5 

Martial Status 
Single 386 90 
Married 43 10 

Education 
High School 18 4.2 
Diploma 20 4.7 
Bachelor 338 78.8 
Higher Diploma 53 12.4 

Employment 
Full time 135 31.5 
Part-time 96 22.4 
Self-employed 26 6.1 
Unemployed 172 40.1 

Monthly Income 
250-500 296 69 
501-750 52 12.1 
851-999 19 4.4 
1000+ 62 14.5  
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To provide a more relevant comparison of the data, we grouped the data into two groups, informal data (n = 211, 49 %) and formal 
data (n = 219, 51 %). We used the G*Power program [83] to conduct a power analysis and determine the minimal sample size 
necessary for the multi-group analysis. Given 10 predictors, an alpha level of 5 %, and a power of 80 %, the projected minimum sample 
size to detect a moderate effect size was 55. Hence, the sample sizes for each kind of chatbot met these criteria. 

4.2.2. Measurement model assessment 
We, first, examine the measurement model for the entire sample [84]. Table 2 presents the factor-item loading, composite reli-

ability (CR), Cronbach’s alpha reliability (α), and average variance extracted (AVE). All of the factor-item loading items were greater 
than the 0.70 cut-off point, except one item of social norm, which was dropped due to low loading. Thus, the measurement model was 
internally consistent. All constructs’ AVE, Cronbach’s alpha, and CR values were above the thresholds of 0.50, 0.70, and 0.70, 
respectively, which reflected that the measurement model was convergently valid [85]. 

Following [85,86], we tested the discriminant validity using the heterotrait-monotrait ratio (HTMT) of the correlations. As shown 
in Table 3, all HTMT ratios were less than 0.85, which indicates that the measurement model has discriminant validity. Appendix A 
illustrates the measurement model assessment and the discriminant validity for the two groups respectively. 

To ensure the differences in the findings were not due to measurement invariance, we employed the measurement invariance of the 
composite models (MICOM) [87]. We followed [86] three ways procedures: (1) “configural invariance assessment”, (2) “compositional 
invariance assessment”, and (3) the “assessment of equal means and variances”. The results in Table 4A, 4B, and 4C demonstrated the 
evidence of full measurement invariances that allowed us to test the Standardized path coefficients can be compared across the two 
groups. 

4.2.3. Structural model assessment 
After establishing the reliability and validity of the measurement models and ensuring measurement invariance across the two 

groups, our emphasis switched to the structural model. We utilized the PLSpredict method to evaluate the predictive potential of the 
performance expectancy, effort expectancy, social norm, and hedonic motivation with respect to the intention to use the combined 
sample across the two groups. The PLS-SEM model had lower RMSE values than the nave LM benchmark, indicating that the model has 
a high predictive potential. The results of Q2predict showed a value of 0.716, 0.752, 0.663 for the entire sample, informal group, and 
formal group respectively, which present a high predictive power for the PLS model [88]. The findings of the hypotheses of the entire 
sample and the multigroup analysis are presented in Table 5. 

5. Discussion 

In recent years, there has been a significant increase in the financial industry’s use of chatbot technology to improve customer 
service and streamline banking operations. With the increased adoption of artificial intelligence (AI) and natural language processing 
(NLP), chatbots have emerged as useful tool for providing personalized assistance to consumers, answering their questions, and 
facilitating transactions. Despite the large population of Arabic-speaking consumers and the unique linguistic characteristics of the 
Arabic language, there has been little research conducted on Arabic-speaking bank chatbots [6,89]. Moreover, scholars need to focus 

Table 2 
Measurement model assessment for the entire sample.  

