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Abstract

:

Developing banking services based on technology is an inevitable and objective trend in the era of international economic integration. This study aims to determine the factors impacting the adoption and use of online banking services in Vietnam. The proposed research model is based on the adjustment of Unified Theory of Acceptance and Use of Technology (UTAUT2). We employed the structural equation modeling (SEM) and artificial neural network model (ANN) to comprehensively evaluate the linear and non-linear effects of factors on the adoption and use of online banking services in Vietnam. With survey data of 433 customers from three key economic areas in Vietnam, the result shows that the factors of expected efficiency, cost, expected effort, brand image, perceived risk, and social influence impact behavioral intention to use online banking services. At the same time, the behavioral intention to use online banking services also increases the decision to choose online banking services. Based on the results, we propose some implications for Vietnamese commercial banks to increase the acceptance of online banking.
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1. Introduction


From the early 1990s to the present, digital technology has continuously developed, reflecting the enormous revolution of new technologies and their application to corporations, firms, customers, as well as governments. In particular, the Internet is the most rapidly developing form of media in history, with the number of users increasing significantly year by year. The Internet has changed the business method in many fields. In the banking sectors, the Internet has created big changes in this business sector [1]. The banking sector is one of the sectors most affected by technology [2,3] due to its ability to process and provide service information to all users [4]. In addition, increasing competition in the banking sector forces suppliers to develop and use alternative distribution channels [5]. Therefore, the application of information technology and the Internet to create new products is a revolution in the approach of banks to provide convenient, reliable, and fast services to customers [4]. One of the products created from the application of information technology and the Internet is online banking, a banking service that allows users to be “at home” and use the service at any time through an internet connection [6]. In online banking services, the restrictions of time and geography have been removed, and customers can access their bank accounts and make transactions at almost anytime and anywhere via computers and an internet gateway [7]. In addition, when using online banking services, customers can reduce the risk of money loss, counterfeit money, and wasted time. Online transactions reduce the lack of transparency compared to cash transactions [8,9].



However, studies confirm that many individual customers are reluctant to adopt and use online banking services because of many reasons such as society, culture, and economy [10,11,12]. This is because of two reasons: First, the perception of financial service customers is still limited, sometimes creating “security holes”, especially individual customers. People are still not aware of the confidentiality of personal information such as full name, identity card number, passport, address, date of birth, and account number. It greatly increases the risk of safety loss to customers themselves as well as commercial banks. Second, individual customers often have fewer online banking transactions than corporation customers, especially customers in small cities and rural and mountainous areas. Therefore, it is important to understand the factors affecting the choice of online banking services.



There are many studies aimed at determining the factors impacting the intention and decision to choose online banking. However, these studies mainly use the theory of reasoned action (TRA) [13,14], theory of planned behavior (TPB), and technology acceptance model (TAM) [15]. For example, the study of Naruetharadhol et al. [16] developed a model based on TAM to examine the factors affecting the intention to use mobile payments with 688 mobile payment service users in Thailand. Ananda et al. [17] extended TAM to examine the factors influencing the intention to use digital banking with 200 individual customers of seven local banks and two Islamic banks across Oman. Mortimer et al. [18] developed a model based on TAM to empirically examine the motivations affecting the intention to use mobile banking of 348 consumers in Thailand and Australia. These studies have shown the factors affecting the consumer’s acceptance of using banking services. However, according to Venkatesh et al. [19], the studies based on the above theories are not really comprehensive. On the basis of synthesizing the above theories in the most comprehensive way, Venkatesh et al. [20] proposed the Unified Theory of Acceptance and Use of Technology (UTAUT). Due to its high generalizability, UTAUT is used by many researchers to assess the adoption and use of technology [11,12,21,22]. However, UTAUT has still not covered all the factors affecting the adoption and use of technology [19]. Therefore, in this study, we use UTAUT2, an extension of UTAUT, to assess the factors affecting the adoption and use of online banking services to overcome the limitations of previous studies.



In addition, the previous studies used structural equation modeling (SEM) to estimate the parameters and draw conclusions about the research hypothesis. However, SEM only evaluates the linear relationship between variables in the model and cannot evaluate the non-linear relationship. To solve this issue, we use the artificial neural network model (ANN) to evaluate the non-linear relationship between the variables in the model. To the best of our knowledge, there are no studies related to this topic using both SEM and ANN models to evaluate the factors affecting the adoption and use of online banking services by customers.



After this section, Section 2 will present the literature review and the development of hypotheses. Section 3 will present the methodology. The results of the research will be shown in Section 4. Finally, Section 5 will present the conclusions and management implications.




