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Abstract

:

Several methodologies for academically exploring causality have been addressed in recent years. The decision-making trial and evaluation laboratory (DEMATEL), one of the multiple criteria decision-making (MCDM) techniques, relies on expert judgements to construct an influential network relation map (INRM), revealing the mutual causes and effects of the criteria and dimensions for presentation of the results in a visual manner. The interactional impacts may be evaluated without considering the presumed hypotheses. The DEMATEL has been successfully utilized to assist in complex decision-making problems in various contexts. However, there is controversy about the reliance upon expert judgements, which could be subjective. Thus, this study seeks to overcome this dispute by developing a data-driven, concept-based novel hybrid model which the authors call SEM-DEMATEL. The model first constructs the direct effects between indicators based on structural equation modeling (SEM) and then utilizes DEMATEL to confirm the interdependence among the variables and identify their causes and effects. Finally, an empirical study exploring the key factors affecting mobile payment usage intention is further conducted to demonstrate the feasibility, validity, and reliability of the novel SEM-DEMATEL research approach. The results identify that the perceived value is the key influencing indicator of m-payment usage intention, and the objectivity and efficiency of the research results are compared.
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1. Introduction


The importance of effective and precise exploration and clarification of causal relationships among variables or objects is undoubtedly essential in many branches of science. The effectiveness of decision-making is reliant upon accurate and efficacious causal analysis. Mathematical and statistical techniques have been applied to develop more efficient methods to understand and map out casual inferences [1]. These days, numerous causality exploration methods have been utilized in research studies, such as interpretive structural modeling (ISM) [2,3], Granger causality [4,5], transfer entropy [6,7], fuzzy cognitive mapping (FCM) [8], decision-making trial and evaluation laboratory (DEMATEL) [9,10], and structural equation modeling (SEM) [11,12]. Each method has its own specific features, advantages, and respective limitations. Among these, two approaches have become more prominent and widely adopted: SEM, a comprehensive statistical model technique for efficiently specifying and testing all of the relationships among variables, and DEMATEL, a convincing method for confirming interdependence among variables.



SEM, a data-driven research method, has been confirmed to be an effective tool for testing models of predicted relationships among variables and latent indicators [13] and widely employed to establish causal models in different contexts in various disciplines, including human resource management [12], marketing [11], health care [14], tourism management [15], and many others. The SEM technique not only allows users to simultaneously estimate latent, exogenous, and endogenous variables [16,17] but also reveals the reciprocal causal relations between latent variables [17,18]. Most importantly, all the direct and indirect effects among variables and latent indicators can be easily illustrated by accessing data collected through massive surveys [17]. Previous studies confirmed the significance of the data-driven approaches and considered these research methods as exploratory approaches to explore the scientifically valuable patterns [19,20]. This study applies this advantage to offset DEMATEL’s limitation of reliance upon expert opinions.



Several limitations of SEM, such as the large sample size required [13], independent exogenous variables in all equations [13], indispensability of the hypothesized relationship [21], and complicated parameter estimation requirements [22], necessitate over-modification of the research model for providing a better model fit. In particular, the original SEM models have been modified to overturning pre-hypothesis assumptions so that model specification errors cannot be revealed by modification indices [23,24], or the amended model is only applicable for the researcher’s specific sample [25]. The issue of substantiating the trustworthiness of over-trimmed assumptions should be addressed [26]. In this study, the DEMATEL method is applied to avoid the problem and to reveal the intricacies of interdependent causal relationships among the criteria and dimensions.



The DEMATEL method can not only confirm the interdependence [27] but also visualize the complicated causal relationships among the criteria and dimensions through matrices and graphs [28]. In particular, the causal relationships between criteria and domains can be converted into an intelligible structure [27]. In other words, the DEMATEL approach is used to simplify complex situations and problems to assist in effective decision-making. It has been verified that this method can efficiently unravel intertwined and complicated problem groups [28]. Thus, DEMATEL has been extensively applied in a diverse range of areas, such as marketing [29], service quality [10,30], healthcare [31,32], education [33,34], and tourism [35]. However, as noted above, the reliance upon expert judgements may be overly subjective and problematic.



The SEM and DEMATEL causality exploration methods each possess their own strengths and limitations. The novelties of the research approach proposed in this study are illustrated as follows. In order to avoid reliance upon the subjective preferences of the expert system, this study collects survey data and uses an SEM approach to reveal the reciprocal causal relations among criteria and dimensions. Meanwhile, to avoid the requirements of a presumed hypotheses research framework, complicated parameter estimation, and over-modification for a better model fit, DEMATEL is applied to reveal the intricate interdependence of causal relationships among the criteria and dimensions. This novel method not only retains the advantages of both the SEM and DEMATEL methods but also eliminates their limitations. In addition, the consistency of causality of the literature-driven hypotheses of the SEM research framework and the results of the DEMATEL method can be further verified. To summarize, this approach entails the following two steps. Firstly, SEM, a data-driven causality exploration method is implemented to reveal the direct path coefficients between variables and latent indicators. Secondly, the DEMATEL is applied to confirm the interdependence among all of the criteria and dimensions. This new method is called SEM-DEMATEL. In addition, the feasibility, validity and reliability of the SEM-DEMATEL method is demonstrated by applying it to an empirical example exploring the key factors of mobile-payment (m-payment) usage intention.



Today’s world has been heavily impacted by the COVID-19 pandemic. This pandemic has altered consumer behavior [36]. The need to maintain physical distances has led to contactless m-payment becoming an effective epidemic-prevention transaction method. Thus, despite the current severe economic downturn, m-payment transactions are growing. This pandemic has facilitated growth in the mobile-payment market [37] with an immense increase to USD 1146 billion in 2019 and could reach USD 3081 billion globally by 2024, a compound annual growth rate of 23.2% [38]. Continued prosperity along with increased competition between m-payment platforms in the future can be expected. Therefore, this empirical study aims to explore the critical factors affecting mobile-payment users’ usage intention and offer practical suggestions for improving the sustainability of mobile-payment platforms.



The rest of this paper contains the following five segments. Section 2 reviews the literature on the proposed empirical research model. Section 3 explains the novel SEM-DEMATEL method. Section 4 delineates the development of the research framework and details the results. Section 5 includes a discussion and offers managerial implications and practical suggestions. The last section offers some conclusions.




2. Literature Review


This section consists of three segments: a review of the literature related to consumers’ usage intention of m-payment, the methods employed in those studies, and the theoretical background of the research framework constructed in this study.



2.1. M-Payment Usage Intention


In the literature, m-payment is defined as the “payments for goods, services, and bills with a mobile device by taking advantage of wireless and other communication technologies” [39] (p. 165). Progress in technological innovation has encouraged the trend increased m-payment usage [40]. M-payment platforms are searching for ways to improve services and provide customers with functions to enhance user loyalty and usage intention. Considerable research has been conducted to explore various theories and develop research methods in order to investigate the critical factors influencing behavioral intention for m-payment [41,42,43].