Variable and Measurement items Factor-item loading CR α AVE 

Effort Expectancy (EE)  0.891 0.837 0.674 
EE1 0.745    
EE2 0.850    
EE3 0.849    
EE4 0.835    

Performance Expectancy (PE)  0.941 0.916 0.800 
PE1 0.879    
PE2 0.918    
PE3 0.881    
PE4 0.898    

Social Norm (SN)  0.914 0.858 0.778 
SN2 0.897    
SN3 0.924    
SN4 0.823    

Hedonic (HB)  0.965 0.946 0.901 
HB1 0.955    
HB2 0.947    
HB3 0.949    

Intention to use (IN)  0.932 0.902 0.774 
IN1 0.904    
IN2 0.870    
IN3 0.899    
IN4 0.845     

H. Hmoud et al.                                                                                                                                                                                                        



Heliyon 9 (2023) e20686

8

on comprehending the various elements that play a significant role in the adoption of chatbots [90]. 
This paper aims to fill this research gap by investigating what factors affect Arabic-speaking bank chatbot adoption in the Arabic 

sector taking into consideration one major aspect which is the difference in the type of Arabic language (Fusha or dialect) used to 
communicate with customers. To achieve this study’s objectives UTAUT2 was adopted as the main theory. The present study inves-
tigated the relationships between the model’s constructs using samples from two groups. The first group was presented with a mock-up 
chatbot conversation in Fusha Arabic and the second group was presented with a mock-up chatbot in Jordanian dialect. 

The effect of Effort expectancy on intention to adopt bank chatbots in groups presented with mock-up chatbot conversations in 
Fusha Arabic was not supported. This indicates that the difficulty of using chatbot that uses Fusha is not a concern for potential users. 
The literature provided similar results in adopting technologies that people are familiar with. For example [91], has reported a 
non-significant relationship between effort expectancy and adoption of e-wallets [92]. has also reported a reported a non-significant 
relationship between effort expectancy and adoption of try on technology among Generation Z members which was contributed to the 
familiarity of users with the technology. 

On the other hand, the effect of effort expectancy in the second group which was presented with mock-up chatbots in Jordanian 

Table 3 
Discriminant validity assessment for the entire sample.   

Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

Effort Expectancy 
Hedonic 0.6045     
Intention to use 0.7156 0.7894    
Performance Expectancy 0.6851 0.6214 0.7345   
Social Norm 0.7728 0.7007 0.8909 0.7968   

Table 4A 
Compositional invariance  

Informal vs. formal     

C = 1 95 % CI CIE? 

Effort Expectancy 0.9990 [0.9973:1.000] YES 
Hedonic trust 1.0000 [0.9999:1.000] YES 
Intention to use 0.9999 [0.9997:1.000] YES 
Performance Expectancy 0.9996 [0.9995:1.000] YES 
Social Norm 0.9998 [0.9990:1.000] YES 

Notes: C = 1: correlation value = 1; CI: confidence interval; CIE: compositional invariance established?. 

Table 4B 
Equal variances assessment.  

Informal vs. formal     

R = 0 95 % CI EV? 

Effort Expectancy 0.0992 [-0.3770; 0.3505] YES 
Hedonic 0.2591 [-0.2743; 0.2932] YES 
Intention to use 0.2847 [-0.3511; 0.3812] YES 
Performance Expectancy 0.0425 [-0.3822; 0.3433] YES 
Social Norm 0.2029 [-0.4017; 0.4012] YES 

Notes: R = 0: logarithm of the composite’s variances ratio (R = 0); CI: confidence interval; EV: equal variances. 

Table 4C 
Equal mean assessment.  

Informal vs. formal     

D = 0 95 % CI EMV? 

Effort Expectancy − 0.0701 [-0.1965; 0.1854] YES 
Hedonic − 0.0261 [-0.1990; 0.1870] YES 
Intention to use − 0.0286 [-0.1966; 0.1895] YES 
Performance Expectancy − 0.0577 [-0.1836; 0.1904] YES 
Social Norm − 0.0114 [-0.1996; 0.1919] YES 

Notes: D = 0: difference in the composite’s mean value (=0); CI: confidence interval; EMV: equal Mean values. 
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Table 5 
Results of the structural model and Multigroup analysis.   

