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1. Introduction
In recent years, the development of artificial intelligence (AI) technology has become faster and faster, and the application speed in various fields has also become faster. From robots used on assembly lines in factories to food ordering service systems in restaurants (Hsiao and Chen, 2022). Enterprises are expanding many AI-related information systems businesses, and AI systems are playing an important role in business expansion in many areas. Tasks that once required many workers can now be done by AI systems, such as facial recognition systems, cloud data analysis, and translation of national languages (Anthes, 2017). Driven by changes in AI technology, some enterprises have begun to deploy AI technology in business-related services. For example, clothing company The North Face uses AI technology to help customers choose clothes that fit better (Gursoy el at, 2019). Uniqlo developed a shopping assistant (Uniqlo IQ) to help consumers search for information about items online and answer relevant questions (Yuan el at, 2023). Applications based on AI grand models can provide personalized recommendations to relevant clients across a wide range of industries. The e-commerce platform's AI chatbot application based on the big data model can quickly and accurately respond to the questions raised by customers and give corresponding suggestions, thus enhancing the interaction between customers and the e-commerce platform.
At the same time, the e-commerce platform can train AI with communication skills, and the trained AI can enhance the communication with customers and thus improve the customer service effect and efficiency of the platform (Asadi and Hemadi, 2018). Although AI has been widely used in e-commerce platform services and marketing strategies, this makes it particularly important to specifically study the empirical research on the user experience of AI customer service, which is also one of the important tasks of many e-commerce companies and platforms (Følstad and Skjuve, 2019). Most relevant studies in this field focus on the product classification and recommendation of AI technology in customer service (Marwade el at, 2017; Shafi el at, 2020). However, AI customer service technology may play an important role in improving the user experience, because it can solve the problems encountered by consumers when shopping online and solve the problems in a timely manner to improve the interaction between e-commerce platforms and customers (Prentice and Nguyen, 2020).
In addition, applications designed based on AI technology can reduce workload to improve work efficiency and operational efficiency of the platform, thus reducing operational and administrative costs (Cobos el at, 2016; Mydyti and Kadriu, 2021). Moreover, due to the diversity of AI systems, AI chatbots built with large models can provide customers with 24/7 online services (Hsiao and Chen, 2022). At present, the biggest challenge is that AI chatbot customer service can provide customers with the same or better service than human customer service personnel in traditional e-commerce platforms.
In this article, the researchers combined the expectation - confirmation model (ECM), technology acceptance model (TAM), The Theory of Reasoned Action (TRA) postulates a new model to explain the user's continued usage intentions. The researchers combined these three theories for three main reasons. First, according to previous studies, ECM is a reliable model for studying the continued use of e-learning (Lee.M.C.,2010), which uses three variables to explain the user's behavioral intention, namely, confirmation, satisfaction, and intention to continue using. However, in practice, users can also be influenced by other factors when using a technology, such as the subjective behavior of users and the recommendations of others (Fishbein and Ajzen, 1977). Secondly, according to the research of Fishbein and Ajzen (1975), users' attitude will affect their behavioral intention, and the factors related to users' attitude are related to trust and satisfaction, which is also the key driving factor for users to continue to use the Champions League (Hussain el at, 2018). At the same time, TAM provides two attitudinal beliefs, namely perceived ease of use and perceived usefulness (), which constitute prerequisites for TRA attitudes (Venkatesh and Davis, 2000).

The Significance and Contribution of the Study
This study determined the impact of AI chatbot customer service on the ability to drive customer problem solving. This allows researchers to correctly understand customer opinions on e-commerce platform type AI chatbots. This knowledge can help the program developers of e-commerce companies improve the service quality and content of their AI chatbots, improve customer satisfaction with AI customer service in the e-commerce platform, and strengthen the problem-solving ability, interaction ability and user experience of AI customer service, so as to increase users' continued use of AI chatbots. At the same time, the results of this study will bring references for future practitioners and academic users' usage intentions and provide guidelines for e-commerce platforms to design more comprehensive AI chatbots.