Dahlberg et al. [37] utilized the five forces model to analyze the m-payment market and investigate the influencing factors of consumers’ usage intention. Zmijewska and Lawrence [44] developed a research framework comprising both user adoption perspective and infrastructure perspective, such as stakeholder collaboration and regulation, and suggested that because of their mutual dependence and equal significance, these two perspectives should be examined together. Kim et al. [45] proposed a model combining four m-payment system characteristics of mobility, reachability, compatibility, and convenience and two user centric factors of personal innovativeness and m-payment knowledge to investigate the factors influencing usage intention. They argued that perceived usefulness and perceived ease of use were the key elements. Wong et al. [46] employed both the technology acceptance model (TAM) and prospect theory to evaluate the senior generation’s adoption of m-payment. They confirmed that the perceived effectiveness of gamification was significantly influenced by the perceived enjoyment and was the key factor of m-payment usage intention. In their examination of user intention in the Cambodian m-payment market, Do et al. [47] found that expected effort and performance expectancy were the crucial factors of usage intention. Liu et al. [48] considered the factors impacting m-payment usage intention as both beneficial and risky aspects and concluded that the perceived value, perceived risk, and perceived benefit were the crucial factors for adoption intention.




2.2. Existing Research Methods


Numerous studies have applied statistical methods to investigate the factors influencing consumers’ behavioral intentions to adopt mobile payment: most often multiple regression analysis [40], partial least squares-structural equation modelling (PLS-SEM), and SEM. Yang et al. [49] used PLS-SEM to examine the usage intention of e-wallet users and argued that the factors of perceived trust, lifestyle compatibility, facilitating conditions, perceived usefulness, social influence, and perceived ease of use were of concern. Christian et al. [50] also applied PLS-SEM to investigate the usage intention of near-field communication (NFC) mobile payments in Indonesia and emphasized the importance of e-service quality and NFC indicators. Lin et al. [41] utilized SEM to clarify the causal relationships among the dimensions of innovation resistance, perceived usefulness, perceived ease of use, and usage intention. They argued that perceived usefulness and perceived ease of use positively influence usage intention, while innovation resistance negatively impacts both perceived usefulness and perceived ease of use. de Sena Abrahão et al. [43] employed PLS-SEM to survey the adoption of m-payments in Brazil and confirmed that performance expectation, effort expectation, social influence, and perceived risk have positive effects on the user’s behavioral intention.



However, research using MCDM has been limited [51]. Chou et al. [52] employed the analytic hierarchy process (AHP) to evaluate the performance of e-payment systems for online commerce businesses. Osmani et al. [53] also used AHP to investigate Iranian e-payment systems, emphasizing the importance of security infrastructure. Mu and Lee [54] utilized two methods, fuzzy AHP (FAHP) and technique for order preference by similarity to an ideal solution (TOPSIS), to compare the factors of influence for online payment system usage intention in China and Korea and concluded that the most crucial factor for the Chinese was price value, but for Koreans, it was perceived credibility. Kapoor et al. [55] applied fuzzy TOPSIS to evaluate ten literature-derived criteria for m-wallet service quality and confirmed the significance of perceived security, trust, perceived ease of use, perceived usefulness, and responsiveness. Moslehi et al. [56] used a cart algorithm to analyze consumers’ usage intention of e-payment in Iran. They proposed that the most important influencing factors were information and communication technology development, business prosperity, and social-economic indices.




2.3. Evaluating Criteria for M-Payment Usage Intention


Perceived value is defined as the consumer’s overall evaluation of perceived benefits [57]. It has been proven that perceived value has a significantly positive effect on consumers’ usage intention in the m-payment market [48,58]. Shaw and Sergueeva [59] employed the modified unified theory of acceptance and use of technology 2 (UTAUT2) model to explore the factors affecting usage intention in the Canadian m-payment market to find that hedonic motivation and perceived value greatly influenced usage intention. Liu et al. [48] regarded the factors of perceived value, perceived benefit, and perceived risk as the three critical criteria for m-payment usage intention.



Studies have been carried out to further comprehend consumers’ behavioral intention and to explore and classify the essential elements of perceived value in relation to various markets or products [60]. Sheth et al. [61] regarded perceived value as a combination of economic, psychological and sociological perceptions and marketing aspects. They argued that perceived value can be broken down into five categories: functional, social, emotional, epistemic, and conditional value. Furthermore, one research investigated the retail market and categorized perceived value into four segments of emotional value, social value, quality, and price [62]. Holbrook [63] divided perceived value into three categories: self-oriented and other-oriented, intrinsic and extrinsic nature, and active and passive. In the studies examining the perceived value of e-commerce consumers, Overby and Lee [64] emphasized the significance of price saving, time saving, selection, and service; Peng and Liang [65] sorted the perceived value into social value, emotional value, price value, and functional value.



Gamification has been defined as “the use of game design elements, in a non-game context” [66] (p.1) and has been confirmed to increase the user’s engagement and encourage purchasing [67]. Over the last decade, gamification has boomed and attracted a great deal of attention both academically and practically in many fields, such as learning and education [68], human resource management [69], marketing [70], and many others, certainly including the m-payment field. Wong et al. [46] emphasized that the effective application of gamification could stimulate the senior generation’s adoption of mobile payment, with perceived enjoyment being the key factor to improve the effectiveness of gamification. Bùi and Bùi [42] used a modified UTAUT model to examine the consumer’s usage intention of m-payment. They considered the factors of performance expectancy, expected effort, trust, and gamification to have a substantial impact on usage intention.



Meanwhile, several studies have explored the factors of influence on the use of gamification to improve consumer satisfaction, including immersion-related features [71,72], achievement-related features [73], social-relatedness features [71], autonomy needs [74,75], competency needs [74,75], and relatedness needs [74].



Theories developed to explain the increased popularity and consumer acceptance and motivation to use of technology include the technology acceptance model (TAM) [76], innovation of diffusion theory (IDT) [77], theory of planned behavior (TPB) [78], UTAUT [79], and many others. These have been combined [80] or extended one theory [81] to develop different research models. Among those theories, UTAUT, proposed by Venkatesh et al. [82], suggests that consumer behavior related to the adoption of new technological products or systems is impacted by four indicators: performance expectancy, expected effort, social influence, and facilitating conditions. Christian et al. [50] investigated the Indonesian NFC m-payment market. They applied the TAM model to examine the causal relationships among the dimensions of e-service quality, perceived usefulness, NFC indicators, perceived ease of use, and usage intention and declared user behavioral intention to be significantly affected by the NFC indicators of e-service quality. Lin et al. [41] combined TAM and the innovation resistance theory (IRT) to scrutinize the Taiwanese m-payment market and argued that perceived usefulness and ease of use positively impact usage intention, and innovation resistance negatively influences perceived usefulness and perceived ease of use. de Sena Abrahão et al. [43] utilized a modified UTAUT to inspect the Brazilian m-payment users’ motivation and identified that social influence, effort expectation, performance expectation, and perceived risk were crucial influential factors



Additionally, personal innovativeness, referring to the consumer’s individual characteristics for the application of new technological products [50], has also be verified as one of the essential influencing factors of technological product applications [83]. Furthermore, with the world so harshly affected by the spread of COVID-19 since 2020, infection prevention has led consumers to change their payment behavior [36] and adopt contactless payment mode. People’s preference for a contactless payment method has facilitated growth of the m-payment market [37]. Thus, infection prevention is also deemed as one of the criteria motivating consumers’ usage intention of mobile payment.



Based on the afore-mentioned studies, the three dimensions of motivation [41], perceived value [59], and gamification [42,46] are selected to evaluate mobile payment usage intention in this empirical study. In addition, the following criteria are included: gamification, which involves immersion-related features, achievement-related features, social-relatedness features, satisfaction of autonomy needs, competency needs, and relatedness needs; the criteria of motivation, consisting of COVID-19 infection prevention, performance expectancy, expected effort, social influence, and personal innovativeness; and the criteria of perceived value, including functional value, emotional value and social value.