Entire sample Informal sample Formal sample 

H. No Path В t-value p-value Supported? В t-value p-value Supported? β t-value p-value Supported? 

1 Effort Expectancy - > Intention to use 0.090 2.3054 0.021 YES 0.1119 2.2213 0.026 YES 0.061 1.052 0.293 NO 
2 Hedonic - > Intention to use 0.336 7.9951 0.000 YES 0.3949 6.9682 0.000 YES 0.254 4.151 0.000 YES 
3 Performance Expectancy - > Intention to use 0.110 2.3908 0.017 YES 0.1100 1.8026 0.072 NO 0.124 1.765 0.078 NO 
4 Social Norm - > Intention to use 0.439 8.5014 0.000 YES 0.3949 5.8698 0.000 YES 0.496 6.923 0.000 YES 
R2 0.721    0.764    0.678    
Q2predict 0.716    0.752    0.663     
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dialect was supported. This result means that those who were exposed to bank chatbots using dialect Arabic seems to be concerned 
about the simplicity or difficulty of using a chatbot in. The positive relationship between Effort expectancy and intention to adopt new 
technology comes in align with [56] findings. The relationship was also supported in the literature. For example [58], has reported a 
positive relationship between effort expectancy and adoption of internet banking. 

The results show a difference between how each group perceive effort expectancy. Those who were exposed to bank chatbots using 
dialect Arabic seems to be concerned about the simplicity or difficulty of using a chatbot in comparison to those who were exposed to 
bank chatbot in Fusha Arabic. The significance of effort expectancy and intention to adopt a technology could be contributed to users 
knowledge of the technology [93]. However, in this study the compared technology is the same therefore, then difference in result 
could be contributed to the difference in used language to communicate the service. 

The different significance results of effort expectancy between both groups could be contributed to the fact that Arab users are used 
to using Fusha in business communication. Effort expectancy refers “the degree of ease associated with consumers’ use of technology” 
[56] therefore when proposed with Fusha chatbot users did not associate any difficulty with understanding the conversation. On the 
contrary when presented with dialect Arabic chatbot they had to spend more time to process the information therefore, effort ex-
pectancy was significant. 

Performance expectancy was found to not influence the intention to adopt bank chatbots in both groups which was an unexpected 
result. The definition of performance expectancy is “the degree to which using a technology will provide benefits to consumers in 
performing certain activities” [56]. Looking at the definition of performance expectancy the insignificant result shows that bank 
customers do not consider the usability of chatbots as an influencer to decide regardless of the type of Arabic used. This might be 
contributed to the fact that customers have not been prepared enough by banks in the Arabic world to accept this new technology in 
banking. Hence, they do not have enough knowledge of its capabilities and its usefulness in performing different banking tasks. 
Therefore, regardless of the type of Arabic used customers are still in the stage where they are trying to understand the uses and 
benefits of the technology As a result, performance expectancy has no role in influencing their intention to adopt bank chatbots 
regardless of the language [94]. 

The hedonic motivation influence on intention to adopt bank chatbots was supported in both groups. This result is similar to other 
studies results. This result was supported in the literature, for example, [56]. Reported that hedonic motivation is expected to play a 
significant role in creating intention among users [56]. [95] have reported the effect of hedonic motivation on intention to adopt new 
technology in financial service. 

Chatbots in banking sector is a newly introduced technology in the Arabic world. As this technology is new hedonic motivation is 
expected to paly a significant role in creating intention among users [56]. However, this role is expected to fadeaway after users get 
more familiar with the technology [96]. Therefore, it I important to know which type of Arabic language is perceived as more 
enjoyable by Arabic users in order to sustain the effect of hedonic motive. 

Social norm was found to influence the intention to adopt bank chatbots in both groups. Social norms represent the degree to which 
an individual values the opinion of those who are important to them when deciding to adopt a specific technology [56]. The literature 
has reported different results on this factor. For example [97], found no significant relationship between social influence and intention 
to adopt m-banking. On the other hand, a significant relationship between social influence and intention to adopt financial technology 
was reported by Ref. [95]. The results of this study come to support findings that reports a significant relationship between social 
influence and the intention to adopt technology. The opinion of family and friend are expected to affect users’ intention to adopt using 
services [98] which banking chatbots belongs to specially in such as sensitive field. In addition, the Arabic culture is a collectivist 
culture which in general cares for the opinion of others [99]. As most Arabic speakers belongs to an Arabic collectivist culture other’s 
opinion on adopting bank chatbots is significantly influencing the decision to adopt the technology. 

