

  mathematics-11-01311




mathematics-11-01311







Mathematics 2023, 11(6), 1311; doi:10.3390/math11061311




Article



Consumer Acceptance and Adoption of AI Robo-Advisors in Fintech Industry



Asrar Ahmed Sabir 1,*[image: Orcid], Iftikhar Ahmad 2[image: Orcid], Hassan Ahmad 3, Muhammad Rafiq 4[image: Orcid], Muhammad Asghar Khan 5[image: Orcid] and Neelum Noreen 6,7[image: Orcid]





1



Division of Management & Administrative Science, UE Business School (UEBS), University of Education, Lahore 54770, Pakistan






2



Faculty of Computing and Information Technology, King Abdulaziz University, Jeddah 21589, Saudi Arabia






3



Business School, Liaoning University, Shenyang 110000, China






4



Graduate Business School, UCSI University, Kuala Lumpur 56000, Malaysia






5



Department of Electrical Engineering, Hamdard Institute of Engineering and Technology, Hamdard University, Islamabad 44000, Pakistan






6



Department of Information Technology, School of Science and Engineering, Malaysia University of Science and Technology, Petaling Jaya 47810, Malaysia






7



Department of Computer and Information Sciences, Gulf Colleges, Hafr Al Batin 39952, Saudi Arabia









*



Correspondence: asrar.ahmed@ue.edu.pk







Academic Editor: José Antonio Filipe



Received: 4 January 2023 / Revised: 21 February 2023 / Accepted: 23 February 2023 / Published: 8 March 2023



Abstract

:

Artificial intelligence (AI) has provided significant help in many fields of life. This study proposed a framework that helped in understanding customers’ attitudes about the adoption of Robo-advisors. The role of the Technology Readiness Index moderated as one of the primary relationships. A total of 208 potential users of Robo-advisor services provided the data that confirmed the validity of the model. This model provided the input for structural equation modeling and analysis of the study hypotheses. The results indicated that consumers showed positive attitudes about Robo-advisor services, with the moderating effect of Technology Readiness Index dimensions, namely, contributors and inhibitors. Perceived ease of use, perceived usefulness, and perceived convenience influenced consumers in developing positive attitudes about this service. Financial businesses can design better AI Robo-advisor services to fulfill the requirements of a wide range of consumers. This proposed framework contributes to the consumers’ understanding of behavioral intentions for the use of Robo-advisors in FinTech.
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1. Introduction


Advancements in technology are changing both the economy and people. The challenge is to introduce new innovative service technologies called artificial intelligence (AI), robots, and droids [1,2], especially related to interactions in frontline service operations [3]. The use of AI technologies may become antagonistic, with a high penetration rate in the job sector. Despite the absence of an agreed-upon study methodology or predicted economic implications, AI has the potential to displace up to 1 billion people worldwide and render 375 million occupations obsolete during the next decade [4]. There is a possibility that AI technology may take over nearly half of the present occupations in the next 20 years [5].



AI-based systems may replace humans in the near future in many industries [6]. According to research, artificial intelligence (AI) systems will eventually have mechanical intelligence, analytical aptitude, instinctiveness, and even vicariousness, all of which will help human workers do tasks more effectively [6]. Such a threat should not mean that technology is debauched. It is still of great help to the industry and consumers. Artificial intelligence is also serving in the service sector, such as finance. Financial technology (FinTech) is becoming a critical component for financial institutions [7]. It is now beyond the boundaries of e-banking and is providing groundbreaking technological tools to meet consumers’ financial requirements.



Artificial intelligence is providing higher worth to users and increasing organizations’ revenue in the financial sector [8]. Due to the significant rise of more than 9% p.a. in Assets under Management (AuM) in Europe over the last few years, conventional advisers, established Wealth Managers, and banks are increasingly looking to Robo-advisors, which, as compared to human wealth managers, cost as much as 52% less [9]. Bank of America is providing a unique AI assistant called Erica, with the purpose of providing necessary answers to consumer queries [10]. In Tokyo, Tokyo Bank has incorporated in some of its branches a humanoid teller called Nao, which is helping customers side by side with staff [11]. The consumer wishes to make the future better and cope with financial issues [12,13]. The usage of Robo-advisors in the financial sector is on the rise at financial companies and is becoming of great interest among consumers [14,15].



The difference between a computer or system without and with artificial intelligence is that the latter can be configured to look for patterns, demonstrate self-learning by adjusting via experience, and self-select a choice from a set of possibilities. Meanwhile, automation is software that runs operations according to pre-programmed instructions and is typically used for monotonous and repetitive jobs [6].



Fintech progression has been getting consideration from vendors, clienteles, governing authorities, and other societal establishments [16]. The purpose of technology in the financial segment is to support people in making decisions regarding asset management. An artificial intelligence Robo-advisor is one technology that may automatically allocate the money to different financial services, such as bonds and stocks, thus managing the personalized portfolio [17]. AI and the financial sector together have the potential to increase efficiency. Robo-advisors are termed as digital platforms encompassing smart user assistant mechanisms and cooperative tools that use IT practices to lead customers in an asset advisory practice [18]. The use of traditional financial services with innovative technologies has been producing better service, such as online lending, crowdfunding, and Robo-advisors [19]. Artificial intelligence Robo-advisors can generate a digital platform for customers’ portfolio management and assessment [18]. Due to profit maximization, job cutting in the form of introducing such technologies as Robo-advisors is providing better and personalized financial services to individual investors [7]. The previous study showed that more is required to improve the eminence of Robo-advisors to enhance the embracement of this innovative technology by customers [7]. The study discovered that personalization is a noteworthy factor of Robo-advisors compared to traditional human services [20].



It is an innovative service, with the first drive to deliver benefits for healthy economic growth and social performance. Robo-advisors with cloud computing, customer profiling, and big data can improve the efficiency of financial institutions. Additionally, financial institutions are linked with the concept of sustainability [21], so the use of Robo-advisors may increase the sustainable economy and social vivacity. However, technology still has downsides in consumer minds, and one of them is the trust factor with Robo-advisors, which further leads to a sluggish embracing state [7,22]. The early adopters of innovative technology are willing to use this new advisory service and rely on its unique AI capabilities [23]. Financial institutions are introducing such services on a mass scale to those who have initially been uncertain about the value of such novelty [24].



Despite the fact that there is a lack of confidence in Robo-advisors, they still provide many types of services to organizations and individuals in developed nations. Robo-advisors, compared to old-style financial amenities, have low-cost fees and are accessible 24/7 [8,25]. These artificial intelligence-based services are assumed to provide better advisory facilities to a broader variety of clients [26]. As to be competitive, financial institutions are deploying such AI Robo-advisors. Financial institutions’ employees need supervision on how to engage with Robo-advisor services to retain existing clients and entice new customers. However, research on Robo-advisors is inadequate. Mostly, the focus of study has been on legal and technological issues [27,28], which has overlooked the customer viewpoint. The research done so far on Robo-advisors’ automated systems [7] focuses on increasing interactions between users and Robo-advisors. Nonetheless, a broader spectrum of study is needed to understand consumer psychology regarding the espousal of Robo-advisory services. It needs the expansion of a framework that can explain the key components and consumers’ impetuses toward these services.