2. Literature Review and Development of Hypotheses


The Unified Theory of Acceptance and Use of Technology (UTAUT) was used by Venkatesh et al. [20] to explain the behavioral intention and usage choice of users towards technology. UTAUT is built on the basis of the development of previous models: TRA, TPB, TAM, and IDT.



By investigating, testing, and comparing the advantages and limitations of previous models, Venkatesh built the UTAUT model focusing on researching four key factors: performance expectancy, effort expectancy, social influence, and facilitating condition. These four factors are believed to directly influence the usage intentions and behaviors towards technology of individual customers.



UTAUT2 is an extension of the UTAUT model after adding new factors [19]. According to Yaseen and Qirem [21], UTAUT2 needs to be adjusted when conducting research in order to provide relevant information to the surveyed subjects. The first adjustment is related to the facilitating condition factor in the UTAUT2 model. In particular, Venkatesh et al. [19] argue that the facilitating condition factor is the condition that promotes or prevents the behavioral intention to choose. However, the promoting conditions are related to the effort expectancy and performance expectancy factors mentioned in the model. On the other hand, the anxiety of security risks has a negative impact on the acceptance of online banking services. People who have high anxiety will avoid technology due to fears of password theft or errors while using the services [22]. Therefore, in this study, we propose the perceived risk factor to replace the facilitating condition factor in the UTAUT2 model. Next, the factor that needs to be adjusted is the hedonic motivation factor in the UTAUT2 model. According to Venkatesh et al. [19], the hedonic motivation factor is related to customers’ perceived happiness when using the services. However, many researchers have shown that hedonic motivation is closely related to banking brand. The brand image represents the level of service users and is an important factor in the overall evaluation of a bank’s services [23,24,25,26].



2.1. Effort Expectancy


Effort expectancy is the expected ease of use of a new service [19]. In the field of banking technology, the effort expectancy in using a service is a factor associated with usage ease [15], complexity [27], simplicity, and how easy it is to understand [28]. Venkatesh et al. [19] argue that an easy-to-use online banking service will encourage individual customers to have a positive attitude about this technology and tend to use it. According to a study by Gupta and Arora [29] on the factors affecting the acceptance and use of the mobile payment system in India, the effort expectancy has a positive impact on the intention to use this service. In another study on the factors affecting the intention to use Internet banking of Jordanian customers, Alalwan et al. [30] also found a positive effect of effort expectancy on intention to use Internet banking. Similarly, in a study of factors that help explain customer willingness to adopt mobile banking of Iranian private banks, Farzin et al. [31] also found evidence that when a customer believes that a new technology is easy to use, the chances of adopting a mobile banking service are significantly increased. Therefore, we propose the following hypothesis:



Hypothesis 1 (H1).

Effort expectancy has a positive impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.2. Performance Expectancy


According to Davis [32], performance expectancy is the degree to which an individual believes that using the system will help them achieve their work goals. Performance expectancy from a service stems from the usefulness that the service brings [32]. Performance expectancy has an important influence on customers’ acceptance of online banking service choices [19]. Because online banking services allow users to control their accounts from anywhere at a convenient time and at a lower cost, this brings many advantages to users in terms of price and convenience [33]. In recent studies on the factors affecting the intention to use financial services such as mobile payment services or online banking, performance expectancy is considered to have a positive impact on customer intention to use it [21,29,30,31,34]. Therefore, we propose the following hypothesis:



Hypothesis 2 (H2).

Performance expectancy has a positive impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.3. Brand Image


The brand image of a bank is very important in the service business field, and the image can be built mainly on the service quality, including many factors such as culture, ideology, slogan, and public relations [35]. In studies in different countries, it has been confirmed that the supplier image factor is one of the important factors affecting the usage intention and acceptance of customers’ online banking services. Specifically, Rambocas et al. [25] investigated the link between brand equity and customer service intention in four retail banks in Trinidad and Tobago. Rambocas et al. [25] found that brand equity had a positive influence on the intention to use banking services. Another study, conducted by Linh et al. [26] in Vietnamese commercial banks, found that brand equity had an effect on customers’ intention to use banking services. Therefore, we propose the following hypothesis:



Hypothesis 3 (H3).

