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Abstract

:

This study investigates the widespread adoption of mobile payments (m-payments) and their impact on different generations, particularly post-COVID-19. We fill a gap in research by suggesting a new way to understand this phenomenon through the lens of social cognitive theory. We employed a multi-stage sampling technique, including purposive, quota, and snowball sampling, to ensure comparable group sizes for four generations and obtained usable survey data from 716 Thai online shoppers. The results reveal direct and indirect (through perceived values) significant relationships between technological self-efficacy and m-payment intention. While perceived values, which constitute functional, emotional, monetary, and social values, fully mediate the relationship between technological self-efficacy and m-payment intention in Gen B and Gen X consumers, it only partially mediates such a relationship in the Gen Y and Gen Z cohorts. Our findings also provide crucial theoretical and practical insights for digital commerce in the evolving landscape of m-payment adoption.
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1. Introduction


The mobile payment (m-payment) adoption rate has been rather slow in the past few decades as users are concerned about the system’s complexity, reliability, and security [1]. M-payment is described as payments for goods, services, and bills/invoices between payers and receivers made using mobile devices and wireless Internet to complete financial transactions [2]. Examples of such technologies include near-field communication (NFC) [3] or quick response (QR) codes [4]. Hence, this study refers to m-payment as any contactless digital payment.



Despite the economic downturn brought by the COVID-19 pandemic to many industries, there was a sharp rise in e-commerce and digital payment during 2020 and 2022 [5]. Prior to COVID-19, the annual global growth rate of m-payment was steady (i.e., 12–16 percent) between 2018 and 2019 and more than 20 percent in 2021, with Asia Pacific being the major contributor [5,6]. With the advancement of e-commerce and the proliferation of mobile devices and social networks, digital payment and mobile wallets accounted for 45% of all B2C (Business-to-Consumer) e-commerce transactions in 2021 compared to debit/credit cards (32%), bank transfers (11%), and cash-on-delivery (4%) [7]. The number of people making digital payments including mobile payment services, B2C digital commerce, and B2C transfer increased by 8.3% between 2021 and 2022, with 321 million more users and a total transaction value of $8.49 trillion [7]. This demonstrates a significant contribution of digital transactions to the market, notably through e-commerce.



The popularity of m-payments is undeniable as the benefits gained by both trading parties are apparent. While enjoying online purchases made via mobile devices, transactions can be completed within a single device, making it faster, more convenient, and more secure for sellers and customers [8]. Retailers/sellers realize higher transaction volumes, improved customer loyalty, and lower transaction costs [9,10]. However, the most prominent hurdle to the implementation of m-payment is the issue of security (e.g., fraudulent transactions) and privacy, resulting in users’ hesitation to adopt m-payment [1,11].



Given the aforementioned emerging trend of m-payment, research on this topic is still in its early stage of development with a limited common research framework such as the proposed technology-personal-environment (TPE) paradigm [6]. Several themes appear in m-payment research, with the majority of them focusing on the intention to use m-payment by exploring several factors including, for example, perceived ease of use and usefulness from the technology acceptance model (TAM), subjective norms from the theory of planned behavior (TPB), trust, and perceived risk from innovation resistance theory, e.g., [12,13]. Since the framework of m-payment is still immature, this study applies the social cognitive theory (SCT) to investigate this phenomenon in the emerging economy context of Thailand by focusing on the intention to use m-payment in a triadic paradigm including personal, environmental, and behavioral variables. Specifically, our study applies SCT and perceived value to explain how technological self-efficacy influences perceived value and intention to use m-payment amongst consumers of different generations in Thailand. We also extend Zhu, Sangwan, and Lu’s [14] study which investigates perceived value as a unidimensional construct by conceptualizing and operationalizing ‘perceived value’ as a second-order construct comprising four first-order perceived values, namely, functional, emotional, monetary, and social.



Thailand was selected as our focal research context due to its recent emergent record (i.e., top five in the world) of online activities using m-payment services (33.5% of Internet users compared to 25.0% global average) [7], and the annual per capita transactions, increasing from 63 in 2017 to 312 in 2021 [15]. Despite this sharp rise in m-payment usage and online activities among Thai consumers, research on m-payment in Thailand is quite scarce with some works focusing on comparing m-payment service platforms [16], current/potential users [17], and m-payment adoption [10,18]—most of which were built on the unified theory of acceptance and use of technology (UTAUT), innovation diffusion theory (IDT), and technology acceptance model (TAM). Recently, Zhu, Charoennan, and Embalzado [19] focused on m-payment intention among the millennial generation (Gen M) in Bangkok.



Although the adoption of m-payment amongst this specific generation seems justified, other generations also significantly contributed to the growth of m-payments [20], especially after the COVID-19 pandemic. The significant generations in the market are baby boomers (Gen B), Generation X (Gen X), millennials or Generation Y (Gen Y), and the next generation or Generation Z (Gen Z) [21]. The senior cohort, Gen B, born between 1946 and 1964, displays traits such as substantial average disposable income, enthusiasm, positivity, self-confidence, and sociability [22]. Marketers consider the lifestyle, needs, attitudes, and behaviors of this demographic crucial for formulating effective marketing strategies aimed at attracting them [21]. Gen X (also known as digital immigrants), born between 1965 and 1980, is characterized by skepticism, resourcefulness, independence, and pragmatism, seeks to balance life and work, and values flexibility [21,23]. Gen Y, commonly referred to as millennials, encompasses individuals born between 1980 and 1995 [23]. This cohort, the first to experience early exposure to technology, shapes their communication style influenced by new technologies, the Internet, and social media networks, maintaining constant connectivity on multiple devices [21]. The final cohort, Gen Z, recognized as digital natives, distinguishes itself as the most educated, mobile, and connected consumer group. This cohort is characterized by social consciousness, technological proficiency, and a desire for innovation, maintaining connectivity through smartphones, tablets, and the Internet of Things [21]. Demonstrating the generational disparity, previous studies cf. [24] have identified both commonalities and variations when examining the intention to adopt m-payment across different generations.