To summarize, three dimensions of motivation (D1), gamification (D2), and perceived value (D3) were identified; 14 criteria were selected (C1 to C14) within these three dimensions to verify the causal relationships among the dimensions and criteria affecting m-payment during the COVID-19 pandemic.





3. Methodology


This section provides an overview of the innovative SEM-DEMATEL method, how it overcomes the disadvantages of the original SEM and DEMATEL approaches, and demonstrates the operational procedures of this new method.



3.1. The Fitness of Combining SEM with DEMATEL


SEM has been widely employed to test hypothesized research models by collecting large-sized samples. The advantages of this approach are that all of the latent, exogenous, and endogenous variables can be estimated contemporaneously, verifying the reciprocal causal relations, and, in particular, revealing all of the direct or indirect effects among the variables and latent indicators. However, the requirements of entangled parameter estimation for model fitting lead to over-modification of the original research model so that it can only be applicable for that specific sample rather than generalizable. Furthermore, the entire SEM research framework has to be hypothesized based on previous studies; the issue of corroborating the trustworthiness of these over-modified assumptions should be of concern. This argument is corroborated by an empirical case in this study.



The DEMATEL is often utilized to develop a total influence relation matrix, which can be used to identify the causes and effects of various indicators. Certainly, this method can be used to confirm the interdependence among the criteria and domains, converting their causal relations into an intelligible structure, for visualization of the complicated causal relations in matrices and graphs. The DEMATEL can simplify intricate situations and problems; however, data are collected from expert judgements, which can be subjective.



The advantages and limitations of these methods complement each other. Thus, this study develops a novel method that combines the benefits of SEM and DEMATEL, which should be more convincing and facilely applicable.




3.2. Innovations and Improvements of the SEM-DEMATEL Method


This SEM-DEMATEL method not only retains the advantages and characteristics of SEM and DEMATEL but also removes their limitations. First of all, the data are derived from the collected surveys. The reciprocal causal relations among criteria and dimensions are revealed by the SEM approach, an improvement over the subjective preferences of expert judgements, as frequently applied in DEMATEL. Secondly, the interdependence and causal relationships among the criteria and dimensions are clarified by the DEMATEL method. Thus, the restrictions on the essentialities of independent exogenous variables, literature-based hypothesized research framework, and complicated parameter estimation can be averted.




3.3. Analytical Processes of the SEM-DEMATEL Method


The proposed SEM-DEMATEL method combines both SEM and DEMATEL methods to reveal the direct path coefficients, confirm the interdependence of criteria and dimensions, and convert their causal relationships into an intelligible structure. In order to distinguish between the traditional DEMATEL approach and the SEM-DEMATEL method, please see Figure 1. The operation process of the traditional DEMATEL is indicated by the black dotted line, and the procedure of the novel method is shown by the green dotted line. The research method was divided into the following four phases:




	
Preprocessing data: developing the survey, collecting and encoding data, and verifying the validity and reliability of the instrument;



	
SEM approach: obtaining the direct relations by pairwise comparisons;



	
DEMATEL approach: obtaining the degree of influence by infinite interactive influence;



	
Constructing the INRM (influence network relationship map).








	
Phase 1: Data Pre-processing






Traditional DEMATEL adopts expert judgements to assist in management decision-making and assumes that the viewpoints of experts from similar fields will be consistent; consensus is reached after digitizing the results of the experts’ evaluations. The traditional DEMATEL can thus be regarded as a consensus-driven approach. In the new method proposed in this study, the data are directly collected by surveys. Thus, the validity and reliability tests of the instrument are required in this phase.



	
Step 1: Conduct Validity Tests






Haynes et al. [84] emphasized the significance of content validity and argued that the validity of a measurement illustrates the degree to which the instrument items are relevant to and representative of the measured constructs for a specific assessment purpose. The following process is used to confirm the validity in this study. First, the instrument is developed based on the literature. Second, a panel of experts is asked to assess the degree of representations of the variables; five participants are asked to confirm the clarity of the questionnaire content. Third, further pilot tests are executed and the Bartlett’s test of sphericity conducted [85].



	
Step 2: Implement Reliability Tests






The Cronbach’s alpha, deemed an efficient technique to provide an estimate of the reliability [86], is applied in this study following the rule of thumb proposed by George and Mallery [87] as the follows: _ < 0.5→unacceptable, _ > 0.5 →Poor, _ > 0.6 → Questionable, _ > 0.7→ Acceptable, _ > 0.8 → Good, and _ > 0.9 → Excellent.



	
Phase 2: Obtaining the Direct Relations by Pairwise Comparisons






	
Step 1: Derive the Direct Influence Relations γ by Pairs






Unlike the traditional DEMATEL method, which obtains the initial direct influence relations from the survey responses of the experts [88], this study is based on the data-driven concept where the direct influence relations γ between two criteria are derived by the application of Equations (1) and (2).


  η = γ ξ + ς  



(1)






  E ( η ) = 0 ,   E ( ξ ) = 0 ,   E ( ς ) = 0  



(2)




where η, γ, and ς, respectively, represent latent dependent variables, direct influence of variables, and error.



	
Step 2: Calculate the Direct Influence Relationship Matrix A






Each criterion is set as independent or dependent variables, respectively, as shown in Matrix A. Thus, the direct influence relations for the whole research model can be obtained as follows:


  A =  [   a  i j    ]  =    [       a  11      ⋯     a  1 j      ⋯     a  1 m        ⋮      ⋮      ⋮       a  i 1      ⋯     a  i j      ⋯     a  i m        ⋮      ⋮      ⋮       a  m 1      ⋯     a  m j      ⋯     a  m m        ]    m × m    



(3)







A case study is used for further illustration. For example, an evaluation system consists of three dimensions of D1, D2, and D3. First, D1 is set as an independent variable and D2 as a dependent variable. Using Equations (1) and (2), a12 can be derived. Next, D1 is set as an independent variable and D3 as a dependent variable. Using Equations (1) and (2), a13 can be derived, and so on. Six permutations of the direct influence relations (a12, a13, a21, a23, a31, a32) are systematically revealed, as depicted in Figure 2. The left side of Figure 2 shows the direct influence relations among three dimensions; the right side demonstrates the direct influence relationship matrix derived from the direct influence relations on the left.



	
Phase 3: Acquiring the Degree of Influence from the Infinite Interactive Influence






	
Step 1: Develop the Normalized Direct Influence Relationship Matrix N






Equations (4)–(6) are employed to de-unitize Matrix A to obtain the direct influence relationship Matrix N. Here, Ω represents the maximum sum of rows and columns; nij denotes the normalized element from Matrix A.