6. Implications and limitations 

Banks and consumers have benefited from the integration of chatbots in the banking industry. Chatbots enable customers to access 
banking services such as checking account balances, transferring funds, and paying bills in a fast and convenient manner. Additionally, 
this technology has drastically reduced wait times and eliminated the need for consumers to visit physical branches. Chatbots have 
streamlined the customer service operations of banks by providing around-the-clock assistance and freeing up employees to 
concentrate on more complex issues. In addition, chatbots have reduced operational expenses for banks, which has increased their 
profitability. The use of chatbots in the banking industry has revolutionized how consumers interact with their banks, making banking 
faster, more efficient, and more accessible to all. Looking at all of these benefits banks management needs to know what factors will 
enhance customers’ adoption of. 

This research comes to bridge a gap in the literature on what factors are affecting Arabic-speaking customers to adopt banks 
chatbot. The results of this study are of great significant for bank managers. The results show that Arabic-speaking bank customers 
prefer to communicate with chatbots writing in Fusha Arabic. Hence, it is very important to consider Fusha Arabic when building 
chatbots as the main type of Arabic when communicating in text chatbots. Results have also shown that more efforts should be created 
to introduce bank customers to chatbot technology and to create awareness of the benefits this technology will bring to the customers. 

Practical implications for this research can vary. For software developers, understanding how different language aspects influence 
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chatbot adoption allows software developers to create more user-friendly and intuitive interfaces. In addition, analyzing language 
effects enables the customization of chatbot responses based on users’ language choices, preferred dialects, and communication styles. 

For managers, adapting to users’ language preferences can lead to higher adoption rates as users find the technology more 
accessible and relatable, and can provide more accurate and contextually relevant support, addressing user queries effectively. This 
results in better customer satisfaction and reduced support costs. 

For normal users, Language-sensitive chatbots can assist users in decision-making processes by providing information and rec-
ommendations in a language style that aligns with users’ preferences. 

Although the results of this study are of significance there are still some limitations to be reported. For example, this study used the 
Jordanian dialect which is only one dialect from so many others used by other regions like GCC and Egypt. This study might be 
replicated to see if the same results will appear in other Arabic countries. It would be crucial to include other variables such as cultural 
effect because Arabic language often incorporates cultural nuances and references so Chatbots need to be culturally sensitive, 
recognizing and respecting cultural references while engaging users. Moreover, Arabic language identified by its Morphological 
Complexity with words have the same spelling but different meanings across the same and different cultures. This implies that chatbots 
need sophisticated linguistic algorithms to handle word forms, stemming, and morphology to ensure accurate understanding and 
response generation. 

In addition, it would be beneficial to conduct further elaboration on specific linguistic challenges that identify the complexity of the 
Arabic language as a reason for lagging chatbot adoption in the Arabic world. Those linguistic challenges are not exclusive to dialetic 
diversity and the use of formal and informal language but also include: the use of synonyms and semantic nuances as chatbots must be 
capable of recognizing and adapting to different language registers to ensure natural and contextually appropriate interactions, the use 
of Arabic grammar as Arabic grammar is intricate, with features like case endings, verb conjugations, and agreement rules and 
accordingly, chatbots must possess advanced grammatical analysis to generate coherent and grammatically correct responses, 
enhancing user satisfaction. 

Another limitation is that this study was being performed using a mock-up platform therefore trust variable was not accounted for. 
Different results might appear if performed on a functioning bank chatbot. A functioning chatbot would be beneficial in capturing the 
dynamic and real-time nature of actual chatbot conversations, understanding the Actual user reactions, confusion, or suggestions for 
improvement, identifying the diverse range of language inputs and variations that users might use when interacting with a chatbot, 
and investigating trust as a variable because people might engage differently when they know they are interacting with a functional 
chatbot instead of mock screens. Hence, it is recommended to replicate this study on functioning bank chatbot users to validate the 
results. 