Aim and Research Objectives
This study aims to explore the influence of AI chatbot customer service on the e-commerce platform on consumer satisfaction and trust, etc. The purpose of this study is to guide the developers of the e-commerce platform how to improve the functions of AI chatbots to further enhance customer willingness to use them. In order to achieve this goal, this study has two main objectives.
· To evaluate customers' willingness to continue using AI chatbots on e-commerce platforms for problem solving.
· Explore the influence of factors such as consumer satisfaction, trust, perceived ease of use and perceived usefulness on consumer experience in e-commerce platforms.
Research Questions
QR1: In the e-commerce platform, what is the impact of factors such as satisfaction, trust, perceived usefulness, and perceived ease of use on consumers' continued use of AI chatbot customer service?
QR2: In the context of e-commerce platforms, what theories can help researchers better understand customer satisfaction?
QR3: What are the key elements that have an impact on problem solving in AI chatbot customer service?











2. Literature Review and Hypothesis
Expectation-Confirmation Model
In the field of social science research, Expectation confirmation theory(ECM) is one of the well-known theories that is considered to evaluate and measure whether users can continue to use part of the technology. Oilver developed the ECM model in 1980. The theory behind the ECM model is to evaluate a user's intention from confirmation, satisfaction and perception as shown in Figure 1. ECM can be used to explain a customer's willingness to re-use an AI chatbot customer service in an e-commerce platform.
The development of ECM is based on the self-perception theory (Bem, 1972). Bhattacherjee (2001) believes that the causal relationship between technology and service is adopted to analyze and explain users' willingness to continue to use information technology and corresponding services. This approach provides a theoretical framework for examining the interplay between expectations and concepts. Therefore, ECM has been developed to interpret the customer's expectations when using and receiving feedback from others or themselves using relevant technologies (Bhattacherjee, 2001). The customer determines the level of post-acceptance behavior through continuous use and feedback (Thong el at, 2006).
Previous studies have mainly used ECM as a framework to promote a more comprehensive understanding of research model methodologies. In this paper, based on user-centered theory, an AI chatbot customer service is introduced to address problems in users' experience. Factors like perceived usefulness, perceived ease of use, satisfaction, and trust were used as key determinants in ECM. Therefore, this study integrates three models - ECM, Technology Acceptance Model (TAM), and Theory of Reasoned Action (TRA) - into a new framework to explain effective ways for users to solve problems through AI customer service and continue using the platform.
Confirmation and satisfaction are important factors in ECM for measuring users' continued usage. As Hsu and Lin (2015) argue, confirmation is "the users' assessment of the congruence between expectation and actual performance of using an information system or service." Confirmation plays a key role in users' perceived satisfaction with systems and services, while satisfaction relates to users' intention to continue using platform systems and services. Satisfaction is often defined as "the users' post-evaluative judgment on their overall experience with a specific information system or service" (Bhattacherjee, 2001).

Theory of Reasoned Action
Theory of reasoned action(TRA) is one of the important theories specifically designed to explain the user's behaviour and intention, and has been widely used in social sciences. In TRA, the user's behavioural intention is influenced by the change of their mentality, and also by the factors of behavioural belief and its outcome evaluation (Hsiao le at, 2013; Fishbein and Ajzen, 1975;  Gunawan and Huarng, 2015;  Erkan and Evans, 2016). Factors related to users' attitudes towards the use of products or technologies, such as satisfaction and trust, are the key drivers and influences influencing consumer behaviour (Hussain el at, 2018). In the field of e-commerce research, satisfaction and trust influence users' usage and purchase intentions (Zarei el at, 2019). Therefore, these two factors will be taken into account in this research model.
In the previous study, Min et al. (2019) believed that users' willingness to accept Uber service is related to consumers' attitude, and positive attitude has a significant impact. Meanwhile, Zarei el at (2019) believes that consumers' purchase intention and behaviour are influenced by consumers' satisfaction and attitude. According to the above research, it is necessary to study the attitudinal factors in the e-commerce related research. Therefore, this study will use TRA as one of the basic models to develop a research model.