The preceding paragraphs highlight several research gaps that hinder a comprehensive understanding of consumer behavior in the realm of m-payment. Firstly, past research has repeatedly investigated the relationships of m-payment with conventional theories such as TPB, TAM, or UTAUT, yet a mature framework capturing the intricate interrelationship between technology, human factors, and the environment is notably absent. Secondly, despite Thailand emerging as a leading user of m-payment services, there remains a dearth of research on this topic, particularly in the context of distinguishing between different generational cohorts. Therefore, this study aims to investigate the relationship between technological self-efficacy, perceived value (functional, emotional, monetary, and social), and intention to use m-payment services. The investigation also extends to exploring how these factors influence the intention to use m-payment among distinct cohorts in Thailand, namely, Gen B, X, Y, and Z.




2. Literature Review and Hypothesis Development


2.1. Theoretical Underpinning


The adoption of technology has been approached through several theoretical lenses, including the theory of reasoned action (TRA) [25], the theory of planned behavior (TPB) [26], the technology acceptance model (TAM) [27], the unified theory of acceptance and use of technology (UTAUT) [28], and the social cognitive theory (SCT) [29,30]; cf. [28] for further reading. UTAUT provides a new set of variables by incorporating the predictors envisioned in the aforementioned models such as TRA, TPB, TAM, IDT, and SCT [28]. The main predictors of this theory include performance expectancy, effort expectancy, social influence, and facilitating conditions to evaluate behavioral intention and actual behavior. Predictors of this paradigm are anchored in numerous theories in an attempt to unite the theory. For example, performance expectancy encompasses perceived usefulness from TAM and outcome expectations from SCT, whereas effort expectancy represents perceived ease of use from TAM [28]. However, predictors in the UTAUT are evaluated based on technological and environmental factors but the model neglects the user’s characteristics. As a result, to respond to the immature framework of TPE as elucidated by Leong, Hew, Wong, and Lin [6], this study relies on the SCT concept of the triadic relationship of personal, environmental, and behavioral factors.



The application of SCT to explicate behavioral intention has encompassed several industries in order to comprehend the role of human cognition, motivation, emotion, and behavior which shape the environment in which people live [31]. Bandura [29] proposed the most prominent framework for the social cognitive theory (SCT)—a triadic reciprocal model—explaining the bidirectional relationships interacting among personal, environmental, and behavioral determinants of human behavior, in which behavior is shaped, controlled, and influenced by internal personal characteristics and the environment. The personal determinant refers to a sense of control, believing that one can make changes or actions to resolve a problem [32]. Based on Bandura [33], self-efficacy was introduced as a personal determinant to explain new social modeling beyond mimicry response to observe how the pattern of behavior is generated to adopt, initiate, and maintain certain behaviors. As for the environmental determinant, SCT explains how the environment is imposed, selected, and constructed to eventually change human behavior [34]. This premise explains how the environment shapes human behavior depending on one’s decision to select and construct the environment, which then influences the responses in his or her actions. The following sections explain the roles of technology self-efficacy, perceived value, and m-payment intention in the SCT triadic model.




2.2. Technological Self-Efficacy


Self-efficacy can generally be defined as the belief or confidence that one has in his/her ability to successfully carry out a specific action [35]. The concept of self-efficacy further explains how an individual opts for a particular activity, considering specific behavioral settings, the effort needed, and persistence to face the problem [14,36]. Thus, an individual with higher self-efficacy is motivated to complete a task [34]. Individuals with low self-efficacy, on the other hand, will not be self-motivated to do something in which they are unsure of their capabilities. Accordingly, it is predicted that an individual’s higher degree of self-efficacy can make them more enthusiastic to commit certain behaviors and improve social integration [32,37]. Moreover, when an individual feels competent in their self-efficacy, it often results in a positive rather than a negative effect because he/she has confidence in taking the action [32].



The concept of self-efficacy has been widely applied in different contexts, including computer self-efficacy (CSE), e.g., [38], Internet self-efficacy (ISE) [39], and mobile self-efficacy, e.g., [14,40]. In this study, we aim to investigate how the technological self-efficacy of consumers may influence their m-payment intention; therefore, it is defined as the belief that one has the ability to search for more information or communicate with technical assistants to obtain the essential skills needed to operate the new technology [41].



Past studies also have explored self-efficacy for operating numerous technological devices in various contexts. Tao, Shao, Wang, Yan, and Qu [42] found that individuals with high self-efficacy perceived a healthcare application to be useful and easy to use. This finding further contributes to the studies of Hong, Lin, and Hsieh [43] and Zhang, Han, Dang, Meng, Guo, and Lin. [44], which only found a positive relationship between self-efficacy and perceived ease of use. Similarly, Zhu, So, and Hudson [45] and Cao, Li, Wang, and Ai [46] also discovered a positive link between technological self-efficacy and perceived value. Thus, we postulate that technological self-efficacy will affect both the psychological state and behavior response of consumers in m-payment intention.