Lastly, performing a longitudinal study across a duration of time would enable researchers to monitor the progression of customers’ 
viewpoints and sentiments regarding chatbots. This approach can yield a more holistic comprehension of the variables shaping the 
long-term acceptance of chatbot technology. Also, subsequent studies should take into account a broader and more inclusive sample to 
enhance the applicability of the results to a wider context. 
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Table 1 
Measurement items correlations (entire sample)   

PE1 PE2 PE3 PE4 EE1 EE2 EE3 EE4 S1 S2 S3 S4 IN1 IN2 IN3 IN4 H1 H2 H3 

PE1 1                   
PE2 0.7644 1                  
PE3 0.6735 0.7443 1                 
PE4 0.7091 0.7691 0.7335 1                
EE1 0.3907 0.4054 0.3917 0.4152 1               
EE2 0.447 0.493 0.5162 0.4923 0.4802 1              
EE3 0.4634 0.4963 0.4865 0.4583 0.4885 0.6379 1             
EE4 0.3786 0.4321 0.3743 0.3993 0.4664 0.6377 0.6694 1            
S1 0.3257 0.3251 0.3677 0.3572 0.3313 0.3067 0.3329 0.4743 1           
S2 0.5181 0.5407 0.5103 0.5589 0.357 0.5229 0.4759 0.3569 0.3895 1          
S3 0.5691 0.6102 0.5892 0.6094 0.4104 0.57 0.5334 0.3268 0.3748 0.7829 1         
S4 0.5479 0.5549 0.553 0.5216 0.3681 0.4953 0.5214 0.2129 0.3079 0.5875 0.6313 1        
IN1 0.5105 0.528 0.5031 0.4572 0.4269 0.5016 0.4368 0.2601 0.4791 0.5762 0.664 0.5521 1       
IN2 0.5558 0.5875 0.5612 0.5327 0.4056 0.4883 0.504 0.4874 0.4758 0.6866 0.746 0.6127 0.6929 1      
IN3 0.5159 0.5216 0.5365 0.4805 0.4263 0.4862 0.436 0.3881 0.5137 0.617 0.6893 0.5931 0.7817 0.7146 1     
IN4 0.4783 0.5024 0.4939 0.5146 0.4849 0.5146 0.3828 0.348 0.4171 0.4846 0.624 0.4483 0.706 0.6288 0.6619 1    
H1 0.4633 0.4512 0.4718 0.5722 0.4171 0.552 0.379 0.3931 0.3381 0.4987 0.6096 0.3894 0.6269 0.571 0.5857 0.6228 1   
H2 0.4901 0.5079 0.5105 0.4934 0.4415 0.4671 0.359 0.4019 0.4392 0.5556 0.654 0.4207 0.5946 0.6131 0.5747 0.6262 0.8595 1  
H3 0.5065 0.497 0.5236 0.525 0.4867 0.4262 0.3866 0.373 0.4226 0.5449 0.6361 0.4475 0.6435 0.6097 0.5918 0.6462 0.8593 0.8395 1   
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Table 2 
Cross-loading (entire sample)   

Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

EE1 0.7452 0.4419 0.5188 0.4483 0.4297 
EE2 0.8501 0.5181 0.5594 0.545 0.6012 
EE3 0.8491 0.3949 0.5024 0.5326 0.5775 
EE4 0.8349 0.4098 0.4654 0.4432 0.5424 
H1 0.5219 0.9537 0.6829 0.5153 0.5729 
H2 0.5074 0.9467 0.6843 0.5708 0.6231 
H3 0.5133 0.9485 0.7073 0.5612 0.6208 
IN1 0.5647 0.6549 0.9036 0.575 0.6798 
IN2 0.5993 0.6298 0.87 0.6367 0.7756 
IN3 0.5307 0.6151 0.8986 0.578 0.7195 
IN4 0.5039 0.6654 0.8446 0.5592 0.5939 
PE1 0.5138 0.5127 0.5871 0.8787 0.6171 
PE2 0.5583 0.5112 0.6097 0.9177 0.6451 
PE3 0.5429 0.5289 0.5966 0.8812 0.6244 
PE4 0.5407 0.5161 0.5992 0.8984 0.64 
S2 0.5553 0.5615 0.6758 0.5951 0.8974 
S3 0.6225 0.6669 0.7763 0.665 0.9242 
S4 0.5587 0.4418 0.6301 0.6088 0.8233   