Figure 1 Expectation-Confirmation Model
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Technology Acceptance Model
Technology acceptance model (TAM) is a theory expanded and developed based on TRA theory, which can explain user acceptance in a more detailed way (Davis, 1989). TAM puts forward two specific measurement indicators, namely perceived usefulness, and perceived ease of use, which are the main factors in measuring user acceptance. Perceived usefulness is defined as
‘‘the degree to which a person believes that using a particular system would enhance his/her job performance, “and perceived ease of use is defined as ‘‘the degree to which a person believes that using a particular system would be free of physical and mental effort "(Davis, 1989).
In addition, both perceived usefulness and perceived ease of use will affect consumers' attitude towards the use of the system, and similar to TRA, feelings and attitudes after use can determine consumers' behavioural intentions (Lu and Zhou, 2009). TAM has been widely used to measure consumer acceptance of various types of technology, including e-commerce platforms, email, word processing systems, etc. (Davis, 1989; Gefen and Straub, 1997).


Problem-solving ability 
AI chatbot customer service can be applied in many fields, such as social networking, information, entertainment, transportation, etc., using AI's big data model to help users complete tasks (Hsiao and Chen, 2022). Therefore, AI chatbot customer service is a system that can replace traditional human customer service (Brandtzaeg and Følstad, 2017). Compared with other applications, chatbot customer service based on AI big data model can help users better solve the problems they face and get solutions. At the same time, it can provide purchase suggestions and help customers order products to meet the needs of users in many ways (Brandtzaeg and Følstad, 2017).
Problem solving is the ability of AI chatbot customer service to accurately understand and solve each customer's problem immediately. Brandtzaeg and Følstad (2017) believe that the main purpose of using AI customer service is to help improve work efficiency and productivity, among which the convenience and ease of use brought by AI customer service are the main factors. Dixon el at(2010) believes that helping customers solve problems quickly can improve customer service, reduce related costs and enhance customer loyalty. Most companies need to create more loyal customers through services that help them solve problems easily (Dixon el at, 2010, p.118). The AI chatbot customer service used by the users in this study will be highly valued for its ability to understand the problem and provide a quick solution. The ability to solve problems can enhance consumers' interest in online shopping. Users are confirming the ability of AI chatbot customer service to solve problems; therefore, the following hypotheses are proposed.
H1. Perceived usefulness is positively correlated with perceived satisfaction of e-commerce platform AI customer service.

Confirmation
In terms of confirmation, user satisfaction with platform systems and services in the e-commerce industry is a key factor for users to continue to use the technology, and usually depends on the user's level of use in the actual use of platform systems to confirm (Bhattacherjee, 2001). This theory is one of the theories to measure user recognition of a technology, which represents the user's satisfaction and feelings after using a technology and the impact on it (Park and Kim, 2014; Van der Heijden, 2004).
According to Festinger's (1962) theory of cognitive dissonance, when the user's actual perception after use is not satisfied as expected, the user may suffer from psychological disharmony caused by disappointment. In order to mitigate this difference in perception that leads to disappointment before and after use, improving the feeling of confirmation can alleviate similar problems (Chen et al., 2013). In addition, according to TAM's theory, the combination of the product itself, related services and users' actual feelings during use can significantly affect the perceptual and utilitarian factors of users' use (Van der Heijden, 2004; Davis, 1989). Some previous studies have adopted the concept of validation as a determinant of perceived usefulness and perceived ease of use (Lee MC, 2010; Park E, 2020). For example, Park(2020) found from the data of 1380 respondents that users' confirmation of smart wearable devices plays a significant role in perceived ease of use, usefulness, and enjoyment. Similarly, validation of data from 363 respondents demonstrated that perceived usefulness, attitude, concentration, and perceived behavioral control significantly determined their confirmation. Therefore, this research trend can also be applied to users who use AI customer service for problem solving on e-commerce platforms. Therefore, the following hypothesis is proposed in this study.
H2. Users' confirmation of expectations is positively related to their satisfaction with e-commerce platform AI customer service's problem-solving ability.
H3. Users' confirmation of e-commerce platform AI customer service's problem-solving ability is positively related to their trust in e-commerce platform service.
H4. Users' confirmation of expectations is positively related to their perceived usefulness of  e-commerce platform AI customer service's problem-solving ability.
H5.Users' confirmation of expectations is positively related to their perceived ease of use of e-commerce platform AI customer service's problem-solving ability.