Robo-advisors are gaining fame among customers, but little is known about their adoption of such services. One factor that influences consumers to use such innovative services is the financial experience. It is implied through research that people well equipped with knowledge and information about the financial markets might be more exposed to the usage of Robo-advisors [14]. Robo-advisors help those customers who are less experienced in financial markets. Every consumer has his or her ideas and beliefs about someone or something. The same beliefs about Robo-advisors may develop with the level of financial experiences one has in this situation. The level of experience with individuals’ self-capabilities can lead to diverse emotional responses to Robo-advisors [29]. As stated by Bandura, Reese [30], firmer belief in an individual’s abilities regulates the level of excitement related to an incident. Higher credence in one’s own capability can lead to lower negative (i.e., nervousness) and higher positive (i.e., delight) responses in reaction to a task [30,31,32]. Research has shown that when the consumer feels joy, adoption of technology is high; however, the contrary is true for the anxious [33,34].



People with higher financial experience may have higher or lower emotional responses to Robo-advisors. Previous studies reveal that in the adoption method of technological tools [35,36,37], higher positive reactions might increase consumers’ willingness to espouse Robo-advisors. The examination of such factors is the significant point in considering the connection between people’s financial experience and their inclination toward Robo-advisor adoption. Here, we need to understand the purpose of Robo-advisors to provide usefulness and convenience to the end customer. Thus, PU of the technology with the PC are the key elements of the framework with the TAM; PEOU. The use of TAM variables with artificial intelligence Robo-advisors may help to develop the attitude of consumers. Attitudes may help in understanding the drive behind using such innovative technologies and then its adoption.



This investigation’s purpose is to comprehend customer attitudes and perceptions on the adoption of innovative technologies. Consumers with a good level of skill and experience in financial markets have higher chances of intending to use Robo-advisors. The TAM model presented in the current study framework with Robo-advisors perceived usefulness and PEOU, together with the consumer attitudes, as an impact on the intention to use Robo-advisors services. Furthermore, perceived convenience is also used as a part of the framework to understand the benefits associated with Robo-advisors in the form of the time, quality, and suitability of the service. Furthermore, the moderating role of the technology readiness index (TRI) is used, with consideration as to how much a consumer is willing to accept the technology. In sum, for a consumer to adopt such technologies in the finance industry, key points need to be addressed, such as Robo-advisors’ usefulness, convenience, and ease of use. The moderating role of TRI on PU, PEOU, and perceived convenience, as well as the change in consumer attitudes and their impact on the acceptance of technology, is also studied. The data was collected from 208 respondents and analyzed by smart PLS software.



The rest of the paper is organized as follows. Section 2 describes the literature review. The description of the material and methods is presented in Section 3. The results are analyzed in Section 4 and discussed in Section 5. Section 6 concludes the paper.




2. Literature Review


2.1. TAM and Perceived Ease of Use of Robo-Advisors


TAM is a broadly used theory for consumer intention to accept innovative technology and is used in the understanding of both finance and online situations [38,39]. TAM is disparaged for not using social influences for technology acceptance [40]. Therefore, in the proposed framework, the technology readiness index (TRI) [41] has been introduced to understand consumers’ optimism, innovativeness, discomfort, and insecurity issues.



Perceived ease of use (PEOU) also affects perceived convenience and absolutely affects the attitude of an individual [42]. In other studies, attitude mediated the effect of the PEOU of the intention to use the technology [43]. Convenience can be time, money, place, or effort for a particular product or service in a situation for an individual [44]. The use of Robo-advisors may be perceived as a convenience for many consumers when they lack time, money, or travel issues under the TAM model.



The Robo-advisor is a fairly newfangled idea in the field of artificial intelligence. Consumers’ awareness level of innovative technology may vary [45]. Research has revealed that consumers tend to have different influences of age and gender characteristics [46]. Thus, TRI with TAM can give a better perspective on the acceptance of Robo-advisors. To understand consumers’ perception of innovative technology, first one needs to understand their behavioral intentions toward it [47]. So, to understand behavioral intentions, first we need to understand the attitude of the individual [48] and its perceived usefulness for that specific technology [49]. Therefore, Robo-advisors’ perceived ease of use (PEOU) may play a contributory role and may positively affect the perceived usefulness of it [49]. Thus, we proposed the following hypotheses:



Hypothesis 1a.

PEOU of Robo-advisors positively affects perceived convenience.





Hypothesis 1b.

PEOU of Robo-advisors positively affects perceived usefulness.





Hypothesis 1c.

PEOU of Robo-advisors positively affects attitude.






2.2. Perceived Convenience


Convenience can be a product or service for an individual, whether he or she perceives it to be suitable or not [44]. Consumers want everything their way, but that is not the case in reality. Companies try their best to make products or services for the convenience of people. Robo-advisors are perceived as a convenience for those consumers who have less time or no time to travel to a financial institution. A product or service is measured to be an expediency when one wishes to put less effort, time, or energy into it. There are diverse facets of convenience, i.e., place, time, acquisition, use, and execution [50]. Later, research showed that convenience is similar to the use of the TAM model and intention to use, and its convenience is not necessarily related [51]. Some researchers have shown the effects of convenience and TAM, together with the use of only three facets of convenience, specifically, place, execution, and time [51].



Another factor one associates with convenience is the motivation to use a particular product or service [52]. Perceived convenience, as explained before, may affect the PU of a specific service or product. The Robo-advisor convenience affects perceived usefulness under the proposed model of TAM. Furthermore, research on RFID [53] and online shopping [54] showed that PC affected the acceptance of using a specific product or service. Time and energy are of great essence in the use of a particular product or service. Robo-advisors may save the time and efforts of individuals who believe time is money and physical efforts should be less with the use of innovative technology. Yoon and Kim [51] showed through research that PEOU effected PC, and PC certainly affected PU. Thus, we suggest the subsequent hypotheses:



Hypothesis 2a.

Perceived convenience of Robo-advisors positively affects perceived usefulness.





Hypothesis 2b.

Perceived convenience of Robo-advisors positively affects attitude.






2.3. Perceived Usefulness


The theory of reasoned action was the development of TAM, and it further developed into the model for users’ acceptance of an innovative technology [49]. Users believe that PEOU is a concept where one does not need to put too much effort into the use of technology, whereas another concept of perceived usefulness states that it is how much a user can enhance its efficiency with the use of technology. Furthermore, TAM provides the foundation for the associations amid attitudes and the purpose to use the specific product [49,55]. Perceived usefulness is considered to be one of the most significant aspects when explaining the acceptance of new technology [56,57,58].