Table 3 
Cross Loading (informal group)   

Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

EE1 0.7655 0.4659 0.5305 0.4518 0.422 
EE2 0.8559 0.56 0.6277 0.5627 0.6436 
EE3 0.8444 0.346 0.4967 0.4889 0.5636 
EE4 0.8375 0.4032 0.475 0.4059 0.5288 
H1 0.5262 0.9631 0.7126 0.5 0.5695 
H2 0.5094 0.9532 0.7365 0.5415 0.6241 
H3 0.5351 0.9584 0.7589 0.563 0.6322 
IN1 0.6106 0.7136 0.9061 0.596 0.6839 
IN2 0.6093 0.6777 0.8854 0.6023 0.7935 
IN3 0.5705 0.6383 0.9021 0.5846 0.7212 
IN4 0.5254 0.7059 0.8643 0.5977 0.6255 
PE1 0.5434 0.5289 0.6369 0.9085 0.6249 
PE2 0.5343 0.492 0.6081 0.919 0.6065 
PE3 0.5097 0.5009 0.5922 0.8912 0.6233 
PE4 0.5359 0.5094 0.5936 0.9174 0.6593 
S2 0.5745 0.5943 0.7181 0.6097 0.9205 
S3 0.6073 0.6442 0.7698 0.6294 0.9342 
S4 0.5838 0.4494 0.6355 0.6153 0.8185   

Table 4 
Cross Loading (formal group)   

Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

EE1 0.7259 0.416 0.5046 0.4445 0.4399 
EE2 0.8408 0.4678 0.4751 0.5271 0.5509 
EE3 0.8556 0.4493 0.5128 0.5747 0.5962 
EE4 0.8319 0.4182 0.4552 0.4833 0.5596 
H1 0.5206 0.9430 0.6436 0.5366 0.579 
H2 0.5059 0.9392 0.6206 0.6046 0.624 
H3 0.4927 0.9376 0.6476 0.5611 0.6092 
IN1 0.513 0.5798 0.9003 0.5527 0.6759 
IN2 0.5926 0.5732 0.8529 0.6785 0.7547 
IN3 0.4877 0.5858 0.8953 0.5733 0.7198 
IN4 0.483 0.6216 0.8214 0.5209 0.5613 
PE1 0.4862 0.496 0.5333 0.8467 0.6098 
PE2 0.5866 0.5343 0.6145 0.9175 0.6897 
PE3 0.5769 0.5628 0.6056 0.8732 0.63 
PE4 0.5483 0.5319 0.6168 0.8882 0.6324 
S2 0.5364 0.5227 0.6257 0.5827 0.8681 
S3 0.6425 0.6948 0.7859 0.7045 0.9148 
S4 0.534 0.4334 0.6254 0.6017 0.8296   
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Table 5 
Measurement model assessment for the entire sample  

Variable and Measurement items Factor-item loading Mean Std. Deviation CR α AVE 

Effort Expectancy (EE)    0.891 0.837 0.674 
EE1 0.745 1.8462 0.9440    
EE2 0.850 1.8904 0.8699    
EE3 0.849 1.8485 0.7476    
EE4 0.835 2.0000 0.8645    

Performance Expectancy (PE)    0.941 0.916 0.800 
PE1 0.879 2.2145 0.8163    
PE2 0.918 1.9114 0.8471    
PE3 0.881 1.7622 0.9201    
PE4 0.898 1.8881 0.8981    

Social Norm (SN)    0.914 0.858 0.778 
SN2 0.897 1.9138 0.9056    
SN3 0.924 1.9674 0.9626    
SN4 0.823 1.7576 0.8808    