2.3. Perceived Value


Perceived value can explain how consumers evaluate a product/service in their perception of its costs and benefits [47]. Zhu, Sangwan, and Lu [14] view perceived value, through VAM, as being affected by benefits and sacrifices which in turn contribute to adoption intention. Perceived sacrifice includes four dimensions (i.e., privacy risk, innovation resistance, technicality, and perceived fee) and perceived benefit includes three dimensions (i.e., facilitating conditions, usefulness, and enjoyment). Although this model captures both positive and negative effects of perceived value, the results show weak or little effect of perceived sacrifice on perceived value, e.g., [14,45,48]. Therefore, the influence of perceived sacrifice/cost might not be well explained in VAM.



Other perspectives on perceived value indicate that as consumer behavior becomes more complex, a unidimensional or bidimensional construct of perceived value might be inadequate to capture the concept [49,50]. Cao, Li, Wang, and Ai [46] found a weak positive link between live-streaming commerce self-efficacy on both perceived value and customer engagement. This weak effect could be attributed to their unidimensional conceptualization of perceived value which may not fully capture the entire domain of the construct. Therefore, a multidimensional scale to measure perceived value might be essential.



Previously, multidimensional scales of perceived value were introduced. For instance, Sheth, Newman, and Gross [51] proposed five dimensions of perceived value, including functional, conditional, social, emotional, and epistemic values. Sweeney and Soutar [52] validated a more recent multidimensional scale of consumer perceived value with four dimensions: quality, emotional, price, and social aspects. They argued that Sheth et al.’s [51] scale was problematic because the functional value, defined by product attributes including reliability, durability, and price, could exhibit positive effects as opposed to price, which may generate a negative effect. Thus, Sweeney and Soutar [52] proposed a split of functional value into quality and price. Table 1 summarizes the components used to conceptualize perceived value and the commonly associated dimensions (i.e., functional, emotional, social, and monetary values). Therefore, we propose that the perceived value be treated as a second-order construct that constitutes these four common dimensions [50,52,53].



2.3.1. Functional Value


Functional or utilitarian value, which refers to physical performance including reliability, durability, and price, is the most prominent key dimension of perceived value [51]. Sweeney and Soutar [52] refer to functional value as the quality of the product’s expected performance. In the context of m-payment, functional value refers to the benefits realized by users from completing the financial transaction effectively in due time. This value reflects the quality of the system, various options of advanced technology (e.g., QR code, NFC), the features available for users, and the ease of operating the system.




2.3.2. Emotional Value


Emotional value, also referred to as hedonic value, is defined as the ability to elicit emotions or affective states while obtaining a consumption experience with a product or service [51]. While functional value explicates extrinsic cognitive motivation, emotional value focuses on intrinsic affective motivation which generates favorable feelings such as liking and pleasantness [52]. The emotional value is defined and measured similarly to perceived enjoyment and perceived playfulness which explains how users are involved in a certain action without concern for any negative consequences [57]. Although using mobile payments may not offer the same level of enjoyment as playing games, the m-payment process is smooth and seamless, with no buffering or lag time, ultimately leading to positive feelings such as pleasure and joy [55].




2.3.3. Monetary Value


Sheth, Newman, and Gross [51] consider monetary value as an element of functional value to explain the perceived costs incurred by users. According to Hernandez-Ortega, Aldas-Manzano, Ruiz-Mafe, and Sanz-Blas [50], monetary value is the cost/benefit dimension of perceived value in which using the product will help save time, effort, and costs. In this study, monetary value is defined as the time and effort saved by using m-payment platforms [50,52]. M-payment eliminates many activities inherent in other payment methods (e.g., searching for an ATM or a bank for cash) which necessitate more effort, time, and additional fees (e.g., credit card annual fee). Thus, m-payment may be perceived as providing better monetary value.




2.3.4. Social Value


Social value is viewed as an evaluation associated with a social group [51]. It is a reflection of self-expression, self-concept, and self-image that seeks social acceptance and is referred to as a symbolic value [51,53]. By using the product, the self-concept is enhanced [52]. For instance, an individual’s decision to select a car brand is associated with how the brand can boost his/her self-image. Although m-payment might not be directly associated with a sophisticated image, it may provide a futuristic look since a cashless society is deemed trendy while cash payment offers an outdated look. Thus, using m-payment leads to a good impression and enhances social approval.



Due to its complex nature, perceived value has usually been treated as a multi-faceted second-order construct, e.g., [50,53,55]. Given the four eminent dimensions of perceived values—functional, emotional, social, and monetary values [48,50,51,52,53], this study proposes to reinvestigate perceived value as a second-order reflective construct and hypothesizes that:



H1. 

Functional value, emotional value, monetary value, and social value are salient dimensions of perceived values.







2.4. M-Payment Intention


The behavioral determinant, the last component of the SCT, explains how individuals react to a different condition, object, or context, as well as the new technology [58]. This component explains how personal and environmental factors interact to predict individual action. In prior research within the realm of technology adoption, scholarly inquiries commonly integrate various behavioral intentions, encompassing aspects such as word-of-mouth intention, e.g., [59,60,61], online purchase intention, e.g., [62], or continuance usage intention, e.g., [59]. Consequently, behavioral intention can be categorized as the degree of an individual’s anticipation to execute a certain action [26,63]. Although behavioral intention is not an actual behavior, given a higher degree of intention, it can eventually predict the actual behavior [26]. As such, m-payment intention has been widely used in studies as it is strongly correlated with actual behavior in using m-payment [64].