When technology is believed to be beneficial, it motivates the consumer to adopt it [59,60]. TAM has been applied in many different studies and considered to be beneficial. The perceived usefulness of it was found in different technological systems, including the use of mobile services [61,62], www services [33], online social groups and communities [63], online portfolio structures [64], integrated learning environments [65], mobile-based learning systems [66,67], PDAs [68], WIFI LAN systems [51], online or virtual learning environments [69,70], cell or mobile exergames [71,72], virtual reality [73], and smartphones [74].



Thus, we can understand that consumers believe in the PU of an explicit technology. Perceived usefulness affects the attitudes of the consumer and also directly affects the intention to use the technology [33,51,69,75]. Previous research has shown that an innovative technological tool is perceived to be beneficial, as it enhances the adoption level [57,76]. Figure 1 depicts the suggested framework. Accordingly, we intend the following hypotheses:



Hypothesis 3a.

PU positively affects the intention to use Robo-advisors.





Hypothesis 3b.

PU positively affects attitude.






2.4. Moderation Effect of TRI


2.4.1. Contributors (Innovativeness and Optimism) of TRI


The peculiarity or trait related to innovativeness defined how a person is inclined to try out new technological tools or things associated with technology [77,78]. Innovativeness can be of anything in the global environment (e.g., clothing and shopping). Studies show that internationally, innovativeness, when applied to a slightly explicit novelty espousal decision, is a less extrapolative control than domain-explicit innovativeness [79,80]. For domain-specific-like technological products, consumers have the knowledge of its operations. Thus, it is easy for consumers to recognize its functionality, as marketers provide product specifications. In the technology domain, consumers can easily recognize new technology and embrace its new features. The TRI dimension, i.e., innovativeness, may positively influence the acceptance of a new technology.



Optimism toward technology says that one is positive about it, including views related to convenience, flexibility, efficiency, and control [41]. It is like technology is offering increased and favorable workability in a given time situation. Customers, when using technology, wish to have control over it, especially in the service technology domain [81,82]. Regarding electronic services, convenience is considered to be the best benefit [83], and also in other self-service tools [84,85,86]. The optimism of TRI has a positive impact on the acceptance of SST. The following hypotheses are proposed:



Hypothesis 4a.

Contributors have a positive influence between PEOU and attitude.





Hypothesis 4b.

Contributors have a positive influence between PC and attitude.





Hypothesis 4c.

Contributors have a positive influence between PU and attitude.






2.4.2. Inhibitors (Discomfort and Insecurity) of TRI


TRI states how people are ready to embrace new technologies when available to them [41,60]. TRI has four dimensions, namely, discomfort, insecurity, innovativeness, and optimism. The overwhelming and perceived lack of control by technology describes discomfort [41]. One study says that the use of new technology makes people worry and has a negative impact on them, but it also has a negative effect on the acceptance of SST [84]. Another study revealed that perceived nervousness toward technology is negatively related [87], whereas internet anxiety showed a negative influence on the time expended online [88]. Technology anxiety and TRI have similarities, but still, they are different constructs altogether [84]. Social anxiety is an altogether dissimilar construct from discomfort, which states how the public views the customer [89]. The discomfort construct shows a negative influence on consumer perception of newfangled technology.



Insecurity or self-doubt is the consequence of a dearth of belief in new technology and its capability to work appropriately in a given situation [41]. The lack of trust among consumers is the reason that consumers tend to adopt innovative technologies slowly, especially in the e-commerce domain [90]. Another study by Ram [91] stated that consumers have some set of perceived benefits attached to new technology or its recognition. More consumers tend to have lower or less perceived recognition of innovative technology, and then the resistance to them may be higher. Insecurity has a negative impact on consumer adoption of SST. The following hypotheses are proposed:



Hypothesis 5a.

Inhibitors have a negative effect between PEOU and attitude.





Hypothesis 5b.

Inhibitors have a negative effect between PC and attitude.





Hypothesis 5c.

Inhibitors are a negative effect on PU and attitude.







2.5. Attitude toward Robo-Advisors


Having a belief about an object or thing is called attitude, and beliefs are perceived as benefits of that particular object or thing [92,93]. Another study exposed that attitude is positively associated with the perceived benefits (PBs) of the specific object in the online shopping domain [94]. Furthermore, online shopping perceived benefit is higher, and it affects consumer attitudes significantly [94]. Attitude has many dimensions, and one of them is the acceptance of a shopping channel called the internet [95]. Another study reveals that the real usage of online shopping technology is foretold by the attitude toward online shopping [96,97].



Consumers do have attitudes about innovative technology, but with the information and knowledge, they can be positive about its acceptance and usage, such as Robo-advisors are a relatively new technology; thus, there are mixed emotions related to the attitude toward them. One study has shown that functionality and interaction in an e-commerce environment tend to make consumers have more positive attitudes [98]. A positive attitude about a particular product or thing, especially online, is a strong predictor of behavioral intention [99]. A significant attitude about a particular thing spurs consumers toward behavior performance [100]. The following hypothesis is proposed:



Hypothesis 6.

Attitude positively influences the intention to use Robo-advisors.







3. Material and Methods


3.1. Data Collection and Sample Physiognomies


Survey methodology was used to test and authenticate the model of this study. The facts and figures for this research were collected through a web-based survey from respondents from China. The target populace was potential users of Robo-advisors with prior experience in online banking, as suggested by [101]. Following Illum, Ivanov [102], we developed a web survey and made sure of the conciseness of the survey and respondent anonymity. The web survey was developed using the LimeSurvey platform, and a link to the survey was sent through dissimilar social media platforms. After a thorough cleaning and dealing with non-response bias, we obtained 208 valid questionnaires, which were used in the final data analysis. The web-based survey enabled reaching a diverse sample set in demographic terms, such as gender (82.21% are male respondents, and 17.79% are female) and age (out of total 208 respondents, 19 were 18–25 years old, 111 respondents were 26–30 years old, 37 respondents were 31–35 years old, 31 respondents were 36–40 years old, and 10 were above 40 years of age). In terms of education, 29 were undergraduates, 177 respondent hold a master’s degree, and 2 respondents have a Ph.D. degree. Occupation status indicates that 17 respondents were students, 139 were jobholders, and 52 were running businesses. The income level of respondents depicts that 6.25% of respondents earned below RMB 4999 per month, 31.73% earned RMB 5000–14,999 per month, 37.02% earned RMB 15,000–24,999 per month, 12.98% earned RMB 25,000–34,999 per month, and 12.02% earned more than RMB 35,000 per month.