Brand image has a positive impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.4. Perceived Risk


Perceived risk has an important impact on the behavioral intention to choose online banking services in the context of electronic commerce. Aspects of risk when using services are always a possibility mainly due to the user’s negligence and vigilance, which will directly affect customers’ behavioral intention and satisfaction. Suganthi [36] argue that security concerns have an important impact on the acceptance of using new technology. If online banking services have a high risk, customers will develop anxiety, and this results in psychological anxiety or emotional reactions when performing a specific behavior. Risk and privacy are the potential factors affecting the application of online banking. Online banking services are facilitated by bank’s reputation regarding size, perception, and reliability [33]. Banks have the means to create awareness of good security, reducing risk, and not violating personal privacy, which will improve a customer’s perception of online banking services, thereby encouraging a customer to accept use of the services. Several empirical studies have also demonstrated that perceived risk is a negative factor on customers’ intention to use online banking services [34,37,38,39]. Therefore, we propose the following hypothesis:



Hypothesis 4 (H4).

Perceived risk has a negative impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.5. Cost Value


According to Venkatesh et al. [19], the cost value is customers’ comparative perception of the cost that they have to pay to use a new service with the benefits that the service brings. The types of costs that the users often pay when using online banking services in Vietnam are account maintenance fees, annual fees, account management fees, transfer fees, and statement printing fees. According to Liao and Cheung [40], price and cost show that there is a constraint on the actual use of online banking services. Through online banking services, customers can take advantage of the reduced transaction time, then the low prices together with price incentives will encourage customers to use online banking services [41]. Polatoglu and Ekin [33] also confirm that online banking users are significantly satisfied with the cost savings when using this service. Similarly, Migliore et al. [34] also found evidence of a positive effect of cost savings on the behavioral intention to use mobile payment services. Therefore, we propose the following hypothesis:



Hypothesis 5 (H5).

The lower cost value has a positive impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.6. Social Influence


Social influence is defined as the degree to which an individual is influenced by other important people to believe in using a particular technological application [20]. Collectivist customers often see themselves as members of a community, emphasizing the opinions of others or group standards, being submissive, maintaining relationships, and being more attentive to the needs and wants of others [13,15]. Datta [42] argued that for consumers who lack expertise, referrals from their friends will become a significant factor in determining behavioral intention [14,42]. The experimental studies of Tarhini et al. [43] and Gupta and Arora [29] have all shown that social influence is one of the factors that positively affects customers’ intention to use online banking. Additionally, recent studies by Farzin et al. [31] and Migliore et al. [34] have demonstrated that when influential individuals endorse new technologies, customers are more willing to accept them. Therefore, we propose the following hypothesis:



Hypothesis 6 (H6).

Social influence has a positive impact on the behavioral intention to choose online banking services of individual customers at commercial banks.






2.7. Decision to Choose


Decision to choose is the attitude towards the acceptance of using online banking services in the future. Intentions turned into behavior will occur if the individual has a positive assessment of performing the behavior. The stronger intention towards a given behavior, the stronger an individual’s decision to accept that behavior [15,34,44,45]. The theory of behavioral intention suggests that the behavioral intention of an individual is influenced by controlling his or her behavioral and perceived ability. This is based on the premise that an individual can take part in performing a behavior when they believe that they have enough resources and self-perceived ability to perform that behavior effectively. Taylor and Todd [42] suggest that the effectively self-perceived ability has an impact on the intention to use online banking services.



Hypothesis 7 (H7).

Behavioral intention has a positive impact on the decision to choose online banking services of individual customers at commercial banks.





The research model, including six predictors of the behavioral intention and decision to use online banking services, is presented in Figure 1.





3. Research Methodology


3.1. Sample and Data Collection


We built a survey questionnaire based on the research model to collect data. Specifically, we used the scale of effort expectancy from Pikkrainen et al. [44] with four observed variables. The scale of performance expectancy is also taken from Pikkrainen et al. [44] with four observed variables. The brand image scale is taken from Nguyen and LeBlanc [24] with four observed variables. The scale of perceived risk is taken from Chan and Lu [45] with four observed variables. The cost value scale is taken from Poon [39] with four observed variables. The social influence scale is taken from Venkatesh et al. [20] with four observed variables. The scale of behavioral intention to use online banking services is taken from Al-Somali et al. [46] with four observed variables. The scale for the decision to use online banking services is taken from Gupta and Arora [29] with three observed variables. The items in each scale are presented in Table 1.



The observed variables are measured through a 5-point Likert scale (score 1 represents strong disagreement, while score 5 represents strong agreement with the statement). Next, we conducted a preliminary study including two steps. Step 1: we used a focus group consisting of researchers in the banking and finance sector at universities and managers at commercial banks. The focus group was asked about the appropriateness of the scales in the research model and the clarity of the statements in the questionnaire. Step 2: the questionnaire was piloted on a small sample with the participation of 50 customers who have been using online banking services. The participants indicated the clarity of the questionnaire that they were given. Finally, the questionnaire, after being adjusted through the above 2 steps, was used to collect data for the official study.