Hedonic (HB)    0.965 0.946 0.901 
HB1 0.955 2.2214 1.0332    
HB2 0.947 2.2774 1.0622    
HB3 0.949 2.3427 1.0803    

Intention to use (IN)    0.932 0.902 0.774 
IN1 0.904 2.2051 0.9988    
IN2 0.870 1.9371 0.8573    
IN3 0.899 2.0746 0.9627    
IN4 0.845 2.3473 1.1519      

Table 6 
Measurement model assessment for the for each group  

Variable and 
Measurement 
items 

Factor-item 
loading for 
informal 
group 

Mean Std. 
Deviation 

CR α AVE Factor-item 
loading for 
formal 
group 

Mean Std. 
Deviation 

CR α AVE 

Effort 
Expectancy 
(EE)    

0.891 0.837 0.674    0.888 0.823 0.665 

EE1 0.766 2.2202 0.9272    0.726 1.8578 0.8368    
EE2 0.856 1.9450 0.8277    0.841 1.8957 0.8590    
EE3 0.844 1.7844 0.7629    0.856 1.7915 0.9257    
EE4 0.838 1.9220 0.8450    0.832 1.9431 0.8356    

Performance 
Expectancy 
(PE)    

0.941 0.916 0.800    0.933 0.904 0.778 

PE1 0.909 1.8349 0.7958    0.847 2.2085 0.9609    
PE2 0.919 1.8853 0.8354    0.918 1.8768 0.9102    
PE3 0.891 1.9037 0.9111    0.873 1.7393 0.7307    
PE4 0.917 2.0550 0.9514    0.888 1.8531 0.8828    

Social Norm (SN)    0.914 0.858 0.778    0.904 0.842 0.760 
SN2 0.921 1.8991 0.8561    0.868 1.9289 0.9537    
SN3 0.934 1.9862 0.9310    0.915 1.9479 0.9939    
SN4 0.819 1.7661 0.8542    0.830 1.7488 0.9073    

Hedonic (HB)    0.965 0.946 0.901    0.958 0.934 0.883 
HB1 0.963 2.2294 0.9446    0.943 2.2133 1.1173    
HB2 0.953 2.3165 1.0072    0.939 2.2370 1.1146    
HB3 0.958 2.3349 1.0461    0.938 2.3507 1.1144    

Intention to use 
(IN)    

0.932 0.902 0.774    0.924 0.891 0.753 

IN1 0.906 2.2339 0.9214    0.900 2.1754 1.0721    
IN2 0.885 1.9312 0.8127    0.853 1.9431 0.9011    
IN3 0.902 2.0826 0.8792    0.895 2.0664 1.0419    
IN4 0.864 2.3716 1.1311    0.821 2.3223 1.1725      

Table 7 
Constructs correlations (entire sample)  

Construct Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

Effort Expectancy 1 0.5415 0.6267 0.6029 0.6569 
Hedonic 0.5415 1 0.7284 0.5784 0.6379 
Intention to use 0.6267 0.7284 1 0.6691 0.7904 
Performance Expectancy 0.6029 0.5784 0.6691 1 0.7066 
Social Norm 0.6569 0.6379 0.7904 0.7066 1  
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Table 8 
Constructs correlations (informal group)  

Construct Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

Effort Expectancy 1 0.5465 0.652 0.5842 0.6583 
Hedonic 0.5465 1 0.7686 0.5589 0.6358 
Intention to use 0.652 0.7686 1 0.6691 0.7957 
Performance Expectancy 0.5842 0.5589 0.6691 1 0.6911 
Social Norm 0.6583 0.6358 0.7957 0.6911 1   

Table 9 
Constructs correlations (formal group)   

Effort Expectancy Hedonic Intention to use Performance Expectancy Social Norm 

Effort Expectancy 1 0.5387 0.6003 0.6249 0.6595 
Hedonic 0.5387 1 0.6782 0.6032 0.6424 
Intention to use 0.6003 0.6782 1 0.6736 0.7862 
Performance Expectancy 0.6249 0.6032 0.6736 1 0.7269 
Social Norm 0.6595 0.6424 0.7862 0.7269 1  
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