Accordingly, the SCT triadic reciprocal relationship suggests the existence of relationships among technological self-efficacy, perceived values, and m-payment intention. It explains that individuals with higher technological self-efficacy will be keen to seek more information to learn how to use m-payment [34]. This, in turn, will influence them to perceive using m-payment as beneficial [42,45,46] and increase their m-payment intention. However, individuals with lower technological self-efficacy may be unlikely to opt for m-payment [36]. It is important to highlight that the concept of perceived value correlates with both perceived benefits and costs. The surplus of benefits over costs is integral to shaping the overall perceived value [47]. While other studies have explored the impact of perceived benefits and costs on behavioral intention [59,60], this study specifically focuses on examining perceived value. Within this concept, consumers have meticulously evaluated the benefits in relation to the sacrifices. In addition, it is noteworthy that concurrently incorporating both benefits and sacrifices in the same model may yield non-significant results, e.g., [14,45,48]. For instance, in the study of Liu, Lin, and Hsu [59], perceived usefulness from TAM and perceived seriousness from the health belief model (HBM) were operationalized as perceived benefits and costs, respectively, in the context of behavioral intention toward continued e-payment usage and no significant results were found. However, based on this line of argument and our prior discussion on SCT that technological self-efficacy will affect both the psychological state and behavior response of consumers in m-payment intention, the following hypotheses are formulated:



H2. 

Technological self-efficacy positively influences perceived values.





H3. 

Technological self-efficacy positively influences m-payment intention.





H4. 

Perceived values positively influence m-payment intention.





The acceptance of technology reflects how different generations form their value and decision processes toward technology adoption [65]. To date, studies show differences in how consumers of various generations (from Gen B to Gen Z) adopt technology, e.g., [24]. Many studies believe that certain generations can be combined as they share similar characteristics [13,65,66]. However, studies regarding m-payment reveal contradictory findings. Agárdi and Alt [24] compared m-payment intention between Gen X and Gen Z and found differences in their considerations of compatibility and enjoyment. Moreover, past research tends to focus mainly on Gen Z because of their high engagement and higher technology adoption rate based on generation cohort theory (GCT) [67]. Gen Z can be a compelling focus in various fields, including job recruitment, organizational behavior, and consumer studies [68,69,70]. Their characteristics offer valuable insights in these areas as they are interested in social networks, engagement in multiple realities (both real and virtual worlds), and rapid reactions to new information and platforms [70]. Their traits contribute to the swift expansion of the Internet and mobile technologies [68]. However, with their preference for shopping in physical stores, their reactions to mobile technologies may vary [69]. While the younger generations (digital natives) are typically early adopters, older generations such as Gen B, X, and Y tend to lag in adopting new technologies. Thus, it is interesting to examine whether the proposed relationships are similar or different across Gen B, Gen X, Gen Y, and Gen Z. Therefore, the following hypotheses are proposed:



H5. 

The relationships among technological self-efficacy, perceived values, and m-payment differ across consumer cohorts.





Building on SCT, this study proposes a model to predict m-payment intention by incorporating a triadic paradigm of personal, environmental, and behavioral variables (see Figure 1). While technological self-efficacy represents the personal variable in the model, a second-order reflective construct of perceived values, comprising functional, emotional, social, and monetary values, is viewed as an environment-related factor.





3. Research Method


3.1. Sample and Data Collection


Our data were collected from consumers in Thailand due to its recent surge in online shopping activities during January and March 2021 [7]. Since this study aims to compare consumers across four generations (Gen B, X, Y, and Z), a multi-stage sampling (purposive, quota, and snowball) technique was employed to enhance sample equivalence in terms of approximately equal group sizes for comparative purposes [71]. Hence, equal proportions of four specific generations (or consumer cohorts) and genders were specified before approaching the target population. Snowball sampling was used to identify shoppers with online shopping experiences from these specific cohorts and genders. An online electronic survey (Google Form) was used to obtain data from the initial groups of consumers. These initial groups were requested to send the link to other consumers who might be eligible to provide similar information and fall into one of the four cohorts that represent the specified generations. All respondents were recruited voluntarily without being offered any awards for participating in the survey. This resulted in a final sample size of 716 respondents (143 Gen B; 163 Gen X; 203 Gen Y; and 207 Gen Z) with 46.4% male; 52.7% female; and 1% preferred not to say. Other sample profiles, including age, income, and education are presented in Table 1. These demographics are consistent with those of the Thai population based on the Thailand National Statistics Office (www.nso.go.th). Therefore, our sample characteristics seem to resonate with those of Thailand’s population.




3.2. Research Instrument


The questionnaire briefly explains the broad objectives and expected benefits from the study and solicits consumers’ consent for data collection in compliance with the ethical protocol. From the filter question, it is confirmed that all respondents have had online shopping experience within the past one year (see Table 2). All scales to measure the constructs were adopted from prior studies (see scale sources from Table 3) and were itemized with a 7-point rating range.




3.3. Common Method Bias


Since a single informant was responsible for completing the questions, which were used for independent and dependent variables, a situation most likely prone to common method bias [71], several treatments were incorporated in both ex ante and ex post data collection. Firstly, various scale types and labels were used. Secondly, questions measuring other irrelevant constructs were interspersed throughout the questionnaire. Lastly, Harman’s single-factor analysis was performed to check the proportion of variance accounted for by the first factor. When the first factor accounts for a large proportion of the total variances extracted, the data could be susceptible to common method bias [75]. Therefore, an exploratory factor analysis (EFA) was performed to check the potential of this bias. The results from exploratory factor analysis through SPSS software version 26 revealed a clear three-factor solution (i.e., perceived value, technological efficacy, and m-payment intention) with the first factor accounting for 43.9% of the total variance; common method bias is not evident in our data.