The official research was conducted with a sample of 443 customers that had used online banking services of commercial banks in the three largest cities and provinces in Vietnam, namely Ho Chi Minh City, Ha Noi, and Da Nang. These localities were chosen because they can represent three regions of Vietnam, including the North, Central, and South. In each province, we interviewed 180 customers that had used online banking services of commercial banks. The questionnaires were distributed to customers through our relationships at commercial banks. Due to the survey being in many locations, we selected the customers according to the conventional method. To select data, we sent out 480 questionnaires and got back 462 questionnaires. Then, we eliminated 19 questionnaires that had a lack of response information. The sample size to conduct the research is 443 questionnaires with full necessary response information. The demographic structure of the samples is shown in Table 2.




3.2. Data Analysis


The data analysis process was carried out in 3 steps:



Step 1: we evaluated the reliability of the scales corresponding to 8 factors in the model, which are effort expectancy, performance expectancy, brand image, perceived risk, cost value, social influence, intention to use online banking services, and decision to use online banking services. The reliability assessment was conducted through Cronbach’s Alpha coefficient. In addition, convergent validity, discriminant validity, and composite reliability were also tested by using confirmatory factor analysis (CFA).



Step 2: we estimated SEM by the maximum likelihood estimation to test the stated hypotheses.



Step 3: factors affecting the intention to use online banking service which were tested in the SEM model were redefined by the ANN model. As emphasized earlier, the use of ANN is to test the effects of these factors in non-linear conditions. In addition, the results of ANN are also more accurate and robust than SEM [47].



ANNs are computational tools that simulate neural networks in the human brain and are capable of non-linear mapping relationships between input and output variables. The analytical efficiency of ANNs has yielded remarkable results in many different fields, and artificial neural networks are increasingly being used in statistical scientific research [48]. ANNs have many different forms when applied to research practice. In this study, we use multilayer perceptron (MLP), a common form of ANN in economic research. MLP is divided into several layers, including an input layer, one or more hidden layers, and an output layer. Choosing the number of the MLP hidden layers depends on the complexity of the problem to be solved. In economic research, universal approximation theory suggests that an MLP network having a single hidden layer with a sufficiently large number of neurons can interpret any input-output structure [49]. Therefore, in this study, we use an MLP network with one input layer, one hidden layer, and one output layer. The input layer will have a number of neurons equal to the number of factors affecting the intention to use online banking services that have been tested from the SEM model. The output layer will have one neuron as a dependent factor. The number of neurons in the hidden layer will be determined according to the formula proposed by Fang and Ma [50] as follows:


  k = l o  g 2   ( n )   








where k is the number of neurons in the hidden layer and n is the number of neurons in the input layer.



Besides determining the number of neurons in the hidden layer, in this study, we use the Sigmoid function as the activation function for neurons in both the hidden and output layers. Data analysis was performed using SPSS 25 and AMOS 20 software.





4. Empirical Results and Discussion


4.1. The Results of Reliability, Convergent Validity, Discriminant Validity, and Composite Reliability Tests


Table 3 shows the results of the reliability analysis of the scales corresponding to 8 factors in the model: effort expectancy, performance expectancy, brand image, perceived risk, cost value, social influence, behavioral intention to use online banking services, and decision to choose to use online banking services.



Columns 3, 4, and 6 in Table 3 show the mean, variance, and Cronbach’s Alpha coefficient of the scale when removing each item, respectively. Column 5 in Table 3 shows the corrected item-total correlation, which represents the correlation of each item with the rest of the items on the scale. Table 3 shows that all scales are reliable because Cronbach’s Alpha coefficients are all more than 0.7 [51]. Specifically, Cronbach’s Alpha coefficients range from 0.797 to 0.885. In addition, the corrected item-total correlation coefficients are all greater than 0.3, showing that the items are reliable.



Next, we perform an Exploratory Factor Analysis by Principal Axis Factoring method with Promax rotation to identify latent factors. The results are presented in Table 4.



Table 4 shows that KMO has a value of 0.878, which is greater than 0 and less than 1, showing that exploratory factor analysis is consistent with the data [52]. In addition, Bartlett’s test has a significance level of 0.000 showing that items are correlated with latent factors [52]. The results of Exploratory Factor Analysis extracted seven latent factors consistent with the research model originally proposed. The exploratory factor analysis results also show that the total variance explained is 58.362%, lower than the 70% threshold. However, according to Hair et al. [53], in social sciences, a field of research where data information is often inaccurate, a total variance explained of 60% (or even less) is satisfactory. In addition, Fornell and Larcker [54] also suggested that a total variance explained greater than 50% is satisfactory.