3.2. Constructs Measurement


Following Belanche, Casaló [101], items to evaluate the constructs of this study were adapted after reviewing the extant literature on technology adoption, e-commerce, and online banking. Two theories were used to justify the research question’s basis, i.e., TRI and TAM. During the evaluation of reliability and validity, we dropped some items due to lower factor loadings. Finally, in the final analysis, we included 6 items for innovativeness, 4 items for optimism, 3 items for discomfort, and 4 items were part of insecurity. The four-item scale for perceived convenience was adapted from [103].




3.3. Analytical Approach


We employed the PLS-SEM approach to analyze the data by following the guidelines of Hair et al. (2017) [104], who invented and improved the partial least squares (PLS) path modeling approach, often known as PLS structural equation modeling (PLS-SEM). The PLS-SEM algorithm is essentially a series of regressions in terms of weight vectors. At convergence, the weight vectors fulfill fixed-point equations. Reference [105] invented the PLS path modeling approach, and the PLS methodology is effectively a series of regressions in terms of weight vectors [106]. At convergence, the weight vectors fulfill fixed-point equations. The fundamental PLS method proposed by Lohmöller [107] and implemented in SmartPLS consists of the three phases listed below.



Stage 1: Iterative estimation of latent variable scores is a four-step iterative technique that is repeated until convergence (or the maximum number of iterations) is obtained.



Stage 2: Calculate the outer weights/loading and path coefficients.



Stage 3: Location parameter estimation.



The diagram below technically depicts Wold’s fundamental PLS-SEM method, as stated by Lohmöller [108]:



Here are some steps of PLS algorithm for the basic method of Latent Variable Path (LVP) analysis



Stage 1: Iterative estimation of weights and LV scores, starting at step iv, represent steps i to iv until convergence is obtained.



Inner weights



	i.

	
     v   j i   =         sin  ⁡  c o v     Y   j   ;   Y   i     I f     Y   j     a n d     Y   i     a r e   a d j a c e n t         0           o t h e r w i s e         




	ii.

	
Inside approximation
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	iii.

	
Outer weights; solve for   ω  kj in
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	iv.

	
Outside approximation
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Stage 2: Estimation of path and loading coefficients.



Stage 3: Estimation of location parameters.



The major advantage of PLS-SEM is that it enables researchers to estimate multidimensional models with many constructs, pointer variables, and structural paths, without having to adhere to data distribution assumptions. PLS-SEM is a fundamental SEM analytical method that focuses on assessments while estimating statistical models whose structure is supposed to elucidate causal correlations [109]. PLS-SEM estimates the partial structures models demonstrated in a path of the association of different constructs by employing both the Principal Component Analysis and Ordinary Least Square regression [110].



PLS-SEM has several benefits. First, with a small sample size, PLS-SEM can adequately analyze data. Next, it can also assess many paths at once by creating a distinct OLS for each path with complex constructs and items [111,112]. Next, PLS-SEM also eases the condition of data normality in order to examine abnormal data [112]. In terms of statistical power, PLS-SEM is rated first among all techniques of analysis [112]. PLS-SEM with an elevated statistical power found all of the pertinent relations in the data [113].





4. Results and Analysis


4.1. Common Method Bias (CMB)


Common Method Bias (CMB) is incurred as a result of variation in the measuring procedure rather than research factors [114]. Scholars [111,115] have proposed various measures to control CMB, such as avoiding confusing and complex questions, respondent confidentiality, and providing comprehensive procedures in assessments to avoid error and biases. To examine the common method bias, we adopted a modern plan given by Kock [116] and applied by Zafar, Qiu [117] to analyzing the complete collinearity of variables and associated items.



Kock [116] examined collinearity using the inner variance inflation factor, VIF, and proposed a threshold of 3.3. We used the same measure and estimated inner VIF by considering each variable individually as a dependent variable. Table 1 shows the inner VIF values, which are all smaller than the 3.3 threshold, demonstrating the absence of CMB in our investigation. The interconstruct correlation, as proposed, is another way to test the CMB [118]. In our study, the interconstruct correlation cannot be higher than 0.90. Additionally, Table 2 shows that the findings of all the interconstruct correlations are below the threshold.




4.2. Outer Measurement Model


Following the guidelines of Hair Jr, Sarstedt [109] and Balsamo, et al. [119], we assessed the outer dimension model Cronbach alpha, convergent validity (CV), and discriminant validity (DV). The reliability tests are used to examine consistency, while the DV and CV examinations are used to check validity [120]. The constructs’ reliability reveals the variation induced by an observable construct and is measured using outer loadings. When a variable factor loading is 0.60, it is considered reliable. Table 3 illustrates the DV and CV results; factor loadings above the 0.60 threshold are indicated by Hulland [121]. Additionally, the internal consistency and CR measures, which are also utilized to validate the reliability of variables and values in Table 3, meet the minimum threshold suggested by [122]. The AVE values shown in Table 3 meet the average threshold of 0.50, as advised by [112].



DV, on the other hand, was formed using additional metrics proposed by academics and statisticians, the most well-known of which are the Fornell–Larcker criterion and the Heterotrait–Monotrait (HTMT) ratio. DV is calculated by comparing the interconstruct correlation to the square root of the AVE. If the interconstruct correlation is less than the square root of the AVE, it confirms the DV of each construct. The Fornell–Larcker criterion is illustrated in Table 4 for all constructs.



Henseler and Sarstedt [123] developed the HTMT correlation, a robust measure of DV grounded on Monte Carlo simulation, with acceptable correlation values of 0.90. Table 4 shows the HTMT correlation values, with the greatest value being 0.789, confirming the proper DV of the constructs and reflecting the acceptable quality of the outer measurement model.




4.3. Inner Structural Model


After examining the model CV and DV, we proceed to evaluate the inner structural model designed to explain the conjectured associations or paths. The inner structural model evaluates the research model path coefficients, relationship significance, coefficient of determination (R2), and goodness of fit.



4.3.1. Significance and Path Coefficients


The use of Path coefficients in SmartPLS and standardized beta coefficient in simple regression are similar. The beta coefficient β evaluates the unit variation caused by the independent variable (IV) in dependent variable (DV), hence providing insights for accepting or rejecting the hypothesis. The higher the value of β, the more pronounced the effect of that specific variable considered upon the dependent variable. While only the β value is not sufficient to decide on the hypothesis’ acceptance or rejection, it is the T-stat that indicates the significance of the relationship. Therefore, the bootstrapping method is applied to calculate the β coefficients and T-stat [124].



The results are presented in the following Table 5, Table 6 and Table 7. Table 5 exemplifies the outcome of a simple model without moderating effects, Table 6 displays the findings of the interaction impact of technology readiness (TR) contributors, and Table 7 illustrates the moderating effect of TR inhibitors. Additionally, the study’s Appendix A (i.e., Figure A1, Figure A2, Figure A3, and Table A1) also contains figures and table representations of the data values from the cited tables.