4. Data Analysis and Results


4.1. Scale Assessment and Validation


We used AMOS version 22 to analyze our multiple-group second-order structural equations. The output from our analyses was used for scale assessment and hypothesis testing. The original scales adopted from prior literature were in English so the back-translation technique was used to ensure translation equivalence as suggested by Behling and Law [76]. Table 2 reports standardized factor loadings, composite reliabilities (CRs), average variance extracted (AVE), Cronbach’s alphas, and item-to-total correlations of the scales used in this study. Based on Bagozzi and Yi [77], our measurement model fits the data well with a significant Chi-Square (χ2) of 767.3 (163), comparative fit index (CFI) of 0.95, non-normed fit index (NNFI) or Tucker–Lewis coefficient (TLI) of 0.94, root mean square error of approximation (RMSEA) of 0.07, and standardized root mean square residual (SRMR) of 0.08. After eliminating reverse-worded items which have been documented to be problematic in Asian cultures, including Thailand, by Wong, Rindfleisch, and Burroughs [78] and items with low factor loadings, the remaining items significantly loaded into their designated constructs, which indicates convergent validity [79]. With composite reliabilities (CR) greater than 0.6 and average variance extracted (AVE) greater than 0.5, all scales provide evidence for construct reliabilities [77,80]. Moreover, Table 4 reports the square roots of AVEs along with correlations between the constructs in the study. With the square roots of AVEs greater than the corresponding correlations, the scales possess discriminant validity [80].




4.2. Hypothesis Testing


The first hypothesis postulates perceived value as a higher-order construct which constitutes four first-order constructs of functional value, emotional value, monetary value, and social values. From our confirmatory factor analysis (CFA) results presented in Table 3, perceived values are significantly reflected by functional value (γ31 = 0.72, p < 0.00), emotional value (γ41 = 0.74, p < 0.00), monetary value (γ51 = 0.95, p < 0.00), and social value (γ61 = 0.65, p < 0.00). Table 4 also indicates strong and significant correlations between each of these four first-order constructs and the second-order construct of perceived value with large effect sizes between 0.67 and 0.85. These parameter estimates (γ31, γ41, γ51, and γ61) are also significant in the structural models of the full sample and across the four sub-groups of consumer cohorts (see Table 5). Hence, the first hypothesis is supported.



To test hypotheses 2-4, we used structural equation modeling to estimate the parameters based on the hypothesized model. The model provided a good fit of data and yielded significant χ2 of 778.44 (164), CFI of 0.95, NNFI or TLI of 0.94, RMSEA of 0.07, and SRMR of 0.08 [77]. Table 5 presents the results of hypotheses 2–5. The second hypothesis proposes that technological self-efficacy has a positive impact on perceived value. This hypothesis is supported since the direct effect of technological self-efficacy on perceived value (full sample) is positive and significant (γ11 = 0.44, p < 0.05). Hypothesis 3, which indicates a positive influence of technological self-efficacy on m-payment intention, is also supported since the parameter estimate in the full sample is positive and significant (γ21 = 0.16, p < 0.01). Hypothesis 4 expects that perceived value would positively influence m-payment intention. From the results of the full sample, we gained support for this hypothesis because the path estimate is positive and significant (β21 = 0.59, p < 0.01).



Our last hypothesis postulates that the proposed relationships in the model are moderated by consumer cohorts, which refer to the four active generations of consumers (i.e., Gen B, Gen X, Gen Y, and Gen Z) at present. Thus, multiple-group structural equation modeling was employed to test this hypothesis and resulted in a good fit (χ2 = 2666.19 (840), CFI = 0.93, NNFI or TLI of 0.92, RMSEA of 0.04, and SRMR of 0.10) [77]. To compare across groups, the unstandardized parameter estimates are used since the standardized parameter estimates are adjusted by within-group variances [81]. From the results reported in Table 5, most hypothesized paths are significant with the results consistent with the four hypotheses across four generations except for the direct path between technological self-efficacy and m-payment intention (γ21), which is only significant and positive in Gen Y (γ21 = 0.20, p < 0.05) and Gen Z (γ21 = 0.05, p < 0.05), but not in Gen B (γ21 = 0.05, p > 0.10) and Gen X (γ21 = 0.11, p > 0.10). The relationship between technological self-efficacy and perceived value (γ11) is positive and significant across four groups (Gen B γ11= 0.36, p < 0.05; Gen X γ11 = 0. 35, p < 0.05; Gen Y γ11 = 0. 38, p < 0.05; Gen Z γ11 = 0. 23, p < 0.05). The relationship between perceived value and m-payment intention is positive and significant across four groups (Gen B β21 = 0.89, p < 0.05; Gen X β21 = 0. 91, p < 0.01; Gen Y β21 = 0.57, p < 0.01; Gen Z β21 = 0. 54, p < 0.05). Nonetheless, the indirect relationship (γ11 * β21) between technological self-efficacy and m-payment intentions through perceived value is positive and significant across the four groups (Gen B = 0.29, p < 0.01; Gen X = 0.31, p < 0.01; Gen Y = 0.21, p < 0.01; and Gen Z = 0.13, p < 0.05). These results indicate that the relationship between technological self-efficacy and m-payment intention only exists with the presence of perceived value in the older cohorts (i.e., Gen B and Gen X consumers). Therefore, the findings provide sufficient evidence to support hypothesis 5 since there are differences across generations as perceived value ‘fully’ mediates the relationship between technological self-efficacy and m-payment intention among Gen B and Gen X consumers while it ‘partially mediates’ such a relationship in the younger cohorts of Gen Y and Z. Accordingly, a summary of the hypothesis results is provided in Table 6.