Satisfaction
Consumer perceived satisfaction is a psychological concept that refers to the feelings of users after use and purchase (Bhattacherjee and Premkumar, 2004). The current research focuses on the experience and feelings of users after using AI customer service in e-commerce platforms, including their experience of problem solving and use of AI customer service. According to ECM, the willingness of consumers to continue using the system and services is determined by their satisfaction with the first use of the system and services. For example, Roca el at(2006) studies that users' satisfaction when using e-learning plays a decisive role in their willingness to continue using the service. Based on the interaction relationship between users using AI customer service of e-commerce platform, the following hypotheses are introduced in this study:
H6. E-commerce platform AI customer service's problem-solving ability is positively correlated with users' confirmation.

Perceived Usefulness
"Perceived usefulness" is an important concept in TAM. In the context of AI customer service on e-commerce platforms, this study defines the perceived usefulness of AI chatbot customer service as "the degree to which users evaluate whether the use of AI customer service can improve their problem-solving efficiency".
In the field of services, perceived usefulness is used as a determinant of consumers' perceived satisfaction and continued use (Park and del Pobil, 2013; Wang et al., 2012). For example, Hung el at (2012) validated the relationship between perceived usefulness, satisfaction, usefulness, and sustained use in an application. Kim el at (2016) further studies the perceived usefulness and satisfaction of augmented reality technology and proves its positive correlation through users' perception of the use of augmented reality technology in the mobile environment. Therefore, in the context of e-commerce platform AI customer service, this study proposes the following hypothesis:
H7. Perceived usefulness is positively correlated with perceived satisfaction of e-commerce platform AI customer service.
H10. Perceived usefulness is positively correlated with the willingness to continue using e-commerce platform AI customer service.

Perceived Ease of Use
In terms of AI customer service on e-commerce platforms, current studies define perceived ease of use as each user's perception that AI customer service interaction does not require significant efforts to understand the problem of AI customer service and can easily solve the problem (Davis, 1989; Davis el at, 1989). Previous studies have demonstrated that perceived ease of use is an important factor that can positively influence consumers after using systems and services (Jo el at, 2018). In the context of AI customer service on e-commerce platforms, perceived ease of use is positively correlated with users' satisfaction with shopping on mobile applications (Natarajan et al, 2017). In addition, this relationship is found in the field of e-books (Hu and Zhang, 2016), medical and payment services (Cho, 2016; Chen and Wu, 2017) have been validated and explained. Therefore, this study proposes the relationship between perceived ease of use and user satisfaction with AI chatbot customer service.
H9. Perceived ease of use is positively correlated with perceived satisfaction of e-commerce platform AI customer service.
H10. Perceived ease of use is positively correlated with the willingness to continue using e-commerce platform AI customer service.

Trust
Trust refers to the consumer's commitment to the reliability and functionality of the service (Przegalinska et al., 2019). Rather than interpersonal trust between people, some consumers are more willing to trust the system because they perceive it as more objective and reasonable than humans (Przegalinska et al., 2019). Trust has always been a key topic across various research fields. Lu, Fan and Zhou (2016) examined the relationship between community commerce and trust, and how trust leads to purchase behavior. Hajli et al. (2017) found that trust has a positive impact on the business of social networking sites. Oliveira et al. (2017) designed an e-commerce trust model and measured the influence of trust. Bhandari and Rodgers (2018) showed that word-of-mouth can positively impact trust. Hoque and Alam (2018) investigated the effects of trust crises on sales volume under food safety risks. Przegalinska et al. (2019) identified key factors in user interactions with chatbots. Cheng et al. (2021) found that the trust generated through users' experience with chatbots on e-commerce platforms affects their continued use of the technology. In summary, trust is an important factor influencing users' willingness to use AI customer service on e-commerce platforms. Therefore, this paper proposes the following hypothesis:
H11. Users' trust in e-commerce platform AI customer service can significantly improve their satisfaction with AI customer service.
H12. Users' trust in e-commerce platform AI customer service can significantly enhance their willingness to continue using the service to resolve issues.