  N =  [   n  i j    ]  =    [       n  11      ⋯     n  1 j      ⋯     n  1 m        ⋮      ⋮      ⋮       n  i 1      ⋯     n  i j      ⋯     n  i m        ⋮      ⋮      ⋮       n  m 1      ⋯     n  m j      ⋯     n  m m        ]    m × m    



(4)






   n  i j   =  A Ω   



(5)






  Ω   =   min  {  1 /   max  i    ∑  j = 1  n    a  i j   ,   1 /   max  j    ∑  i = 1  n    a  i j            }  ,   f o r   i , j ∈  {  1 , 2 , … , m  }   



(6)







	
Step 2: Obtain the Total Influence Relationship Matrix T






Based on the Markov chain theory, the total influence relationship Matrix T can be generated by computing the infinite series of interactive effects for each criterion as follows:


  T =  [   t  i j    ]  =    [       t  11      ⋯     t  1 j      ⋯     t  1 m        ⋮      ⋮      ⋮       t  i 1      ⋯     t  i j      ⋯     t  i m        ⋮      ⋮      ⋮       t  m 1      ⋯     t  m j      ⋯     t  m m        ]    m × m    



(7)






    T = N +  N 2  +  N 3  + … +  N k            = N ( I + N +  N 2  + … +  N  k − 1   ) [ ( I − N )   ( I − N )   − 1   ]           = N ( I −  N k  )   ( I − N )   − 1             = N   ( I − N )   − 1   ,   when   k → ∞ ,    N k  =   [ 0 ]   m × m      



(8)







	
Step 3: Calculate the Influence Relations






The influence relations of the criteria involve the influencing degree, the influenced degree, the total influence degree, and the net influence degree. In this step, Equation (9) is applied to accumulate the sum of the degree of influence of each criterion on the others, denoted as r.


  r = (  r 1  , ⋯ ,  r i  , ⋯ ,  r m  ) =   (  r i  )   m × 1   =    [    ∑  j = 1  n    r  i j      ]    m × 1         f o r       i , j = 1 , 2 , ⋯ , m  



(9)







The sum of the degree of influence that a criterion receives from the other criteria can be calculated using Equation (10) and is denoted as c.


  c =   (  c i  )   m × 1   = (  c 1  , ⋯ ,  c j  , ⋯ ,  c m   ) ′  =   (  c j  )   1 × m  ′  =    [    ∑  i = 1  n    c  i j      ]    1 × m  ′      f o r       i , j = 1 , 2 , ⋯ , m  



(10)







The net influence degree, denoted as g, can be obtained by deducting the influenced degree from the influencing degree, as in Equations (11) and (12), and is recognized as the relation of that criterion.


  g = (  g 1  , ⋯ ,  g i  , ⋯ ,  g m  ) =   (  g i  )   m × 1    



(11)






   g i  =  r i  −  c i        ,   f o r   i = 1 ,   2 ,   ⋯ ,   m  



(12)







The total influence, denoted as p, can be derived by taking the sum of the influencing and influenced degrees received by a criterion from the other criteria, following Equations (13) and (14); this indicates the prominence of that criterion.


  p = (  p 1  , ⋯ ,  p i  , ⋯ ,  p n   ) ′  =   (  p i  )   n × 1   =    [    ∑  j = 1  n    r  i j      ]    n × 1         f o r       i , j = 1 , 2 , ⋯ , m  



(13)






   p i  =  r i  +  c i        , f o r       i = 1 , 2 , ⋯ , m  



(14)







	
Phase 4: Drawing the Influence Network Relationship Map






In this phase, the INRM is constructed according to the total influence and the net influence, as depicted as Figure 3. The horizontal and vertical axes represent the influence degree and the causality of the criteria, respectively; the black circle identifies (0, 0). In the next two steps, all of the criteria are projected onto the coordinate axis and the causality diagram constructed for comparison of the mutual influence, verified in the total relationship matrix. The arrow with the greater influence is shown on the right in Figure 3 [89].





4. Empirical Example


With the proliferation of advanced mobile devices and wireless network technologies, the penetration of mobile phones and internet users have increased considerably. This has further driven the mobile-payment (m-payment) market. Massive opportunities and development have led to the prediction of an immense increase in the size of the global m-payment market from $1180 billion in 2019 to up to $4573.8 billion by 2023 [90]. Furthermore, the current world situation has led to people tending to maintain physical distancing and to consider contactless payment as a safer transaction method. The coronavirus pandemic has altered consumers’ payment behavior [36] so that, despite the current severe economic downturn, the m-payment market remains prosperous, and this is expected to continue.



According to the Global Mobile Payment Users Report [91], the top five highest mobile-payment countries are China (81.1%), Denmark (40.9%), India (37.0%), South Korea (36.7%), and Sweden (36.2%). Compared with other countries, China has by far the highest mobile payment adoption rate, with 81.1% of smartphone users. Research and Markets [36] forecasts that the mobile-payment transaction amount in China will reach RMB 777.5 trillion in 2020. The two dominant m-payment platforms in China are Alipay and WeChat Pay, respectively, with more than 1.2 billion and 1.151 billion active users. Doubtless, the mobile payment business in China is not only extremely prosperous and successful but also extremely competitive, particularly for the two m-payment platforms of Alipay and WeChat Pay.



In addition, for m-payment platforms to improve and sustain competitive advantages, it is crucial to comprehend the factors influencing consumers’ usage intention. Efficient and accurate causality exploration leads to precise and advantageous decisions. Thus, this empirical research aims to identify the casual relationships among the criteria and dimensions of consumers’ usage intention in the Chinese m-payment market.



4.1. Identification of Criteria to Construct the Evaluation Framework


The influencing factors on m-payment consumers’ usage intentions have been discussed in numerous studies. Following the SEM approach, the research framework is initially developed based on an intensive review of the literature and then revised according to the results of three focus-group interviews and five individual interviews with academic experts. The research model includes 14 criteria under the three dimensions of motivation, gamification, and perceived value. Descriptions of the criteria appear in Table 1.



The motivation dimension refers to the factors of influence on consumers’ acceptance intentions of m-payment. This dimension comprises prevention of infection by COVID-19, performance expectancy, expected effort, social influence, and personal innovativeness. The gamification features dimension refers to game design elements that could stimulate consumers’ usage intention. This dimension comprises immersion-related features, achievement-related features, social-related features, autonomy needs, competency needs, and relatedness needs. Perceived value refers to the consumer’s overall evaluation of perceived benefits from the adoption of m-payments. It comprises functional value, emotional value, and social value.




4.2. The Data


The instrument used in this study is mainly designed based on previous research, with ratings made using a five-point Likert scale and verified by academic experts. A pilot test with 20 surveys was first conducted; the validity of the measurement was confirmed. For the main surveys, a total of 241 valid samples were assembled. The demographic information for the respondents is shown in Appendix A Table A2. The majority of the 241 respondents were aged 21 to 30 (68.0%), with only 7.1% below 20; most participants were university or college-educated or currently studying (87.1%) and earning a monthly income of less than RMB 4000 (51.9%).



We now discuss the encoding process, taking motivation (D1) as an example. The dimension of motivation involves five criteria: prevention of COVID-19 (C1), performance expectancy (C2), expected effort (C3), social influence (C4), and personal innovativeness (C5); each criterion has at least three items (see Table 2) [94].



To confirm the scale validity and reliability, the Bartlett’s test of sphericity and Cronbach’s alpha were applied. According to the rule of thumb, as suggested by Kaiser [85] and Field [95], the Kaiser–Meyer–Olkin (KMO) value of 0.891 and the Cronbach’s alpha coefficients of dimensions ranging from 0.928 to 0.863 can be considered as good. The results confirmed that the survey items were relevant to and representative of the target constructs, and the multiple-question Likert scale measurement was reliable. In other words, the validity and reliability of this instrument were considered acceptable.