The exploratory factor analysis identified latent factors and measured observed variables for each latent factor. The exploratory factor analysis results are the premise for the next confirmatory factor analysis. Table 5 below presents the standard loadings of the confirmatory factor analysis.



Table 5 shows that most of the standard loadings are greater than 0.7, with the exception of four standard loadings that are less than 0.7 (but still greater than 0.5). This result implies that the scales have convergence.



To access the goodness of fit of the proposed model, we continue to consider the model’s goodness of fit indicators. They are relative fix index (FRI), adjusted goodness-of-fit index (AGFI), goodness-of-fit index (GFI), normed fit index (NFI), comparative goodness of fit (CFI), Tucker–Lewis Index (TLI), incremental fit index (IFI), and root mean square error of approximation (RMSEA). The values of these indicators are shown in Table 6.



The Chi-square/df value of 1.932 is lower than the threshold of 3, recommended by Carmines and McIver [55]. The values of RFI, AGFI, GFI, and NFI are 0.886, 0.890, 0.912, and 0.902, respectively. For the CFI, TLI, and IFI, the obtained values are all greater than 0.90. The RMSEA is also in the desired range between 0.05 and 0.08 [52]. Thus, the proposed model is consistent with the data.



Table 7 presents the result of the intercorrelation matrix, the values of average variance extracted (AVE), and the composite reliability (CR) of each scale corresponding to each factor in the model. The result shows that AVEs are all greater than 0.5. Therefore, all of the factors in the model converge [54]. In addition, the correlation coefficients between factors have an absolute value less than 0.85. Therefore, the factors in the model all discriminate [56]. Finally, the CRs of the factors are all higher than 0.6 [57].




4.2. The Result of SEM


To test the research hypothesis, we estimate the SEM. The result of the estimations is presented in Figure 2.



Table 8 shows that the Chi-square/df value of 2.124 is lower than the threshold of 3, recommended by Carmines and McIver [55]. The values of RFI, AGFI, GFI, and NFI are 0.870, 0.865, 0.890, and 0.887, respectively. For the CFI, TLI, and IFI, the obtained values are all greater than 0.90. The RMSEA is also in the desired range between 0.05 and 0.08 [52]. Thus, the SEM is consistent with the data.



The result of testing the research hypothesis is presented in Table 9. Table 9 shows that the coefficient of the cost value factor is 0.146 and is significant at the level of 1%. Therefore, the cost value has a positive impact on the behavioral intention to use online banking services, and hypothesis 5 (H5) is supported. This result is also consistent with Migliore et al. [34], Polatoglu and Ekin [33], Liao and Cheung [40]. The impact of cost value on behavioral intention to use online banking services in Vietnam is similar to the results obtained from Singapore, Turkey, China, and Italy. In fact, online banking can help customers save transaction time. At the same time, low transaction costs will encourage customers to use online banking services.



Next, the regression coefficient of the performance expectancy is 0.331 and significant at the level of 1%. Thus, the performance expectancy has a positive impact on the behavioral intention to use online banking services, and hypothesis 2 (H2) is supported. This result is also consistent with Polatoglu and Ekin [33], Gupta and Arora [31], Alalwan et al. [32], Yaseen and Qirem [23], Migliore et al. [34], and Farzin et al. [31]. The impact of performance expectancy on behavioral intention to use online banking services in Vietnam is similar to the results obtained from Turkey, India, Jordan, China, and Italy. In fact, online banking in Vietnam is growing in popularity, providing customers with benefits such as instant, fast, and personalized services. Therefore, customers can accept online banking because they believe it is a useful and convenient tool to carry out banking transactions.



The regression coefficient of the perceived risk is −0.282 and significant at the level of 1%. Thus, the perceived risk has a negative impact on the behavioral intention to use online banking services, and hypothesis 4 (H4) is supported. This result is also consistent with Suganthi [36], Polatoglu and Ekin [33], Gupta and Arora [31], Alalwan et al. [32], Yaseen and Qirem [23], and Migliore et al. [34]. The impact of perceived risk on behavioral intention to use online banking services in Vietnam is similar to the results obtained from Malaysia, Turkey, India, and Jordan. In Vietnam, perceived risk is an important aspect when customers form an intention to use or refuse online banking services. The reality of Vietnam’s banking activities in recent years shows that perceived risks stem from customers’ concerns about the lack of security when using online banking services.