Research Model
To sum up, this study incorporates multiple theories into a fully integrated research model, which is necessary and valuable for measuring users' perception of AI chatbot customer service on e-commerce platforms. Based on the proposed hypothesis, the research model is shown in Figure 2.








Figure 2 Research Model
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3. Research Design and Methodology 
Questionnaire design
This study uses a two-part questionnaire to test the designed theoretical model. The first part is about the demographics of the participants and the second part is about measuring structural issues in the research model, such as problem solving, satisfaction, trust, Perceived usefulness, and perceived ease of use. In the first part, there are five questions about the basic information of the people under investigation, including age, educational background, frequency of use, etc. The fourth question, "Which e-commerce platforms have you used", is multiple choice questions (MCQs). The difference between the second part and the first part is that each question is measured using the Likert scale, and the answers range from (1) Strongly Disagree to (5) Strongly Agree. Most of these topics are adapted from previous research literature. Validation, satisfaction, and intent to continue use are adapted from Bhattacherjee(2001). Problem-solving is adapted from Dixon el at (2010). The Perceived usefulness and perceived ease of use scale was adapted from Davis (1989). Appendix A lists all the items used in this study.
Pilot Test and Data Collection
The questionnaire was tested using convenience sampling, a non-random sampling method commonly used for audience selection in research. This method is called "convenience" sampling because it selects an easily accessible audience or sample based on the convenience of the researcher or investigator (Sedgwick.P, 2013). The researchers collected the questionnaires using a large data-gathering platform called Julestar (www.wjx.com). This platform is currently the largest questionnaire collection platform in China with nearly 99.52 million users and 12.12 billion questionnaires collected (Yuan el at, 2023). The questionnaires were collected for one month from August 29 to September 29, 2023. The researchers collected a total of 521 questionnaires. After screening, a total of 514 valid questionnaires were obtained. Fill in the demographic data as shown in Table 1.

Table 1 Demographics of the Research Sample (n = 514)
	Measure
	Item
	Frequency
	Percentage (%)

	Gender
	Male
	118
	23

	
	Female
	395
	77

	Age
	Below 20
	30
	5.85

	
	20-30
	404
	78.75

	
	31-45
	31
	6.04

	
	Above 46
	48
	9.36

	Education
	High school or below
	21
	4.09

	
	Undergraduate degree
	443
	86.35

	
	Master degree
	41
	7.99

	
	Doctoral degree
	8
	1.56

	E-commerce platform experience (MCQs)
	Alipay
Taobao
Jingdong
Meituan
Others
	345
466
348
384
198
	67.25
90.84
67.84
74.85
38.6

	Using frequency
	Everyday
Every month
Every half year
Over half year
	148
234
85
46
	28.85
45.61
16.57
8.97



4. Data Analysis 
The analysis is carried out in a two-step process, that is, the first step checks the validity of the measurement model, and the second step checks the relationship between the structural model and the study structure (Anderson and Gerbing, 1988).
First, the mean value and standard deviation (SD) of the results of the questionnaire items are listed in Table 2 (DeCoster and Claypool, 2009). As for the average result, the sample of this time has a positive response to the AI customer service of the e-commerce platform and the willingness to continue using it, and all the result values are higher than 3.1 (full score of 5). For e-commerce platform AI customer service users, the average Perceived usefulness and Perceived ease of use are the highest, while the average problem-solving, and confirmation are the lowest.