4.3. Acquiring the Direct and the Total Influence Relations of the Dimensions and Criteria


Unlike the traditional data collecting method of expert judgements used in DEMATEL analysis, the data were collected directly from participants. After encoding the collected data, the direct influence relations were calculated by using Equations (1) and (2). Take dimensions as an example. First, D1 is defined as an exogenous variable, and the other two dimensions (D2 and D3) are defined as endogenous variables. SEM is applied to obtain the direct relations, illustrated as estimates in Table 3 and Table 4. That is, D1 to D2 (0.323) and D1 to D3 (0.435). Following the above process, the D2 and D3 are, respectively, defined as exogenous variables; the direct relations of D2 to D1 (0.297), D2 to D3 (0.462), D3 to D1 (0.526), and D3 to D2 (0.655) are acquired. By analogy, following the same procedures, the direct relations of the criteria for each dimension can be gained by filling in the estimates in the corresponding positions, as depicted in Table 5, Table 6 and Table 7, labeled as Matrix A, and systematically assorted in Table A3. The results further confirm that the direct relations of the dimensions and criteria are statistically significant (p-Value < 0.05).



The total influence relations, depicted in Table 4, Table 5, Table 6 and Table 7 and labeled Matrix T, are obtained by the application of Equations (4)–(8). The influence relations of the dimensions and criteria shown in Matrix A and Matrix T vary. Instead of assuming that all the exogenous variables are independent, which is not in accordance with the real world, DEMATEL considers the interdependent relationships of the factors when exploring the causality. The outcome can be regarded as corresponding more closely to reality and beneficial to practical decision-makers. Furthermore, unlike SEM, DEMATEL, computing the total interactive effects of each dimension and criterion, can provide more factual influencing degrees of factors.



Among the dimensions, as shown in Matrix A, D1-motivation impacts D3-perceived value more than D2-gamification (shown in Table 4); however, as indicated in Matrix T, D1-motivation impacts D2-gamification and D3-perceived value to the same degree. Furthermore, the effective strength of D1-motivation compared to D2-gamification increases from 0.320 in Matrix A to 1.041 in Matrix T. The degree of influence of hidden interactive effects can be discovered, and this issue should be addressed.



The direct and total relations among the criteria of D1-motivation are summarized in Table 5. Based on the order of the effective strengths, the top two in Matrix A are C1-prevention of COVID-19 infection to C4-social influence, followed by C4-social influence to C2-performance expectancy; however, according to the results in Matrix T, C4-social influence affects C2-performance expectancy the most, followed by the effect of C1-COVID-19 infection prevention on C4-social influence. In other words, in D1-motivation, the influence relations are altered because of the interactive effects among the criteria.



The direct and the total relations among the criteria of D2- gamification are summarized in Table 6. Based on the order of the effective strengths, the top three in Matrix A are C7-achievement features to C8-social features, followed by C6-immersion features to C7-achievement features and C10-competency needs to C11-relatedness needs; however, according to the results in Matrix T, C8-social features affects C7-achievement features the most, followed by C7-achievement features to C11-relatedness needs and C9-autonomy needs to C8-social features.



The direct and the total relations among the criteria of D3- perceived value are clarified in Table 7. In this dimension, the results in Matrix A and Matrix T are similar, both identifying that the greatest impact is from C13-emotional values to C14-social value, followed by C12-functional value to C14-social value.




4.4. Exploring the Influence Degrees of the Dimensions and the Criteria


Table 8 identifies the influence degree (r), the influenced degree (c), the total influence degree (p), and the net influence degree (g) of the dimensions and the criteria. Among the dimensions, according to the r values, D3 has the highest influence degree, followed by D2 and D3; the results for the c values confirm that D2 has the highest influenced degree; as to the total influence degree and the net influence degree, D1 has both the highest p value and g value. That is, perceived value (D3) has the highest prominence (6.959) and is the cause influencing the other two dimensions of gamification (D2; −0.537) and motivation (D1, −0.136).



The dimension of motivation (D1) consists of five criteria: COVID-19 infection prevention (C1), performance expectancy (C2), expected effort (C3), social influence (C4), and personal innovativeness (C5). Based on the p values, the criteria are ranked in the following order of prominence: social influence (C4; 7.594), expected effort (C3; 6.657), COVID-19 infection prevention (C1; 6.445), performance expectancy (C2; 6.429), and personal innovativeness (C5; 4.113). Meanwhile, the g values show that net causes include COVID-19 infection prevention (C1; 0.947), expected effort (C3; 0.572), and social influence (C4; 0.272).



In the dimension of gamification (D2), the p value results identify achievement features (C7; 12.156) as the most prominent, followed by social features (C8; 12.117), autonomy needs (C9; 11.670), immersion features (C6; 10.889), relatedness needs (C11; 10.640), and competency needs (C10; 10.404). The g values verify that the causes are immersion features (C6; 1.650), achievement features (C7; 0.916), and autonomy needs (C9; 0.178).



The dimension of gamification (D3) includes the three criteria of functional value (C12), emotional value (C13), and social value (C14). Based on the p values, they are ranked in order of prominence as follows: social value (C14; 3.634), emotional value (C13; 3.516), and functional value (C12; 3.059). The g values confirm that the causes are functional value (C12; 0.630) and emotional value (C13; 0.498).



Certainly, incorrect causality exploration will result in an improper decision. The INRM helps the decision-maker avoid causal errors by visualizing the interrelationship between indicators and identifying causal relationships among the factors. The INRMs clearly illustrated the causality based on the total influence and the net influence of the dimensions and the criteria as represented in Figure 4.



In this empirical case, the findings conclude that the causality of the original literature-driven hypotheses proposed in the SEM model and the results of the SEM-DEMATEL method are different.





5. Discussion


This section involves comparing the discrepancies in the pre-hypothesized literature-driven SEM research model and the results by SEM-DEMATEL method, canvassing the theoretical implications and contributions of the SEM-DEMATEL method, discussing the managerial implications, and proffering suggestions to m-payment platforms.



5.1. Comparison of the Presumed Hypotheses SEM Model and SEM-DEMATEL Method Results


In SEM, the research framework is constructed based on previous research [21]. The proposed model constructed after an intensive literature review is shown on the left of Figure 5. Three hypotheses are proposed.



Hypothesis 1.

Gamification has a positive effect on motivation [96].





Hypothesis 2.

Perceived Value has a positive effect on motivation [97].





Hypothesis 3.

Gamification has a positive effect on perceived value [98].





However, according to the net influence values obtained in this empirical study, perceived value is confirmed as a causal dimension, influencing the other two dimensions of motivation and gamification, as depicted on the right of Figure 5. Note that this changes the initially proposed research framework as follows:




	
Perceived value has a positive effect on gamification;



	
Perceived value has a positive effect on motivation;



	
Motivation has a positive effect on gamification.









5.2. Theoretical Implications


The SEM and DEMATEL methods have been widely applied and verified as efficient causality exploration research approaches. Both methods have their strengths and weaknesses. SEM has the advantage of being able to acquire estimates of the latent, exogenous, and endogenous variables and the manifestation of causalities between indicators comparatively effortlessly but has the limitation of requiring complicated parameter estimations and literature-driven presumed hypotheses to construct the research framework. DEMATEL, with the features of confirmation of interdependence and the simplification and visualization of confused causal relationships among the criteria and the dimensions, can effectively solve entangled and intricate problems but is dependent upon the subjective preferences of experts.



Significantly, the SEM and DEMATEL methods complement each other, and, therefore, we propose the SEM-DEMATEL research method. This novel method can not only maintain the respective advantages of both of SEM and DEMATEL but also compensate for their ineluctable limitations. This has theoretical implications.