5. Discussion and Conclusions


5.1. Theoretical Contributions


This study is among the first to conceptualize and empirically operationalize ‘perceived values’ as a second-order construct constituting functional, emotional, monetary, and social values, cf. [45]. Moreover, we also advanced existing theories by applying SCT to investigate how technological self-efficacy and perceived values affect m-payment intention and compared such relationships across four major consumer cohorts (i.e., Gen B, Gen X, Gen Y, and Gen Z) who represent the active groups of consumers globally [36,42,45,46]. Nevertheless, when investing in the same model for each generation, variation emerges. Notably, in Gen Z, the significance of the relationship between technological self-efficacy and perceived value diminishes, given their status as digital natives with unquestionable proficiency in technology [70,82]. This underscores the overshadowing effect of innate tech-savviness in Gen Z, making the emphasis on technological self-efficacy more pronounced, particularly in Gen B, X, and Y.



However, the effects of technological self-efficacy on m-payment intention can be explained in two distinct groups. For Gen B and X, the enhancement of their digital literacy does not directly influence their intentions to use m-payment. This suggests that factors beyond individual technological self-efficacy play a more prominent role in shaping their intention toward m-payment usage. On the other hand, for Gen Y and Z, considered younger generations in the context of technology adoption and sharing similar characteristics [68], their technological ability can directly impact their intention to use m-payment. This sense of confidence in using technology plays a crucial role in shaping their willingness to adopt m-payment.



Based on the aforementioned findings, our results further provide evidence of a ‘full mediation effect’ of perceived values on technological self-efficacy and m-payment relationship among the older cohorts (i.e., Gen B and Gen X consumers). This full mediating role provides insights that extend our theoretical understanding of the phenomenon. Specifically, for older consumers (i.e., Gen B and X), the feeling that they are able to navigate through new technology (as captured by technological self-efficacy) alone is insufficient for enhancing their usage intention. For them, realizing the comprehensive values (as conceptualized by the higher-order construct of perceived values) inherent in the innovative method is the main trigger that drives their usage intention. This aligns with their practical and realistic tendencies, emphasizing sensible considerations [21,23].



The partially mediating effects of ‘perceived values’ among the younger cohorts (Gen Y and Gen Z) in Thailand also provide insights that advance our theoretical understanding by pinpointing that there are dual paths toward the intention to use m-payments among these cohorts. Specifically, Gen Y and Z consumers are likely to use m-payment when they realize the value of using it as well as when they feel that they have the ability to use it. These results, which group generations based on their responses in the context of digital payment, are consistent with previous studies, where Gen B and X form one group [65], and Gen Y and Z constitute another [66]. This underscores the consideration of distinct treatment for various generations, whether individually or as groups, in addressing the digital payment context. Overall, our study has extended SCT by illustrating how an individual’s belief about one’s ability can directly and indirectly (i.e., through perception) affect behavioral intention. This study also demonstrates that such relationships are contingent upon consumers’ generations.




5.2. Practical Implications


Our study provides several implications for marketers, especially retailers operating in today’s digitalized business platforms. Firstly, educating target customers about innovative technology, such as m-payment, and ensuring their competence in using it is crucial. However, this approach may be more beneficial for all generations except Gen Z, given their higher comfort level with technology compared to other generations. Secondly, emphasizing the values provided by the innovations is essential, with technological advantages being particularly crucial for older generations (Gen B and X) in contrast to younger ones (Gen Y and Z). Implementing strategies to communicate and disseminate the technological benefits of new technology is highly recommended. Thirdly, customizing focus for different target markets classified by generation is vital. Our findings indicate that feelings of technological competence do not always lead to usage intention with younger generations (Gen Y and Z), who are likely to use m-payment regardless of perceived values. In contrast, older generations (Gen B and X) are driven by integrative perceived value (i.e., functional, emotional, monetary, and social), emphasizing the importance of competence in using m-payment. Retailers can promote m-payment usage across customer cohorts by tailoring strategies based on distinct value such as emphasizing the functional benefits for Gen B and X effectively.





6. Limitations and Future Research


We acknowledge several limitations of our study. First, the results may be limited in generalizability due to a one-country sampling context. Therefore, future research may incorporate multi-country studies to confirm the results. Second, using snowball sampling with online surveys may lead to self-selection bias which may also limit the generalizability of the findings. However, we employed multi-stage sampling by implementing quotas to ensure that the samples closely resembled our target population. Third, the use of behavioral intention (i.e., m-payment intention) may not fully represent actual behavior. Therefore, future research may integrate secondary data that measure actual behavior into the study. Last, other constructs that may influence m-payment intention and actual behavior can be included in further study.
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Figure 1. Research model. 
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Table 1. Components of perceived value.
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	Functional
	Emotional
	Social
	Monetary
	Others





	Sheth, Newman, and Gross [51]
	✕
	✕
	✕
	
	Condition

Epistemic



	Sweeney and Soutar [52]
	✕
	✕
	✕
	✕
	



	Zhu, Sangwan, and Lu [14]; Zhu, So, and Hudson [45]
	✕
	✕
	✕
	
	



	Hernandez-Ortega, Aldas-Manzano, Ruiz-Mafe, and Sanz-Blas [50]
	✕
	✕
	✕
	✕
	



	Rintamäki and Kirves [53]
	✕
	✕
	✕
	✕
	



	Watanabe, Alfinito, Curvelo, and Hamza [54]
	✕
	✕
	✕
	✕
	



	Zhang, Ariffin, Richardson, and Wang [55]
	✕
	✕
	✕
	✕
	Epistemic



	Zhong and Chen [56]
	✕
	✕
	✕
	
	







(Source: Composed by authors).