Table 2 Means and SD of the constructs
	
	Descriptive statistics

	Constructs
	Means
	SD

	Problem-solving
	3.13
	0.71

	Confirmation
	3.13
	0.67

	Satisfaction
	3.23
	0.64

	Trust
	3.23
	0.67

	Perceived usefulness
	3.24
	0.63

	Perceived ease of use
	3.34
	0.63

	Customer continue using Intention
	3.30
	0.67



Cronbach's alpha (CA) and composite reliability (CR) are two key indicators for assessing the reliability of measurement data. To ensure scale reliability and validity, this study adapted scales from previous research. To enhance accuracy, we analyzed and tested the collected data to ensure scale reliability. Cronbach's alpha test was used to assess reliability. Alpha coefficients range from 0 to 1, with values above 0.6 and below 1 indicating strong reliability (Fornell and Larcker, 1981). Prior studies show that alpha values closer to 1 signify higher internal consistency of the questionnaire and better reliability. Values below 0.6 are considered low internal consistency and poor reliability. When alpha is 0.7-0.8, the scale has acceptable reliability. Values of 0.8-0.9 indicate high reliability. As seen in Table 5, all CA values are above 0.6, demonstrating acceptability. For CR, most items are 0.7 or close to 0.7, indicating reliability, except for perceived usefulness which is below 0.5, suggesting weak reliability for this construct which requires a larger sample size.
In order to test the accuracy of questionnaire design in questionnaire survey, validity analysis is an essential test method. The accuracy and validity of the items in the questionnaire design were tested by structural validity. The adaptability of potential variables in the questionnaire needs to be tested by content validity. In this study, the study group is relatively complete, and the questionnaire design is carried out according to the methods of previous studies. According to the sample data analysis in table 2, the p values of the Bartlett sphericity test of seven variables are all less than 0.001, the problem-solving KMO value is 0.697, and the KMO value of confirmation is 0.740. The KMO value for the customer continues using intention is 0.772. The remaining satisfaction, trust, perceived usefulness, and perceived ease of use were all 0.500, indicating a relatively low effect.
In exploratory factor analysis, the default extraction criterion of an eigenvalue greater than 1 was selected. As seen in Table 4, after factor extraction, two common factors were extracted: Factor 1 had a variance explanation rate of 62.15%, and Factor 2 had a variance explanation rate of 7.00%. The cumulative variance explanation rate for both was 69.15% (greater than 60%). This demonstrates that the extracted factors have a high degree of clarification, and the data is successful.
In quantitative research, statistical analysis of the correlation between two or more variables typically requires a correlation matrix. The relationship between variables can be represented numerically. Based on previous Pearson coefficient research, the correlation analysis criteria for coefficients between variables are strong correlation 0.7-1, moderate correlation 0.3-0.7, and weak correlation 0-0.3. As seen in Table 6, values above 0.6 for all 17 factors were acceptable. The discriminant validity in Table 6 needs to meet the requirement of correlation coefficients less than 1. The results show that the discriminant validity is acceptable.

Table 3 Scale Properties
	Scale
	KMO
	Bartlett Test

	Problem-solving
	0.697
	0.000

	Confirmation
	0.740
	0.000

	Satisfaction
	0.500
	0.000

	Trust
	0.500
	0.000

	Perceived usefulness
	0.500
	0.000

	Perceived ease of use
	0.500
	0.000

	Customer continue using Intention
	0.722
	0.000



Table 4 Total Variance Explained
	Component
	Initial Eigenvalues
	Extraction Sums of Squared Loadings

	
	Total
	% of Variance
	Cumulative %
	Total
	% of Variance

	1
	10.567
	62.159
	62.159
	10.567
	62.159

	2
	1.191
	7.003
	69.162
	1.191
	7.003

	3
	.892
	5.245
	74.407
	
	

	4
	.585
	3.438
	77.845
	
	

	5
	.533
	3.137
	80.983
	
	

	6
	.430
	2.530
	83.512
	
	

	7
	.412
	2.424
	85.936
	
	

	8
	.342
	2.014
	87.950
	
	

	9
	.307
	1.804
	89.754
	
	

	10
	.298
	1.751
	91.505
	
	

	11
	.283
	1.663
	93.169
	
	

	12
	.238
	1.401
	94.570
	
	

	13
	.217
	1.279
	95.849
	
	

	14
	.196
	1.153
	97.002
	
	

	15
	.187
	1.102
	98.103
	
	

	16
	.169
	.992
	99.096
	
	