5.3. Managerial Implications


It has been verified that DEMATEL can simplify complicated problems by visualizing complex causality relationships. These advantages assist decision-makers in identifying imperfections in existing systems and allocating limited resources for the most efficient improvement. Thus, based on the findings, the following suggestions are proposed.



Among the three dimensions, the results identify perceived value (D3) as a causal dimension, which simultaneously affects motivation (D1) and gamification (D2). In other words, perceived value (D3) is the most essential influencing indicator of m-payment usage intention. It is recommended that m-payment platforms endeavor to develop effective strategies to increase user satisfaction with perceived value. Meanwhile, the INRM for perceived value (D3) indicates that the criteria of emotional value (C13) and functional value (C12) are causes, which affect social value. In particular, emotional value (C13) has the highest total influence degree and should be considered as a crucial element for the m-platform to maintain its competitive advantages. These findings are consistent with the research of Sheth et al. [61].



In order to increase the m-payment user’s level of satisfaction and emotional value (C13) and further reinforce their loyalty and usage intention, it is suggested that m-payment platforms develop more attractive, entertaining, and novel components by implementing innovative artificial intelligence (AI) technologies like virtual reality (VR), designing more interesting games, providing more interesting interactive activities, or avatar role-playing during the application process. Emotional value can be improved by increased user enjoyment and stimulating their curiosity. To improve functional value (C12), it is suggested that the platform can enrich the functions of the m-payment system with more innovative and creative AI systems, such as offering an online virtual assistant to aid consumers with handling a variety of electricity, water, tax, or credit card bill payments; offering bill due reminder services; and providing consumers with abundant information about traveling, shopping, health-care, or updated infection prevention knowledge; augmenting a variety of new services to raise m-payment user’s perception of functional value.



Within the dimension of motivation (D1), the net influence values show that the criteria of COVID-19 infection prevention (C1), expected effort (C3), and social influence (C4) to be causes, with social influence (C4) being the most influential criterion. In other words, among the criteria in the dimension of motivation (D1), social influence (C4) is the most essential factor that influences usage intention. Therefore, it is suggested that m-payment platforms either create their own apps or use widely applied social platforms, such as Facebook, YouTube, and Instagram to develop strategies, such as the use of incentive rewards and emotional provocation and encouraging users to generate contents, to push ratings, and to increase network traffic.



Within the dimension of gamification (D2), the net influence values indicated that the three criteria of immersion features (C6), achievement features (C7), and autonomy needs (C9) are causal factors. According to the total influence values, achievement features (C7) is the most influential criterion. This result is consistent with the results of Suh et al. [73]. Thus, it is suggested that the m-payment platforms introduce gamification elements such as trophies, badges, leaderboards, and points during the process of accessing m-payment; furthermore, m-payment platforms could also hold competitions regularly and reward winners with points, prizes, discounts, or medals.



To summarize, the results identify the key causes and the most influential criteria for the whole research model and the three dimensions. Among the dimensions, perceived value (D3) plays the most significant role in reinforcing the consumer’s m-payment usage intention. In the dimension of perceived value (D3), social value is the most important factor for improving usage intention. In addition, achievement features (C7) and social influence (C4) are the key factors in gamification (D2) and motivation (D1), respectively.



Precise causality exploration is a prerequisite for efficacious decision-making. The results of this empirical study indicate the causal relationships between the dimensions and the criteria to assist decision-makers in the development of strategies for improvement and practical suggestions for the development of m-payment platforms.





6. Conclusions


A precise causality exploration method is the foundation of effective decision-making. Both SEM and DEMATEL have been confirmed as efficient tools for the verification of causal relationships between complicated variables, but each has its advantages, distinguishing features, and limitations. The SEM method can be used to make estimates of latent, exogenous, and endogenous variables, and verification of the reciprocal causal relations between indicators can be completed simultaneously and facilely. The data-driven results are comparatively convincing. However, this method also requires complex parameter estimations or over-trimming of the initially proposed literature-driven model. The DEMATEL approach allows rigorous confirmations of interdependence and clear visualization of the confused causal relationships among criteria attract; however, it is reliant upon subjective expert judgements for preferences.



This study explores the SEM-DEMATEL method, which combines the advantages of SEM and DEMATEL while overcoming their limitations. The results of causality exploration by this novel method differ from those obtained with the traditional literature-driven SEM research model. Without the complex parameter estimation requirements, this SEM-DEMATEL method is more operationally facile, making it easier for the practitioner to use, and there is no need for over-trimming of the models, so the causality explorations can be more precise.



This novel method was employed in an empirical case study to explore the key factors of m-payment usage intention. The dimension and criteria were categorized into two cause and effect groups based on the net influence degree results. The key influencing factors were identified after exploring the total influence degrees of the dimensions and criteria in the causal groups. The results differed from those obtained with the presumed hypotheses research model and confirm that perceived value simultaneously positively impacts both motivation and gamification, while motivation positively affects gamification. In other words, perceived value plays a significant role in affecting the usage intention of m-payment users, while emotional value is the most crucial factor for improving the consumer’s perceived value, followed by functional value. Based on the findings, some practical suggestions were also proposed. This study makes valuable contributions academically and practically.



Some limitations remain. Firstly, this novel SEM-DEMATEL method was only employed on one case; this could be one of the limitations for verifying the advantages and limitations of this research method. Secondly, the target participants were Alipay and WeChat Pay users only. Thus, obtaining questionnaire responses from more countries and a more diverse group of users would be necessary to generalize the results to global m-payment businesses and allow for a more multifaceted approach.



Future empirical research is suggested to experiment with and make improvements to this new method. Furthermore, while adhering to the core concepts of the SEM-DEMATEL method, different approaches could be added, such as a modified VIKOR method, to clarify the gap between the performance and aspiration levels of the criteria/dimensions. The results of future research can be compared with those described above.







Author Contributions


Conceptualization, C.C.F., J.J.H.L., and S.-W.H.; methodology, S.-W.H.; software, C.C.F. and S.-W.H.; formal analysis, C.C.F. and S.-W.H.; investigation, Y.-C.W.; validation, S.-W.H.; resources, S.-W.H., Y.-C.W., and H.-H.H.; data curation, J.J.H.L.; writing—original draft preparation, C.C.F. and S.-W.H.; reviewing and editing, J.J.H.L.; visualization, S.-W.H. and J.J.H.L.; supervision, G.-H.T. and J.J.H.L.; project administration, G.-H.T. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Ministry of Science and Technology, Taiwan, grant number MOST 107-2410-H-305-038-MY3, MOST 108-2221-E-305-002-MY3 and MOST 109-2410-H-305-056.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Acknowledgments


The authors are extremely grateful for the editorial team’s valuable comments on improving the quality of this article.




Conflicts of Interest


The authors declare no conflict of interest.





Appendix A




[image: Table] 





Table A1. List of symbols.






Table A1. List of symbols.





	Term
	Definition





	i
	Row



	j
	Column



	m
	Number of Criteria



	  A  
	Direct influence relationship matrix



	  N  
	Normalized direct influence relationship matrix



	  Ω  
	Maximum of the sum of rows and columns



	  T  
	Total influence relationship matrix



	  r  
	Degree of influence



	  c  
	Degree influenced



	  g  
	The degree of net influence



	  p  
	Total influence degree



	ξ
	Latent independent variable



	  η  
	Latent dependent variables



	  γ  
	Direct influence of variables



	  ς  
	Error
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Table A2. Demographic profile of the respondents (N = 241).