Base Line Model


Table 5 depicts the study’s major hypothesis. Regarding Hypothesis 1a, we argued that PEOU had a positive effect on PC. The findings in Table 5 revealed that this association is significant, as shown by the coefficient, t-statistics, and p-values (β = 375, t-value= 5.923, p < 0.001), and hence Hypothesis 1a is supported. Furthermore, when noticing the direct beneficial impact of PEOU on PU, the results in Table 5 show that this association is significant (β = 0.367, t-value = 6.411, p < 0.001), validating Hypothesis 1b. Regarding Hypothesis 1c, we revealed a positive link between PEOU and the attitude toward Robo-advisors; the findings show that this association is significant (β = 0.278, t-value = 4.717, p < 0.001), establishing Hypothesis 1c.



Similarly, the findings confirm Hypothesis 2a, in which we anticipated a significant impact of PC on PU (β = 0.361, t-value = 6.166, p < 0.001). Regarding Hypothesis 2b, we anticipated that PC has a positive and significant impact on Robo-advisors, and the results are robustly accepted. Regarding Hypothesis 3a, we proposed that PU will positively and significantly effect the adoption of Robo-advisors; the findings also confirm the significance of this relationship (β = 0.390, t-value = 4.876, p < 0.001), accepted for Hypothesis 3a. The affiliation of PU and attitudes about Robo-advisors is significant and positive, as exposed by the coefficient and significance values (β = 0.224, t-value = 3.696, p < 0.001); consequently, Hypothesis 3b is strongly accepted.




Moderating Effect of TRI Contributors


In addition, we tested TRI. We used hierarchal moderating regression analysis to examine the hypothesized moderating effects by following the guidelines of Jones and Reynolds [125] and Aiken, West [126]. In Hypothesis 4a, we anticipated a positive moderating effect of TRI contributors on the direct connection of PEOU and the attitude toward Robo-advisors. The results in Table 6 indicate that TRI contributes positively and significantly to moderating the said association (β = 0.166, t-value = 2.502, p < 0.05); hence, Hypothesis 4a is strongly accepted. Moreover, we examined a positive and statistically significant TRI contributors impact on the direct association of PC and attitude on Robo-advisors, as shown by the results (β = 0.279, t-value = 4.127, p < 0.001); hence, Hypothesis 4b is accepted. Hypothesis 4c anticipated a positive impact of TRI contributors on the association of PU and the attitude toward Robo-advisors. The findings illustrated in Table 6 do not provide support for this hypothesis; therefore, Hypothesis 4c is rejected.




Moderating Effect of TRI Inhibitors


We have analyzed the moderating role of TRI inhibitors in a separate model. We anticipated a negative impact of TRI inhibitors on the direct association of PC, PEOU, PU, and the attitude toward Robo-advisors. Hypothesis 5a anticipated a negative moderating impact of TRI inhibitors on the direct association of PEOU and the attitude toward Robo-advisors, but the findings in Table 7 do not support this hypothesis (β = 0.056, t-value = 0.610 p < 0.1); therefore, Hypothesis 5a is rejected on empirical grounds. Similarly, Hypothesis 5b (negative effect on PC and attitude) and Hypothesis 5c (negative effect on PU and attitude) are also not supported by the findings (β = −0.133, t-value = 0.931, p < 0.1) and (β = 0.017, t-value = 0.277, p < 0.1); hence, Hypotheses 5b,c are rejected.





4.3.2. Coefficient of Determination (R2)


The coefficient of determination (R2 value) is the criterion used most often to assess a structural model. This coefficient is an indicator of the model’s prediction accuracy and is determined as the squared correlation between the actual and projected values of a certain endogenous component. The coefficient indicates the sum of the impacts of the external latent variables on the endogenous latent variable. That is, the coefficient is the amount of variation explained by all of the exogenous constructions connected to it in the endogenous constructs. Equation (1) below measures the coefficient of determination:


      R   2     a d j =   1 -   1 -   R   2     .   n - 1   n - k - 1    



(1)







In the R2 values shown in Table 8, R2 for perceived convenience is 0.141, depicting that the 14.1% variance in PC is caused by the PEOU. The combined variance caused by PC, PEOU, and PU on the attitude toward Robo-advisors is 59.8%, which means 59.8% of the change in attitude toward Robo-advisors is caused by these three variables. The R2 value for the intention to use Robo-advisors is 0.375, representing that 37.5% of the changes that occurred in the intention to use Robo-advisors is due to a positive attitude toward Robo-advisors.




4.3.3. Goodness of Fit Index


The goodness of fit (GoF) index is employed to assess the overall model fitness and ensure that the model adequately explains the facts [127]. The GoF index values range from 0 to 1, with 0.10 indicating a low value to validate the model, 0.25 indicating a moderate value, and 0.36 indicating a substantial adequate value to accept the inclusive validation of the study model, and also indicating that the model is reasonable and parsimonious [128]. Equation (2) is used to determine the GOF index, where AVE is measured as (Geometric mean of Average Communalities) and the average values of R2 of all constructs [127]. The GoF value for this research model is 0.492, which is measured by Equation (2) as a satisfactory model.


  G O F =  A V E   ✶    R 2    



(2)







SRMR and Normed Fitted Index (NFI)


SRMR is explained as the discrepancies amid actual and observed correlations. Therefore, SRMR permits measuring the average differences amid anticipated and observed correlations as a measure of model fit (fit criterion). The root means square residual (RMSR) measures the mean value of covariance residuals, whereas the SRMR is built on transforming the prophesied covariance matrix and sample covariance matrix into correlation matrices. A SRMR value ≤ 0.08 indicates a good model fit, as suggested by [129]. The SRMR value for this model is 0.07 (as shown in Table 9), indicating a satisfactory model fit.



Firstly, we measure the normal fit index for this model, which is proposed by Bentler and Bonett [130]. NFI first calculates the Chi2 for the proposed model and then associates it with the standard. The Chi2 value of the expected model is not an adequate measure to anticipate the model fit; therefore, NFI uses this value as a benchmark. NFI is calculated as 1 minus the Chi2 value of the proposed model and divided by the Chi2 value of the null model, and this formula results in a value between 0 and 1. The NFI value for this study model, as shown in Table 9, is 0.690, suggesting a satisfactory model fit.







5. Discussion


5.1. Discoveries and Theoretical Implications


The findings show that the results are mostly significant, and they add value to the theory of TAM [33,63,131,132] and TRI [41,60]. The variables used in the framework in light of TAM and TRI theory are per the conceptual framework, except four hypotheses were insignificant.



Hypothesis 1a stated that PEOU of Robo-advisors positively effects perceived convenience, which is accepted. Thus, PEOU from the TAM is effecting PC, which is consistent with previous research [51,103,133]. It means that using Robo-advisors is convenient for investing in financial institutions. Consumers always look for convenient ways to do their work or business. Either they are taking the help of others or the use of technology. The use of Robo-advisors is considered as a convenience by the people who are well aware of innovative technology and their benefits.