Hypotheses Test
In this study, structural equation modeling (SEM) was used (Bagozzi el at, 1991) and AMOS was used to collectively measure the 12 hypotheses mentioned above. Each hypothesis-related path and its significance in the research model are tested and the variance (R2) is explained. Figure 3 shows the path coefficients and significance across the various paths in the model. According to the results, all 12 hypotheses were significant (p<0.001). In this study, AI customer service problem soving (β= 0.651, p<0.001), satisfaction (β= 0.813, p<0.001), trust(β=0.841, p<0.001), perceived usefulness(β=0.853, p<0.001), perceived ease of use(β=0.801, p<0.001). These variables have a 60% intention to use variance, which is a coefficient of determination of R2=0.6. Satisfaction is measured by confirmation(β= 0.780, p<0.001), perceived usefulness is measured by confirmation(β=0.755, p<0.001) and perceived ease of use by confirmation(β=0.605, p<0.001). In addition to the direct impact, both the perceived usefulness of confirmation (p<0.001) and perceived ease of use are positively correlated with the impact of satisfaction, which are 0.847 and 0.787 respectively. In addition, trust was positively correlated with satisfaction (β=0.756, p<0.001).
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	Constructs
	Indicators
	Factor loading
	Cronbach’s α
	CR
	AVE

	Problem-solving
	PS1
PS2
PS3
	0.68
0.77
0.69
	0.781
	0.76
	0.51

	Confirmation
	CF1
CF2
CF3
	0.77
0.69
0.63
	0.891
	0.74
	0.50

	Satisfaction
	SF1
SF2
	0.71
0.79
	0.725
	0.73
	0.57

	Trust
	TS1
TS2
	0.62
0.84
	0.795
	0.71
	0.55

	Perceived usefulness
	PU1
PU2
	0.62
0.73
	0.778
	0.47
	0.45

	Perceived ease of use
	PE1
PE2
	0.72
0.71
	0.821
	0.69
	0.53

	Customer continue using Intention
	CU1
CU2
CU3
	0.78
0.81
0.79
	0.896
	0.84
	0.63









Table 6 Discriminant Validity
	
	PS
	CF
	SF
	TS
	PU
	PE
	CU

	PS
	1
	
	
	
	
	
	

	CF
	.697**
	1
	
	
	
	
	

	SF
	.683**
	.793**
	1
	
	
	
	

	TS
	.631**
	.762**
	.791**
	1
	
	
	

	PU
	.644**
	.806**
	.847**
	.848**
	1
	
	

	PE
	.601**
	.623**
	.769**
	.705**
	.770**
	1
	

	CU
	.596**
	.692**
	.775**
	.832**
	.859**
	.743**
	1







Figure 3 Testing results
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5. Conclusion 
The model designed by this research institute takes problem solving, confirmation, satisfaction, trust, perceived usefulness and perceived ease of use as the framework. To gain an in-depth understanding of the determinants of users' continued use of AI chatbot customer service in e-commerce platforms (Yuan el at, 2023). The test results show that the hypotheses are supported by the analysis results.
Problem solving. Research shows that problem solving ability is an important function of AI chatbots. If AI customer service can better solve the problems raised by users, it will enhance the positive attitude of consumers to conduct business activities on the e-commerce platform and become dependent on this technology (Hsiao and Chen, 2022). In this study, users confirmed that they could use AI customer service for problem solving, and the result was significant (p<0.001). As previous studies have shown, the use of university chatbots can solve students' daily problems, and most students are satisfied after using them (Dibitoto el at, 2018).
ECM. Past research has shown that confirmation of consumer satisfaction affects their continued use of the technology. This is the same as the results of this study. This study found that satisfaction based on problem solving can further enhance users' motivation and interest to continue using. At the same time, satisfaction is a core factor in both TRA and ECM models. However, with the blessing of trust in TRA, the researchers found that users' confirmation of trust and trust-based satisfaction further enhanced their willingness to continue using, which not only brought about direct effects, but also had strong indirect effects and total effects (Hsiao and Chen, 2022). In addition, these two factors have a high impact factor across the model (both greater than 0.8), which means they are key factors for sustained use. This is the same as the results of Kasilingam's (2020) study on the positive impact of smartphone chatbots on users' willingness to use them. In TAM, perceived usefulness and perceived ease of use have a significant impact on satisfaction. The reason for the remarkable effect is that the ability to operate easily and solve problems accurately has become a basic requirement for AI interaction technology. Therefore, it is more important to combine the problem-solving ability of AI chatbot customer service with the satisfaction and trust degree of users' experience.