The regression coefficient of the brand image is 0.252 and significant at the level of 1%. Thus, the brand image has a positive impact on the behavioral intention to use online banking services, and hypothesis 3 (H3) is supported. This result is also consistent with Hernandez and Mazzon [58], Poon [39], Rambocas et al. [27], and Linh et al. [28]. With a developing market, like in Vietnam, possible hazards in banking activity are unavoidable. Therefore, banks with big brands typically provide clients comfort of mind while utilizing the service. In addition, the bank’s brand is also a factor that reflects the level of clients while utilizing it.



In addition, the regression coefficient of the social influence is 0.186 and significant at the level of 1%. Thus, the social influence has a positive impact on the behavioral intention to use online banking services, and hypothesis 6 (H6) is supported. This result is also consistent with Tarhini et al. [21], Gupta and Arora [31], Farzin et al. [31], Migliore et al. [34]. The impact of social influence on behavioral intention to use online banking services in Vietnam is similar to the results obtained from Lebanon, India, China, and Italy. This result shows that, in Vietnam as well as in other countries, when new technologies, such as online banking, are endorsed by influential individuals, customers are more likely to accept them.



The regression coefficient of the effort expectancy is 0.335 and significant at the level of 1%. Thus, the effort expectancy has a positive impact on the behavioral intention to use online banking services, and hypothesis 1 (H1) is supported. This result is also consistent with Gupta and Arora [31], Alalwan et al. [32], and Farzin et al. [31]. The impact of effort expectancy on behavioral intention to use online banking services in Vietnam is similar to the results obtained from India, Jordan, and Iran. This result implies that customers are often looking for technologies to simplify their operations with as little effort as possible. When customers believe that online banking is easy to use, the chances of accepting this service increase significantly.



Finally, the regression coefficient of the behavioral intention to use online banking services is 0.9997 and significant at the level of 1%. Thus, the behavioral intention to use online banking services has a positive impact on the decision to choose online banking services, and hypothesis 7 (H7) is supported. This result is also consistent with Davis [15], Taylor and Todd [42], and Kijsanayotin et al. [59]. Like previous studies, in this study, behavioral intention is proven to be a factor leading to customers’ decision to use services. In fact, when customers intend to use the service in the Vietnamese market, they will almost certainly perform their service use behavior.



In addition, the standardized regression weights show that effort expectancy has the strongest impact on the behavioral intention to use online banking services. Meanwhile, the cost value factor has the weakest impact on behavioral intention to use online banking services. The other factors in order of affecting the behavioral intention to use online banking services from strong to weak are performance expectancy, perceived risk, brand image, and social influence, respectively.




4.3. The Result of MLP Model


The estimation result of SEM shows that the factors affecting the behavioral intention to use online banking services are cost value, performance expectancy, perceived risk, brand image, social influence, effort expectancy. Therefore, these six factors will be brought to the input layer of the MLP model. The output layer is the behavioral intention to use online banking services factor. To the hidden layer, in the case of six input factors, the number of neurons in the hidden layer is   l o  g 2   ( 6 )  = 2.58  . Thus, the number of neurons in the hidden layer is 3. The Sigmoid function is used as the activation function of the neurons in the hidden and the output layers. In this study, we use 90% of the sample data to train the model, and the remaining 10% is used to test the accuracy of the model. An MLP model is shown in Figure 3.



Table 10 shows that the average sum of square errors of 10 models is relatively small (4.100 for the training data and 0.468 for the testing data), which means the prediction level of the model is fairly accurate.



The importance of each influencing factor shows how the intention to use online banking services will change when the influencing factor changes. To see the importance of each influencing factor, we evaluate through the normalized importance of each factor. Specifically, the normalized importance of a factor is the ratio of the factor’s importance to the highest importance. The results of the importance of each factor are presented in Table 11.



Table 11 shows that the effect of performance expectancy on behavioral intention to use online banking services has the highest importance (100%). At the same time, the impact of social influence on behavioral intention to use online banking services has the lowest importance (33.3%). The remaining factors of importance in order are cost value (79.5%), effort expectancy (56.6%), brand image (56.4%), and perceived risk (36.1%). Thus, when controlling for the non-linear relationship through the MLP model, the impact of the factors on the behavioral intention to use online banking services has changed compared to the results obtained from the SEM.





5. Conclusions and Implication


5.1. Conclusions


The result shows that performance expectancy, cost value, effort expectancy, brand image, and social influence all positively impact the behavioral intention to use online banking services. Thus, increasing the factors of performance expectancy, cost value, effort expectancy, brand image, and social influence can increase the customer’s intention to use online banking services, while the perceived risk has a negative impact on the behavioral intention to use online banking services. This means that when customers feel that online banking services are risky, their behavioral intention to use online banking services will decrease.