Hypothesis 1b stated that PEOU of Robo-advisors positively effects perceived usefulness, which is accepted. This statement indicates that consumers believe that using new technologies is highly beneficial to them, and this follows previous studies [131,134]. As more new technology is coming in, with the information available, consumers tend to believe it is easy to use and has benefits attached to it



Hypothesis 1c stated that PEOU of Robo-advisors positively effects attitude, which is accepted. PEOU shows positive results and is a crucial aspect in determining consumers’ attitudes toward the use of new technology. This study follows previous studies by Belanche, Casaló [101], Chang, Yan [103], and Yoon and Kim [51]. The results add value to the TAM model and justify its framework with the results. Consumers develop a constructive attitude if they perceive that the technology they are going to take as a habit has positive benefits in their life.



Hypothesis 2a states that the perceived convenience of Robo-advisors positively affects perceived usefulness, which is accepted. Convenience is considered to be a benefit when it satisfies consumer needs in a given period, and convenience can be time, money, efforts, and other factors related to it [44,50]. These results are per the previous studies [51,103]. Thus, consumers develop the perception that the more a technological tool is convenient to use, then more it is useful in their life.



Hypothesis 2b stated that the perceived convenience of Robo-advisors positively effects attitude, which is accepted. Attitudes are the belief developed in time, with other factors surrounding them. Here, we can see that perceived convenience is helping in shaping the attitudes of consumers regarding Robo-advisors [26,101]. More positive is the perceived convenience, and the healthier the attitude toward the use of Robo-advisors in light of self-service technologies [51,103].



Hypothesis 3a stated that PU positively effects to intention to use Robo-advisors, which is accepted. PU is inconsistent with the framework proposed in TAM [49]. When consumers find a specific product to be useful as new technology, they have intentions to adopt it and use it [101,103,135,136,137]. The better the operationality and functionality of a particular technology, the better the intention to use it. Consumers are finding technology to be more user-friendly in every field of life, and because of the high level of awareness of technologies, it is becoming easy for them to adopt the technology.



Hypothesis 3b stated that perceived usefulness positively effects attitude, which is accepted. Consumers develop stereotypes of a particular product or service when they have enough information and knowledge. Thus, it can be negative and also positive. Here, perceived usefulness of Robo-advisors positively affects attitude significantly. The results of this hypothesis is in relation to previous studies [51,101,103]. Thus, positive attitudes help in developing better results for the adoption of technology.



Hypothesis 4a stated that contributors have a positive influence between PEOU and attitude, which is accepted. Contributors incorporate two dimensions of TRI, namely, innovativeness and optimism [41,60], as we have discussed earlier that PEOU affects the shaping of the attitudes of the consumer positively. Thus, the results in this study are significant, and consumers are willing to have a positive attitude toward the use of Robo-advisors, with its ease of use. It indicates that contributors to TRI affect the relationship between PEOU and attitude positively.



Hypothesis 4b stated that contributors have a positive effect between PC and attitude, which is accepted. As discussed, consumers perceive technology as convenient if it has some benefits attached to it [26,101]. These benefits help in shaping the attitudes toward the new technology. Chinese consumers are straightforward in adopting new technology. They perceive technology to be convenient for doing things as a student, worker, or business person. This idea of contributors to TRI affecting the relationship between PC and attitude is accepted because of the acceptance of new technology in this mass populated country. Thus, TRI, at least in the contributors’ dimension, helps the consumers to develop positive attitudes toward the Robo-advisors and, eventually, their acceptability.



Hypothesis 4c stated that contributors have a positive influence amid PU and attitude, which is not significant and, thus, is rejected. The previous study concerning PU effects on attitude says that it is productive and positive [51,101]. From the previous research, one can understand that the TRI moderating effect should also be useful, but that was not the case. Consumers perceived that in the circumstance of the association between PU and attitude, TRI’s contributors’ dimension did not work out and was found to be insignificant. Even though China itself is a very user-friendly country when it comes to new technology, this hypothesis is rejected.



Hypothesis 5a, Hypothesis 5b, and Hypothesis 5c stated inhibitors have a negative effect between PEOU and attitude, and PC and attitude and PU and attitude are not significant and are in negative relationships, and this is the same case in previous studies of TRI [138,139,140]. The reason for these results is that this study was done in China, where technology is accepted very quickly. Consumers there do not feel discomfort when a company or the government introduces new technology. Further, they do not feel insecure, as the government always makes strict rules for companies regarding the risk, security, and safety of the people. Thus, Chinese consumers have no issues in accepting new or innovative technologies.



Hypothesis 6 stated that attitude has a positive influence on the acceptance of Robo-advisors, which is accepted. As discussed before, attitude is essential in the acceptance of novel technology and can play a vital role [101,141]. Another study also suggests that attitude is acting positive and impacting on the acceptance of new technology [51,103]. The PC, PU, and PEOU of technology affect attitudes. Thus, positive attitudes lead toward the acceptance of the new technology. Robo-advisors in China have a high chance of implementation and acceptance among the masses.



Overall, the results were significant, except for the few ones, which are also in association with previous studies. The dimensions of TAM, PEOU, and PU positively affect other variables, whereas perceived convenience also positively affected other variables. The TRI concept had two major dimensions of contributors and inhibitors, out of which, one moderated well between the relationships of PEOU and attitude and PC and attitude, with the exception of PU and attitude, which was not moderated at all, and whereas inhibitors were not significant and were rejected. Consumers in China show great signs of accepting Robo-advisors in the management of their financial portfolios and also other financial information.



Niklas and Clemens [142] discussed human improvement with technological mediation. They examined how technology influences, how affordances are perceived, and how diverse behavioral outcomes result. Further, this human enhancement or mediation can have serious political and ethical consequences. Martin et al. [143] presented two investigations that revealed a significant mediator role for visual clarity in the relationship between perceived usability and aesthetics. The aforementioned aspects can be explored in the acceptance and adoption of AI Robo-advisors in the fintech industry in future work.




5.2. Practical Implications for Robo-Advisors


The study is interesting and provides a few practical implications. First, the proposed framework is helpful for service providers (e.g., financial institutions) to comprehend the needs and wants of customers. This can help in designing a better Robo-advisor service, as we know that better service leads to developing positive attitudes about the product. Attitude leads to adoption, and further adoption leads to loyalty. Robo-advisors can help such customers who require a quick response and want to make quick decisions. In a country like China, where technology is highly used in many ways possible, Robo-advisors can be a good legal system for such customers’ needs and wants.



Secondly, the convenience and usefulness of the service as Robo-advisors can develop trust in consumers. Thus, it can change the perceptions of consumers regarding future innovative technologies. So, more new technologies can be tested and implemented to give good service. We have seen that consumers are initially a little reluctant toward the new technology. Yet, in China, the case is different. Consumers are more willing and find new technology easy to use, especially when that technology is in their own language and has a strong legal system backing, i.e., mean safety and security. This service can both be used online and offline, whichever is convenient for the consumer.