Table A2. Demographic profile of the respondents (N = 241).





	
Characteristics

	
Items

	
Count

	
Percentage (%)






	
Gender

	
Male

	
113

	
46.9




	
Female

	
102

	
53.1




	
Age

	
Below 20

	
33

	
13.7




	
20–29

	
164

	
68.0




	
30–39

	
29

	
12.0




	
40 and Above

	
15

	
6.3




	
Education Level

	
Below high school

	
2

	
0.8




	
High school

	
29

	
12.0




	
College/University

	
189

	
78.4




	
Master’s and above

	
21

	
8.7




	
Occupation

	
Student

	
159

	
66




	
Businessman/woman

	
56

	
23.2




	
Teacher

	
3

	
1.2




	
Retired

	
3

	
1.2




	
Other

	
20

	
8.3




	
Monthly Income

	
Less than RMB 4000

	
125

	
51.9




	
RMB 4001–RMB 6000

	
34

	
14.1




	
RMB 6001–RMB 8000

	
10

	
4.1




	
RMB 8001–RMB 10,000

	
19

	
7.9




	
Greater than RMB 10,000

	
44

	
18.3
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Table A3. The direct influences of criteria.






Table A3. The direct influences of criteria.





















	Dep.
	
	Ind.
	Estimate
	S.E.
	C.R.
	P
	Dep.
	
	Ind.
	Estimate
	S.E.
	C.R.
	P





	C2
	<---
	C1
	0.710
	0.123
	5.769
	***
	C7
	<---
	C6
	0.988
	0.136
	7.285
	***



	C3
	<---
	C1
	0.626
	0.104
	6.006
	***
	C8
	<---
	C6
	0.764
	0.126
	6.057
	***



	C4
	<---
	C1
	0.946
	0.146
	6.475
	***
	C9
	<---
	C6
	0.820
	0.135
	6.072
	***



	C5
	<---
	C1
	0.542
	0.127
	4.258
	***
	C10
	<---
	C6
	0.633
	0.125
	5.078
	***



	C1
	<---
	C2
	0.450
	0.078
	5.771
	***
	C11
	<---
	C6
	0.695
	0.131
	5.283
	***



	C3
	<---
	C2
	0.555
	0.062
	9.012
	***
	C6
	<---
	C7
	0.695
	0.099
	7.014
	***



	C4
	<---
	C2
	0.701
	0.085
	8.258
	***
	C8
	<---
	C7
	1.272
	0.140
	9.107
	***



	C5
	<---
	C2
	0.257
	0.084
	3.060
	***
	C9
	<---
	C7
	0.777
	0.108
	7.208
	***



	C1
	<---
	C3
	0.633
	0.105
	6.004
	***
	C10
	<---
	C7
	0.691
	0.108
	6.371
	***



	C2
	<---
	C3
	0.917
	0.101
	9.070
	***
	C11
	<---
	C7
	0.684
	0.108
	6.308
	***



	C4
	<---
	C3
	0.818
	0.118
	6.937
	***
	C6
	<---
	C8
	0.648
	0.106
	6.100
	***



	C5
	<---
	C3
	0.356
	0.114
	3.131
	***
	C7
	<---
	C8
	0.789
	0.088
	8.957
	***



	C1
	<---
	C4
	0.647
	0.116
	5.563
	***
	C9
	<---
	C8
	0.805
	0.101
	7.981
	***



	C2
	<---
	C4
	0.932
	0.131
	7.123
	***
	C10
	<---
	C8
	0.602
	0.094
	6.413
	***



	C3
	<---
	C4
	0.868
	0.129
	6.707
	***
	C11
	<---
	C8
	0.735
	0.104
	7.080
	***



	C5
	<---
	C4
	0.711
	0.150
	4.728
	***
	C6
	<---
	C9
	0.595
	0.097
	6.120
	***



	C1
	<---
	C5
	0.289
	0.068
	4.261
	***
	C7
	<---
	C9
	0.729
	0.100
	7.285
	***



	C2
	<---
	C5
	0.220
	0.072
	3.066
	***
	C8
	<---
	C9
	0.835
	0.103
	8.092
	***



	C3
	<---
	C5
	0.171
	0.055
	3.129
	***
	C10
	<---
	C9
	0.794
	0.105
	7.548
	***



	C4
	<---
	C5
	0.415
	0.079
	5.234
	***
	C11
	<---
	C9
	0.767
	0.100
	7.674
	***



	C13
	<---
	C12
	0.599
	0.084
	7.156
	***
	C6
	<---
	C10
	0.410
	0.081
	5.061
	***



	C14
	<---
	C12
	0.915
	0.112
	8.141
	***
	C7
	<---
	C10
	0.522
	0.081
	6.457
	***



	C12
	<---
	C13
	0.545
	0.076
	7.162
	***
	C8
	<---
	C10
	0.563
	0.087
	6.474
	***



	C14
	<---
	C13
	1.181
	0.113
	10.440
	***
	C9
	<---
	C10
	0.593
	0.078
	7.612
	***



	C12
	<---
	C14
	0.355
	0.045
	7.949
	***
	C11
	<---
	C10
	0.863
	0.089
	9.719
	***



	C13
	<---
	C14
	0.541
	0.053
	10.275
	***
	C6
	<---
	C11
	0.410
	0.077
	5.296
	***



	
	
	
	
	
	
	
	C7
	<---
	C11
	0.488
	0.077
	6.308
	***



	
	
	
	
	
	
	
	C8
	<---
	C11
	0.589
	0.084
	6.985
	***



	
	
	
	
	
	
	
	C9
	<---
	C11
	0.594
	0.078
	7.630
	***



	
	
	
	
	
	
	
	C10
	<---
	C11
	0.769
	0.081
	9.508
	***







Note: “***” stands for “p-Value < 0.05”. Dep. stands for Dependent Variable; Ind. stands for Independent Variable.
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Figure 1. Analytical processes. 
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Figure 2. The process of constructing the direct influence Matrix A. 
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Figure 3. Constructing the INRM. 
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Figure 4. INRMs of the dimensions and criteria. 
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Figure 5. The initial SEM model and the INRM of dimensions. 






Figure 5. The initial SEM model and the INRM of dimensions.



[image: Mathematics 09 01185 g005]







[image: Table] 





Table 1. The constructed evaluation framework.
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Mobile-Payment Application Intentions




	
Dimensions/Criteria

	
Explanations

	
References






	
Motivation (D1)

	

	




	
COVID-19 Infection Prevention (C1)

	
Refers to the degree to which the concept of prevention of COVID-19 infection affects user’s usage intention

	
[37]




	
Performance Expectancy (C2)

	
Refers to the degree of performance which could be achieved by the m-payment platform

	
[47,92]




	
Expected effort (C3)

	
Refers to the degree of easiness perceived by mobile payment users

	
[47]




	
Social Influence (C4)

	
Refers to the degree of influence from other people such as friends, families, or other third parties on mobile payment user’s usage intention

	
[42]




	
Personal Innovativeness (C5)

	
Refers to the consumer’s characteristics and behavior regarding the adoption of new technology

	
[42,92]




	
Gamification Features (D2)




	
Immersion-Related Features (C6)

	
Refers to gamification features, such as avatars, role-play, story-telling, narrative structures, customization, etc., aimed at immersing the user in self-directed inquisitive activities

	
[71,72]




	
Achievement-Related Features (C7)