 





Table 2. Measurements and reliability scores.
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Characteristics

	
Total

(n = 716)

	
Gen B

(n = 143)

	
Gen X

(n = 163)

	
Gen Y

(n = 203)

	
Gen Z

(n = 207)






	
Gender

	

	

	

	

	




	
   Male

	
332

(46.4%)

	
73

(51.1%)

	
73

(44.8%)

	
96

(47.3%)

	
90

(43.5%)




	
   Female

	
377

(52.7%)

	
70

(49%)

	
90

(55.2%)

	
102

(50.2%)

	
115

(55.6%)




	
   Prefer not to say

	
7

(0.9%)

	
-

	
-

	
5

(2.5%)

	
2

(1%)




	
Age (years)

	

	

	

	

	




	
   Mean

	
36.5

	
59.6

	
46.7

	
27.4

	
21.4




	
   S.D.

	
15.2

	
3.7

	
4.7

	
3.9

	
1.7




	
Monthly income (THB)




	
   <15,000

	
191

(26.7%)

	
31

(21.7%)

	
11

(6.7%)

	
34

(16.7%)

	
115

(55.6%)




	
   15,001–30,000

	
231

(32.3%)

	
19

(13.3%)

	
46

(28.2%)

	
87

(42.9%)

	
79

(38.2%)




	
   30,001–45,000

	
91

(12.7%)

	
30

(21%)

	
20

(12.3%)

	
34

(16.7%)

	
7

(3.4%)




	
   >45,000

	
203

(28.3%)

	
63

(44%)

	
86

(52.7%)

	
48

(23.6%)

	
6

(2.8%)




	
Highest Education

	

	

	

	

	




	
   Below undergraduate

	
158

(22.1%)

	
56

(39.2%)

	
51

(31.3%)

	
17

(8.4%)

	
34

(16.4%)




	
   Bachelor degree

	
463

(64.6%)

	
60

(41.9%)

	
81

(49.7%)

	
152

(74.9%)

	
170

(82.1%)




	
   Post bachelor degree

	
95

(13.3%)

	
27

(18.9%)

	
31

(19%)

	
34

(16.7%)

	
3

(1.4%)




	
Latest online shopping

	

	

	

	

	




	
Today

	
106

(14.8%)

	
5

(3.5%)

	
18

(11.0%)

	
50

(24.6%)

	
33

(15.9%)




	
Yesterday

	
121

(16.9%

	
8

(5.6%)

	
23

(14.1%)

	
42

(20.7%)

	
48

(23.2%)




	
Within the past one week

	
216

(30.2%)

	
38

(26.6%)

	
54

(33.1%)

	
59

(29.1%)

	
65

(31.4%)




	
Within the past one month

	
155

(21.6%)

	
38

(26.6%)

	
40

(24.5%)

	
34

(16.7%)

	
43

(20.8%)




	
Within the past three months

	
51

(7.1%)

	
20

(14.0%)

	
13

(8.0%)

	
10

(4.9%)

	
8

(3.9%)




	
Within the past six months

	
27

(3.8%)

	
10

(7.0%)

	
8

(4.9%)

	
3

(1.5%)

	
6

(2.9%)




	
Within the past one year

	
14

(2.0%)

	
6

(4.2%)

	
2

(1.2%)

	
2

(1.0%)

	
4

(1.9%)




	
More than one year ago

	
26

(3.6%)

	
18

(12.6%)

	
5

(3.1%)

	
3

(1.5%)

	
0

(0%)











 





Table 3. Scale assessment and CFA results.
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Research Constructs and Items

	
Standardized

Loadings a

	
Item-to-Total Correlation






	
1. Perceived value (α = 0.80; CR = 0.91; AVE = 0.66)

(Seven-point Likert scale, anchored “strongly disagree” and “strongly agree”)

Source: Venkatesh, Thong, and Xu [72]




	
Functional value (α = 0.89; CR = 0.95; AVE = 0.86)

	
0.72 b

	




	
I find mobile payment useful in my daily life.

	
0.88 b

	
0.79




	
Using mobile payment helps me accomplish payment quickly.

	
0.85 (27.70)

	
0.79




	
Using mobile payment increases my payment productivity.

	
0.89 (29.59)

	
0.81




	
Emotional value (α = 0.93; CR = 0.97; AVE = 0.90)

	
0.74 (18.94)

	




	
Using mobile payment is fun.

	
0.81 b

	
0.86




	
Using mobile payment is enjoyable.

	
0.91 (37.19)

	
0.86




	
Using mobile payment is very entertaining.

	
0.91 (36.96)

	
0.86




	
Monetary value (α = 0.81; CR = 0.91; AVE = 0.84)

	
0.95 (21.22)

	




	
Using mobile payment is reasonably priced

	
0.92 b

	
0.68




	
Using mobile payment is a good value for money.

	
0.80 (22.72)

	
0.68




	
Social value (α = 0.90; CR = 0.94; AVE = 0.79)

	
0.65 (16.06)

	




	
The use of mobile payment helps me feel acceptable.

	
0.86 b

	
0.79




	
The use of mobile payment makes a good impression on other people.

	
0.87 (29.80)

	
0.81




	
The use of mobile payment gives me social approval

	
0.86 (29.32)

	
0.81




	
2. Technology self-efficacy (α = 0.96; CR = 0.97; AVE = 0.85)

I could complete the tasks using online…

(Seven-point scale anchored, “not at all confident” and “totally confident”)

Source: Compeau and Higgins [73]




	
… if there was no one around to tell me what to do as I go.c

	

	




	
… if I had never used a platform like it before.c

	

	




	
… if I had only the instructions/manuals for reference.c

	

	




	
… if I had seen someone else using it before trying it myself.

	
0.81 b

	
0.79




	
… if I could call someone for help if I got stuck.

	
0.87 (28.21)

	
0.85




	
… if someone else had helped me get started.