Furthermore, this study gives the idea of how traditional financial services are transformed into innovative technological services. In a traditional financial institution service, a person is assigned by the company to take care of your needs and wants, whereas new innovative technology like Robo-advisors can help you have a quick response to decision making. Further, it can provide all the information needed in a very human-like manner. Moreover, there is no communication barrier to this service, as one can easily talk to a computer without being shy at all.




5.3. Limitations to the Study


Robo-advisors are a relatively new technology accessible in many countries, yet still not available on a mass scale. The study still has a few research limitations. Firstly, the study was done among only 208 respondents. The number can be increased to develop a healthier knowledge of how people across diverse sections feel about innovative technologies in the SST environment. Furthermore, the study was done in one urban city of China. Further investigation in different urban cities of China can produce a better understanding of consumers’ needs and wants regarding financial institutions and their services. In addition, although we have performed a set of tests to rule out the impact of CMV, future study should seek to prevent relevant malfunctions by gathering data from a wider variety of sources [144,145,146].




5.4. Future Research Avenues


The study can be further applied in other countries also, e.g., Singapore, South Korea, and Japan. These are developed countries, and the use of the latest technology is available in these countries. It can further provide good insights regarding the adoption of Robo-advisors. This was a cross-sectional study. Further longitudinal and experimental-based studies can be performed. In the survey, respondents can be made more aware of the functionality of Robo-advisors through visual aids. This can make the respondents understand more about Robo-advisors.





6. Conclusions


Overall, consumers show a positive inclination toward the adoption of Robo-advisors, with the moderating effect of TRI. Robo-advisors can help financial institutions to develop good services that can fulfil the requirements of consumers. Consumers always wish to have a quick response, especially in the service industry. In financial services, Robo-advisors can be a good service that fulfills consumer’s requirements. Furthermore, cultural factors can also be introduced in future studies when doing a comparative study. A comparative study can be done between China and India. This can provide better knowledge of the adoption of Robo-advisors. The consumers in this study have shown keen interest in the adoption of this service, and it can benefit both consumers and organizations if this service is made available.
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Figure A1. Measurement Model Confirming Factor Loadings. 
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Figure A2. Base Line Structural Model. 
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Figure A3. Moderating Effects of TRI Contributors. 
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Figure A4. Moderating Effects of TRI Inhibitors. 
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Table A1. Demographic Characteristics of Respondents, N = 208.
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Demographic Characteristics

	
Distribution

	
Frequency

	
%






	
Gender

	
Male

	
171

	
82.21




	
Female

	
37

	
17.79




	
Age

	
18–25

	
19

	
9.13




	
26–30

	
111

	
53.37




	
31–35

	
37

	
17.79




	
36–40

	
31

	
14.90




	
Above 40

	
10

	
4.81




	
Education

	
Undergraduate

	
29

	
13.94




	
Master Degree

	
177

	
85.10




	
PhD Degree

	
2

	
0.96




	
Occupation

	
Student

	
17

	
8.17




	
Job

	
139

	
66.83




	
Business

	
52

	
25.00




	
Income per month (RMB)

	
<4999

	
13

	
6.25




	
5000–14,999

	
66

	
31.73




	
15,000–24,999

	
77

	
37.02




	
25,000–34,999

	
27

	
12.98




	
>35,000

	
25

	
12.02
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Figure 1. Conceptual framework. 
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Table 1. Common Method Bias Test (Inner VIF).
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	(1)
	(2)
	(3)
	(4)
	(5)
	(6)
	(7)
	(8)
	(9)





	(1) ATT
	1.000
	2.443
	2.327
	2.292
	2.350
	2.386
	2.292
	2.143
	2.347



	(2) DISCO
	2.445
	1.000
	2.321
	2.353
	2.438
	2.258
	2.455
	2.392
	2.397



	(3) PEUSE
	2.117
	2.042
	1.000
	2.120
	2.139
	2.002
	2.165
	2.100
	2.217



	(4) INNO
	2.018
	2.032
	2.083
	1.000
	2.087
	2.110
	2.017
	2.004
	2.067



	(5) INS
	1.487
	1.558
	1.546
	1.512
	1.000
	1.573
	1.608
	1.545
	1.588



	(6) INT
	2.134
	1.978
	2.022
	2.142
	2.145
	1.000
	2.147
	2.147
	2.079



	(7) OPTI
	1.854
	1.995
	1.940
	1.833
	2.020
	1.974
	1.000
	1.990
	1.998



	(8) PECON
	1.739
	1.954
	1.967
	1.920
	2.032
	1.958
	2.018
	1.000
	1.962



	(9) PUSEF
	1.909
	1.933
	1.975
	1.930
	1.951
	1.854
	1.969
	1.956
	1.000










[image: Table] 





Table 2. HTMT Ratio.
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	ATT
	DISCO
	INNO
	INS
	INT
	OPTI
	PECON
	PEUSE
	PUSEF





	ATT
	
	
	
	
	
	
	
	
	



	DISCO
	0.703
	
	
	
	
	
	
	
	



	INNO
	0.534
	0.762
	
	
	
	
	
	
	



	INS
	0.768
	0.664
	0.580
	
	
	
	
	
	



	INT
	0.657
	0.806
	0.607
	0.598
	
	
	
	
	



	OPTI
	0.763
	0.649
	0.645
	0.656
	0.580
	
	
	
	



	PECON
	0.789
	0.656
	0.593
	0.515
	0.498
	0.645
	
	
	



	PEUSE
	0.681
	0.768
	0.628
	0.672
	0.728
	0.590
	0.437
	
	



	PUSEF
	0.748
	0.748
	0.657
	0.653
	0.683
	0.598
	0.616
	0.612
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Table 3. Reliability and Validity of Constructs.
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ATT