	
Refers to gamification features, such as points, badges, leaderboard, etc., for monitoring their performance and progress and further sharing their achievement and performance with other users

	
[67,73]




	
Social-Related Features (C8)

	
Refers to gamification features, such as messages, blogs, and connection paths to social networks, which could strengthen user’s interpersonal relationships on e-commerce platforms

	
[67,71]




	
Autonomy Needs (C9)

	
Refers to the degree of satisfaction with user’s sense of self-direction and using their own volition and willingness when participating in activities

	
[75]




	
Competency Needs (C10)

	
Refers to the degree of satisfaction for the user’s sense of self-growth and self-mastery for conquering difficulties and challenges and developing skills

	
[75,93]




	
Relatedness Needs (C11)

	
Refers to the degree of satisfaction with the user’s sense of belonging and involvement with social connections

	
[93]




	
Perceived Value (D3)

	

	




	
Functional Value (C12)

	
Refers to the perceived and expected functional performance of the m-payment platform

	
[62]




	
Emotional Value (C13)

	
Refers to the feelings or mental status generated through the adoption of the m-payment platform

	
[62]




	
Social Value (C14)

	
Refers to the perceived enhancement of social relationships through the adoption of the m-payment platform

	
[62]
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Table 2. The encoded data.






Table 2. The encoded data.





	

	
D1-Motivation




	
Respondent No.

	
C1

	
C2

	
C3

	
C4

	
C5




	
Q1

	
Q2

	
Q3

	
Q1

	
Q2

	
Q3

	
Q1

	
Q2

	
Q3

	
Q1

	
Q2

	
Q3

	
Q1

	
Q2

	
Q3






	
1

	
4

	
5

	
5

	
5

	
5

	
5

	
4

	
5

	
4

	
5

	
3

	
4

	
3

	
4

	
2




	
2

	
4

	
5

	
5

	
5

	
5

	
5

	
5

	
5

	
5

	
5

	
4

	
3

	
3

	
4

	
2




	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝

	
⁝




	
241

	
3

	
5

	
5

	
4

	
5

	
5

	
4

	
5

	
5

	
3

	
5

	
4

	
5

	
4

	
5
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Table 3. The direct influence of the dimensions.
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	Dep.
	
	Ind.
	Estimate
	S.E.
	C.R.
	
	Dep.
	
	Ind.
	Estimate
	S.E.
	C.R.
	





	D2
	<---
	D1
	0.323
	0.095
	3.397
	***
	D3
	<---
	D2
	0.462
	0.093
	4.987
	***



	D3
	<---
	D1
	0.435
	0.098
	4.450
	***
	D1
	<---
	D3
	0.526
	0.118
	4.455
	***



	D1
	<---
	D2
	0.297
	0.087
	3.400
	***
	D2
	<---
	D3
	0.655
	0.131
	4.990
	***







Note: “***” stands for “p-Value < 0.05”; Dep. stands for Dependent Variable; Ind. stands for Independent Variable.
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Table 4. The direct and total influence relations matrix of the dimensions.
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	A
	D1
	D2
	D3
	T
	D1
	D2
	D3





	D1
	0.000
	0.320
	0.440
	D1
	0.726
	1.041
	1.041



	D2
	0.300
	0.000
	0.460
	D2
	0.932
	0.835
	1.054



	D3
	0.530
	0.660
	0.000
	D3
	1.286
	1.482
	1.048
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Table 5. The direct and total influence relations matrix of D1- motivation.






Table 5. The direct and total influence relations matrix of D1- motivation.





	A
	C1
	C2
	C3
	C4
	C5
	T
	C1
	C2
	C3
	C4
	C5





	C1
	0.000
	0.710
	0.630
	0.950
	0.540
	C1
	0.522
	0.876
	0.747
	0.926
	0.625



	C2
	0.450
	0.000
	0.560
	0.700
	0.260
	C2
	0.522
	0.529
	0.593
	0.707
	0.441



	C3
	0.630
	0.920
	0.000
	0.820
	0.360
	C3
	0.677
	0.910
	0.571
	0.887
	0.569



	C4
	0.650
	0.930
	0.870
	0.000
	0.710
	C4
	0.722
	0.962
	0.829
	0.734
	0.687



	C5
	0.290
	0.220
	0.170
	0.410
	0.000
	C5
	0.306
	0.361
	0.302
	0.407
	0.208







Note: Cronbach’s α = 0.863.













[image: Table] 





Table 6. The direct and total influence relations matrix of D2- gamification.
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	A
	C6
	C7
	C8
	C9
	C10
	C11
	T
	C6
	C7
	C8
	C9
	C10
	C11





	C6
	0.000
	0.990
	0.760
	0.820
	0.630
	0.690
	C6
	0.747
	1.103
	1.182
	1.093
	1.040
	1.105



	C7
	0.700
	0.000
	1.270
	0.780
	0.690
	0.680
	C7
	0.923
	0.946
	1.309
	1.126
	1.088
	1.145



	C8
	0.650
	0.790
	0.000
	0.800
	0.600
	0.730
	C8
	0.823
	0.995
	0.943
	1.016
	0.964
	1.038



	C9
	0.600
	0.730
	0.830
	0.000
	0.790
	0.770
	C9
	0.829
	1.004
	1.131
	0.873
	1.018
	1.068



	C10
	0.410
	0.520
	0.560
	0.590
	0.000
	0.860
	C10
	0.655
	0.796
	0.893
	0.827
	0.692
	0.907



	C11
	0.410
	0.490
	0.590
	0.590
	0.770
	0.000
	C11
	0.643
	0.776
	0.880
	0.811
	0.833
	0.717







Note: Cronbach’s α = 0.928.
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Table 7. The direct and total influence relations matrix of D3- perceived value.
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	A
	C12
	C13
	C14
	T
	C12
	C13
	C14





	C12
	0.000
	0.600
	0.910
	C12
	0.312
	0.614
	0.918



	C13
	0.540
	0.000
	1.180
	C13
	0.542
	0.424
	1.040



	C14
	0.350
	0.540
	0.000
	C14
	0.360
	0.471
	0.423







Note: Cronbach’s α = 0.898.
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Table 8. The degree of influence of the dimensions and criteria.
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Code

	
Dimensions/Criteria

	
r

	
c

	
Total Influence

	
Net Influence






	
D1

	
Motivation

	
2.808

	
3

	
2.944

	
3

	
5.752

	
3

	
−0.136

	
Effect




	
C1

	
COVID-19 infection prevention

	
3.696

	
2

	
2.749

	
4

	
6.445

	
3

	
0.947

	
Cause




	
C2

	
Performance expectancy

	
2.792

	
4

	
3.637

	
2

	
6.429

	
4

	
−0.845

	
Effect




	
C3

	
Expected effort

	
3.615

	
3

	
3.042

	
3

	
6.657

	
2

	
0.572

	
Cause




	
C4

	
Social influence

	
3.933

	
1
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Effect
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Effect
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5.779

	
4

	
6.338

	
1

	
12.117

	
2
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Effect
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4
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6
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Relatedness needs
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6
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2

	
10.640

	
5
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Effect
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Perceived Value

	
3.816

	
1
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2

	
6.959

	
1

	
0.673

	
Cause
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Functional value

	
1.844

	
2
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3

	
3.059

	
3

	
0.630
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C13

	
Emotional value

	
2.007
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3.516

	
2
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Social value

	
1.253

	
3

	
2.381

	
1

	
3.634

	
1

	
−1.128

	
Effect
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