6. Reflection
This semester is the last course of my first year of doctoral study, and it is also the course of quantitative research methods that I like. Throughout the semester, I experienced rigorous courses, interesting class questions and answers, agonizing questionnaire design and challenging data analysis. I tried to make my research more perfect, and I was full of expectations to submit all the content after completion. I'm sure this sounds like perfectionism, but it's also my academic habit when I'm doing research. Therefore, I learned a lot of quantitative skills in the 4-month quantitative research methods course.
In the first two months of the course, the lecturer taught me some knowledge and skills of quantitative research, including hypothesis, questionnaire design and sample survey. Based on these skills, I repeatedly determined my current topic. However, the hypothetical model has never been settled. Because, I not only want to finish the assignment, I also want to publish this paper in the SSCI journal. Therefore, I revised my hypothesis three times, and finally put three models of ECM, TAM and TRA into my research to generate a new research model. After that, I collected more than 540 questionnaires using convenient sampling method, which lasted a whole month. This sample has far exceeded the minimum sample of 100 people prescribed by the course. Later, I learned how to measure data in SPSS in class.
We measured step by step according to what we talked about in the course and we got all the results. However, many difficulties are encountered in emulating correlation matrices in a paper where the factor loading of items in the table is smaller than the diagonal number (the diagonal number is derived from the root of AVE). Most of my numbers are above the AVE diagonal square root. I have adjusted the data for nearly three days, but there is still no result. After consulting a lot of literature, usually the diagonal value is 1, even if other numbers are greater than the AVE root can be used. Then I shared the results with my classmates, and we did a focus group for analysis and discussion.
In the process of completing the whole research, I met many difficulties. Most of the difficulties came from my desire to learn more about quantitative research, which led me to constantly need to look at previous studies and highly cited papers of my peers to replicate the actions of other researchers. Because I put a lot of pressure on myself, even though I tried, I was still learning how to use SmartPLS 3.0 for hypothesis testing when I finished my research. I'm sorry that I didn't finish it in this study. Another part of the pressure comes from my marriage planning. I plan to propose in Edinburgh in mid-August, which makes me unable to concentrate on my study. Fortunately, I finished the course and my marriage worked out.
To sum up, I learned a lot of knowledge about quantitative research in this course, which laid the foundation for my future doctoral study.
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Appendix
Constructs and items
Problem-solving	
1. You will proactively try to provide solutions to problems when you seek help from the AI customer service on the e-commerce platform.
2. The AI customer service will fully analyze the problems and evaluate different solutions when facing the complex problems raised by you.
3. The AI customer service on the e-commerce platform will not immediately seek human assistance when you seek solutions to problems; instead, it will provide various suggestions in the first place.

Confirmation
1. After submitting you confirm your agreement that the solution provided by the AI customer service is feasible.
2. After using it, do you confirm whether you are satisfied and believe that the e-commerce AI customer service can assist you in resolving the issues you encounter on the platform?
3. After using it, do you feel that the e-commerce platform's use of AI customer service-related technology provides users with more choices and flexibility?

Satisfaction 
1. After resolving the issue, do you confirm whether you are satisfied with the solution provided by the e-commerce AI customer service?
2. After using AI customer service-related technology, are you satisfied with the convenient operation and user-friendliness of the technology?

Trust
1. After using it, can you confirm that the e-commerce platform's AI customer service is trustworthy?
2. After using it, would you choose to trust in the problem-solving abilities of the AI customer service and continue using this technology?

Perceived usefulness
1. After using it, has AI customer service-related technology helped you achieve your goals and tasks?
2. After using AI customer service-related technology, are you satisfied with its usefulness?

Perceived ease of use
1. When using the e-commerce platform's AI customer service search feature, can you typically find the information you are looking for?
2. When interacting with AI customer service-related technology products, do you feel that the interface responds quickly?

Customer continue using intention
1. After using it, would you choose to continue using this technology to address issues encountered on the e-commerce platform due to your satisfaction with AI customer service's problem-solving capabilities?
2. After using it, I will continue to use AI customer service because this technology makes it more convenient for me to solve issues on the platform.
3. After using it, I will continue to use AI customer service because this technology offers a smooth and user-friendly experience.
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