	
VIF

	
α

	
CR

	
AVE






	
PCONV1

	
0.798

	
1.872

	
0.822

	
0.882

	
0.653




	
PCONV2

	
0.844

	
2.176




	
PCONV3

	
0.848

	
1.890




	
PCONV4

	
0.736

	
1.392




	
PEUSE1

	
0.857

	
2.647

	
0.843

	
0.895

	
0.683




	
PEUSE2

	
0.872

	
2.568




	
PEUSE3

	
0.858

	
2.587




	
PEUSE4

	
0.708

	
1.281




	
PUSEF2

	
0.870

	
2.132

	
0.777

	
0.872

	
0.694




	
PUSEF3

	
0.861

	
2.088




	
PUSEF4

	
0.764

	
1.314




	
INN1

	
0.727

	
1.553

	
0.857

	
0.894

	
0.586




	
INN2

	
0.675

	
1.570




	
INN3

	
0.696

	
1.612




	
INN4

	
0.864

	
2.653




	
INN5

	
0.758

	
2.005




	
INN6

	
0.851

	
2.783




	
OPT1

	
0.798

	
1.688

	
0.842

	
0.893

	
0.677




	
OPT2

	
0.848

	
2.384




	
OPT3

	
0.806

	
2.114




	
OPT4

	
0.838

	
1.759




	
INS1

	
0.714

	
1.388

	
0.755

	
0.828

	
0.500




	
INS2

	
0.695

	
1.632




	
INS3

	
0.690

	
1.722




	
INS4

	
0.685

	
1.427




	
DIS2

	
0.743

	
1.414

	
0.757

	
0.86

	
0.674




	
DIS3

	
0.839

	
1.602




	
DIS4

	
0.875

	
1.922




	
ATT1

	
0.772

	
1.271

	
0.73

	
0.847

	
0.649




	
ATT2

	
0.824

	
1.671




	
ATT3

	
0.821

	
1.621




	
INTEN1

	
0.866

	
2.078

	
0.852

	
0.910

	
0.771




	
INTEN2

	
0.882

	
1.978




	
INTEN3

	
0.886

	
2.281
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Table 4. Fornell–Larcker Criterion.
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	ATT
	DISCO
	INNO
	INS
	INT
	OPTI
	PECON
	PEUSE
	PUSEF





	ATT
	0.806
	
	
	
	
	
	
	
	



	DISCO
	−0.529
	0.821
	
	
	
	
	
	
	



	INNO
	0.429
	−0.616
	0.766
	
	
	
	
	
	



	INS
	0.627
	−0.527
	0.486
	0.701
	
	
	
	
	



	INT
	0.521
	−0.646
	0.523
	0.512
	0.878
	
	
	
	



	OPTI
	0.616
	−0.522
	0.550
	0.630
	0.498
	0.823
	
	
	



	PECON
	0.620
	−0.524
	0.513
	0.467
	0.420
	0.555
	0.808
	
	



	PEUSE
	0.540
	−0.610
	0.537
	0.571
	0.617
	0.505
	0.375
	0.826
	



	PUSEF
	0.565
	−0.576
	0.539
	0.533
	0.560
	0.489
	0.499
	0.502
	0.833
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Table 5. Simple Base Line Model.






Table 5. Simple Base Line Model.





	Hypothesis
	Coefficient
	SD
	T Statistics
	p Values





	H1a: PEUSE ⟶ PECON
	0.375
	0.063
	5.923
	0.000 ***



	H1b: PEUSE ⟶ PUSEF
	0.367
	0.057
	6.411
	0.000 ***



	H1c: PEUSE ⟶ ATT
	0.278
	0.059
	4.717
	0.000 ***



	H2a: PECON ⟶ PUSEF
	0.361
	0.059
	6.166
	0.000 ***



	H2b: PECON ⟶ ATT
	0.400
	0.059
	6.739
	0.000 ***



	H3a: PUSEF ⟶ INT
	0.390
	0.080
	4.876
	0.000 ***



	H3b: PUSEF ⟶ ATT
	0.224
	0.061
	3.696
	0.000 ***



	H6: ATT ⟶ INT
	0.301
	0.076
	3.988
	0.000 ***







Note: Significance level: *** p < 0.001.
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Table 6. Moderating Effect of TRI Contributors.
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	Coefficient
	SD
	T Statistics
	p Values





	H4a: PEUSE × CONTR ⟶ATT
	0.166
	0.066
	2.502
	0.012 **



	H4b: PCON × CONTR ⟶ ATT
	0.279
	0.068
	4.127
	0.000 ***



	H4c: PUSEF × CONTR ⟶ ATT
	−0.095
	0.059
	1.621
	0.105



	PECON ⟶ ATT
	0.331
	0.066
	4.995
	0.000 ***



	PECON ⟶ PUSEF
	0.361
	0.059
	6.069
	0.000 ***



	PEUSE ⟶ ATT
	0.233
	0.067
	3.476
	0.001 ***



	PEUSE ⟶ PECON
	0.375
	0.061
	6.166
	0.000 ***



	PEUSE ⟶ PUSEF
	0.367
	0.056
	6.492
	0.000 ***



	PUSEF ⟶ ATT
	0.121
	0.066
	1.827
	0.068 *



	PUSEF ⟶ INT
	0.390
	0.080
	4.888
	0.000 ***



	TRICON ⟶ ATT
	−0.011
	0.082
	0.134
	0.894



	ATT ⟶ INT
	0.301
	0.073
	4.143
	0.000 ***







Note: Significance level: * p < 0.10; ** p < 0.05; *** p < 0.001.
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Table 7. Moderating Effect of TRI Inhibitors.
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	Coefficient
	SD
	T Statistics
	p Values





	H5a: PEUSE × INHIB ⟶ ATT
	0.056
	0.092
	0.610
	0.542



	H5b: PCON × INHIB ⟶ ATT
	−0.133
	0.142
	0.931
	0.352



	H5c: PUSEFUL × INHIB ⟶ ATT
	0.017
	0.063
	0.277
	0.782



	PECON ⟶ ATT
	0.391
	0.063
	6.188
	0.000 ***



	PECON ⟶ PUSEF
	0.361
	0.060
	5.974
	0.000 ***



	PEUSE ⟶ ATT
	0.183
	0.066
	2.785
	0.006 ***



	PEUSE ⟶ PECON
	0.375
	0.062
	6.014
	0.000 ***



	PEUSE ⟶ PUSEF
	0.367
	0.060
	6.102
	0.000 ***



	PUSEF ⟶ ATT
	0.162
	0.065
	2.514
	0.012 **



	PUSEF ⟶ INT
	0.390
	0.086
	4.554
	0.000 ***



	TRIINHIBIT ⟶ ATT
	−0.156
	0.169
	0.924
	0.356



	ATT ⟶ INT
	0.301
	0.075
	4.009
	0.000 ***







Note: Significance level: ** p < 0.05; *** p < 0.001.
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Table 8. Coefficient of Determination.






Table 8. Coefficient of Determination.










	
	R Square
	R Square Adjusted





	PECON
	0.141
	0.136



	PUSEF
	0.365
	0.359



	ATT
	0.598
	0.584



	INT
	0.375
	0.369










[image: Table] 





Table 9. Goodness of Fit.






Table 9. Goodness of Fit.





	

	
AVE

	
R2

	
GOF






	
PECON

	
0.653

	
0.141

	
0.492




	
PUSEF

	
0.694

	
0.365




	
ATT

	
0.649

	
0.598




	
INT

	
0.771

	
0.375




	
DISCO

	
0.674

	




	
INNO

	
0.586

	




	
INS

	
0.500

	




	
OPTI

	
0.677

	




	
PUSEF

	
0.694

	

	




	
Average

	
0.655

	
0.370
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