At the same time, the behavioral intention to use online banking services also has a positive impact on the decision to choose to use online banking services. This result indicates that when customers form an intention to use, they will quickly make a decision to choose online banking services. The findings in this study are supported by Polatoglu and Ekin [33], Suganthi [36], Hernandez and Mazzon [58], Poon [39], Davis [15], Kijsanayotin et al. [59], Tarhini et al. [21], Gupta and Arora [31], Alalwan et al. [32], Yaseen and Qirem [23], Rambocas et al. [27], Linh et al. [28], Migliore et al. [34], and Farzin et al. [31]. Moreover, these results also shed light on the validity of the UTAUT2 model when conducting research on the adoption and use of technology in the Vietnamese market.



Next, the significant contribution of this study is the resolution of the non-linear relationship between the factors in the proposed model by using the MLP model. We have discovered that there are different impact levels of factors on intention to use online banking services between the MLP and SEM models. Specifically, the SEM model shows that the order of factors affecting the behavioral intention to use online banking services from strong to weak is effort expectancy, performance expectancy, perceived risk, brand image, social influence, and cost value, respectively. Meanwhile, the MLP model shows that the order of factors affecting the intention to use online banking services from strong to weak is performance expectancy, cost value, effort expectancy, brand image, perceived risk, and social influence, respectively. From the economic perspective, the results obtained from the MLP model show a better fit than the SEM model.




5.2. Implications to Practice


Therefore, in order to increase the customer’s adoption and use of online banking services, banks should aim to increase the positive influencing factors and limit the negative influencing factors. For example, in order to increase the performance expectancy factor, banks need to have a strategy to develop service quality and increase service convenience. The key point here is to change the cash payment habits of customers so that they realize that the online banking service is very convenient, saving money and time. Therefore, the leading policy of banks is to promote, introduce and guide for customers in this service as well as the utility and usefulness of the service. In order to increase the cost value, commercial banks need to develop appropriate policies on payment service fees to encourage customers to make payments on electronic channels. Commercial banks need to strengthen links with each other to reduce interbank transaction fees and create reasonable fees. In order to increase the expected effort, commercial banks need to design a website interface that meets the optimal standards of service quality, simplify operations and service steps, and has detailed instructions, ensuring convenience, and user-friendliness. In order to increase the brand image, commercial banks need to strengthen to promote the brand image of the bank and its products. In order to minimize the perceived risk of customers, banks need to build an overall security architecture, a fraud analysis system, and an early warning system of suspicious transactions, incidents, and possible risks. In order to increase social influence, banks need to increase appropriate marketing policies according to customers and geographical areas.




5.3. Limitations and Future Research Directions


Although the research objectives have been achieved, this study still has some limitations and opens up future research directions. First, the current sample is only within three areas, Ho Chi Minh, Da Nang, and Ha Noi. Therefore, in order to be able to more accurately assess the impact of these factors on the intention and decision to use online banking services, it is necessary to further expand the sample size and the scope of research in other areas. Second, the research object focuses on individual customers who are using online banking services, not with customers who have not used online banking services and corporate customers. Therefore, future studies need to expand the research object to obtain more general results. Third, in addition to the factors affecting the behavioral intention to use online banking mentioned in the model, the behavioral intention to use is also affected by other factors. Therefore, future studies need to add new factors to search for other results.
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Figure 1. Proposed Research Model. 






Figure 1. Proposed Research Model.
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Figure 2. The Structural Equation Model. Effort expectancy (DSD), performance expectancy (HI), perceived risk (RR), brand image (HA), cost value (CP), social influence (XH), behavioral intention (YD), decision to choose (LC). 
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Figure 3. MLP model. Effort expectancy (DSD), performance expectancy (HI), perceived risk (RR), brand image (HA), cost value (CP), social influence (XH), behavioral intention (YD). 
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Table 1. The scale items.






Table 1. The scale items.





	
Construct

	
Code

	
Measures

	
References






	
Effort Expectancy

	
DSD1

	
I find it very easy to learn how to use online banking.

	
Pikkrainen et al. [44]




	
DSD2

	
I find using online banking flexible and easy.




	
DSD3

	
I find the operations performed on online banking to be clear and easy to understand.




	
DSD4

	
If guided, I can immediately use online banking fluently.




	
Performance Expectancy

	
HI1

	
I find that using online banking makes banking transactions easier

	
Pikkrainen et al. [44]




	
HI2

	
I find that using online banking helps me control my finances effectively.




	
HI3

	
I find that using online banking saves me time.




	
HI4

	
I find that online banking helps me increase the efficiency of my life and work.