	
0.88 (28.77)

	
0.85




	
… if I had a lot of time to complete the task for which the platform was provided.

	
0.89 (29.68)

	
0.87




	
… if I had just the build-in help facility for assistance.

	
0.90 (30.19)

	
0.88




	
… if someone showed me how to do it first.

	
0.86 (27.94)

	
0.84




	
… if I had used similar platform before this one to do the same task.

	
0.86 (27.94)

	
0.84




	
3. M-Payment Intention (α = 0.81; CR = 0.94; AVE = 0.97)

(Seven-point Likert scale, anchored “strongly disagree” and “strongly agree”)

Source: Mainardes, de Almeida, and de-Oliveira [74]




	
In the future, I intend to use mobile payment to make purchases.

	
0.90 b

	
0.68




	
If I am in need of a product/service, I will use the mobile payment to make the purchase.

	
0.89 (28.16)

	
0.68




	
In the near future, I do not intend to use the mobile payment to do my shopping.c

	

	








a t-values are in parentheses. b Item fixed for model estimation. c Item excluded after validity and reliability check.













 





Table 4. Discriminant validity, correlations, and descriptive statistics.






Table 4. Discriminant validity, correlations, and descriptive statistics.















	
	1
	2
	3
	4
	5
	6
	7





	1. Perceived value
	0.81
	
	
	
	
	
	



	2. Functional Value
	0.67 *
	0.93
	
	
	
	
	



	3. Emotional Value
	0.84 *
	0.39 *
	0.95
	
	
	
	



	4. Monetary Value
	0.85 *
	0.59 *
	0.59 *
	0.92
	
	
	



	5. Social Value
	0.79 *
	0.25 *
	0.61 *
	0.55 *
	0.89
	
	



	6. M-payment Intention
	0.61 *
	0.60 *
	0.47 *
	0.53 *
	0.38 *
	0.97
	



	7. Technological Efficacy
	0.42 *
	0.51 *
	0.30 *
	0.43 *
	0.16 *
	0.45 *
	0.92



	Mean
	5.02
	5.83
	4.66
	5.14
	4.500
	5.4
	4.8



	SD
	1.13
	1.24
	1.58
	1.30
	1.6
	1.4
	1.4







Notes: Numbers along the diagonal represent the square root of the average variance extracted (AVE) of the constructs measured by multiple-item scales in this study. * if p < 0.001 (two-tailed).













 





Table 5. Standardized and unstandardized parameter estimates (with standard errors) of multiple-group analyses.






Table 5. Standardized and unstandardized parameter estimates (with standard errors) of multiple-group analyses.





	Paths
	Full

Sample

(n = 716)
	Gen B

(n = 143)
	Gen X

(n = 163)
	Gen Y

(n = 203)
	Gen Z

(n = 207)





	Perceived Value→Functional Value (γ31)
	0.63

0.73 **

(0.05)
	0.69

0.86 **

(0.12)
	0.72

0.91 **

(0.11)
	0.52

0.55 **

(0.09)
	0.43

0.45 **

(0.09)



	Perceived Value→Emotional Value (γ41)
	0.76

1.05 **

(0.05)
	0.78

1.12 **

(0.12)
	0.77

1.08 **

(0.11)
	0.75

1.02 *

(0.10)
	0.70

0.95 **

(0.11)



	Perceived Value→Monetary Value (γ51)
	0.73

0.95 **

(0.05)
	0.72

0.94 **

(0.12)
	0.76

1.03 **

(0.08)
	0.72

0.93 **

(0.10)
	0.68

0.88 **

(0.10)



	Perceived Value→Social Value (γ61)
	0.71

0.92 *

(0.05)
	0.77

1.09 **

(0.13)
	0.78

1.11 **

(0.11)
	0.72

0.94 *

(0.10)
	0.67

0.87 **

(0.11)



	Direct Effect

Technological Self-Efficacy→Perceived Value (γ11)
	0.44

0.36 *

(0.04)
	0.42

0.36 *

(0.11)
	0.45

0.35 *

(0.08)
	0.42

0.38 *

(0.09)
	0.27

0.23 *

(0.12)



	Technological Self-Efficacy→M-Payment Intention (γ21)
	0.16

0.16 **

(0.04)
	0.05

0.06

(0.11)
	0.11

0.11

(0.08)
	0.20

0.21 *

(0.08)
	0.22

0.21 *

(0.08)



	Perceived Value→M-Payment Intention (β21)
	0.59

0.73 **

(0.05)
	0.69

0.89 *

(0.13)
	0.69

0.91 **

(0.05)
	0.49

0.57 **

(0.09)
	0.47

0.54 *

(0.10)



	Indirect Effect

Technological Self-Efficacy→Perceived Value→M-Payment Intention (γ11 * β21)
	0.26

0.27 *

(0.04)
	0.29

0.32 **

(0.10)
	0.31

0.32 **

(0.07)
	0.21

0.22 **

(0.07)
	0.13

0.12 *

(0.07)



	Total Effect

Technological Self-Efficacy→M-Payment Intention [γ21 + (γ11 * β21)]
	0.42

0.43 *

(0.04)
	0.34

0.37 **

(0.12)
	0.42

0.44 *

(0.08)
	0.41

0.42 *

(0.08)
	0.35

0.33 **

(0.07)







The number at the top refers to standardized parameter estimates used for within-group comparison. The second number with two-tailed significance levels highlighted (* if p < 0.05; ** if p < 0.01) are unstandardized parameter estimates used for between-group comparisons.













 





Table 6. Summary of findings.






Table 6. Summary of findings.





	Hypothesis
	Results





	H1. Functional value, emotional value, monetary valu