	
Brand Image

	
HA1

	
I usually have a good impression of this service supplier.

	
Nguyen and LeBlanc [24]




	
HA2

	
In my opinion, other people also have a good impression of this service supplier.




	
HA3

	
I find this ’supplier’s image better than other competitors.




	
HA4

	
The quality of this provider is up to the standard, so I can rest assured to use the service.




	
Perceived Risk

	
RR1

	
I am concerned that my privacy may not be guaranteed when using online banking.

	
Chan and Lu [45]




	
RR2

	
I assume that others may forge my information.




	
RR3

	
I am not sure about the technology used in online banking.




	
RR4

	
I realize that there may be a fraud to lose money when using online banking.




	
Cost Value

	
CP1

	
I find that the cost through online banking is lower than that of over-the-counter transactions.

	
Poon [39]




	
CP2

	
I noticed that the bank offers many free online banking services.




	
CP3

	
I find using online banking saves me time and money.




	
CP4

	
I feel it is not expensive to use online banking service.




	
Social Influence

	
XH1

	
My relatives think I should use online banking.

	
Venkatesh et al. [20]




	
XH2

	
Most of the people around me think that I should use online banking.




	
XH3

	
My manager thinks I should use online banking.




	
XH4

	
People with high status in society that I know all use online banking.




	
Behavioral Intention

	
YD1

	
I will recommend online banking to others in the near future.

	
Al-Somali et al. [46]




	
YD2

	
I intend to use online banking more often in the future.




	
YD3

	
I plan to use more online banking services in the near future.




	
YD4

	
I will continue to use online banking for financial transactions in the future.




	
Decision to choose

	
LC1

	
I sometimes use online banking.

	
Gupta and Arora [29]




	
LC2

	
I regularly use online banking for financial transactions.




	
LC3

	
I use more online banking services besides the ones I used
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Table 2. Demographic Structure of Participants.
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Frequency

	
Percent

	
Valid Percent

	
Cumulative Percent






	
Age

	
18–35

	
132

	
29.8

	
29.8

	
29.8




	
35–45

	
239

	
54.0

	
54.0

	
83.7




	
45 or more

	
72

	
16.3

	
16.3

	
100.0




	
Total

	
443

	
100.0

	
100.0

	




	
Gender

	
Female

	
244

	
55.1

	
55.1

	
55.1




	
Male

	
199

	
44.9

	
44.9

	
100.0




	
Total

	
443

	
100.0

	
100.0

	




	
Degree

	
Bachelors

	
211

	
47.6

	
47.6

	
47.6




	
Doctorate

	
79

	
17.8

	
17.8

	
65.5




	
Masters

	
153

	
34.5

	
34.5

	
100.0




	
Total

	
443

	
100.0

	
100.0
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Table 3. Reliability Analysis.






Table 3. Reliability Analysis.





	
Factors

	
Items

	
Scale Mean if Item Deleted

	
Scale Variance if Item Deleted

	
Corrected Item-Total Correlation

	
Cronbach’s Alpha if Item Deleted

	
Cronbach’s Alpha






	
Effort Expectancy

	
DSD1

	
10.13

	
3.396

	
0.601

	
0.751

	
0.797




	
DSD2

	
10.05

	
3.192

	
0.606

	
0.747




	
DSD3

	
10.07

	
3.280

	
0.571

	
0.764




	
DSD4

	
10.10

	
2.990

	
0.658

	
0.720




	
Performance Expectancy

	
HI1

	
9.49

	
3.065

	
0.637

	
0.790

	
0.827




	
HI2

	
9.35

	
2.964

	
0.649

	
0.784




	
HI3

	
8.86

	
2.798

	
0.707

	
0.756




	
HI4

	
8.76

	
2.865

	
0.623

	
0.797




	
Perceived Risk

	
RR1

	
8.33

	
3.037

	
0.637

	
0.812

	
0.838




	
RR2

	
7.85

	
3.221

	
0.651

	
0.803




	
RR3

	
8.28

	
3.088

	
0.710

	
0.777




	
RR4

	
8.42

	
3.153

	
0.686

	
0.788




	
Brand Image

	
HA1

	
10.19

	
3.351

	
0.638

	
0.801

	
0.833




	
HA2

	
10.21

	
3.484

	
0.660

	
0.790




	
HA3

	
10.23

	
3.397

	
0.669

	
0.786




	
HA4

	
10.25

	
3.554

	
0.687

	
0.779




	
Cost Value

	
CP1

	
10.15

	
4.320

	
0.631

	
0.872

	
0.885




	
CP2

	
10.16

	
4.218

	
0.710

	
0.867




	
CP3

	
10.14

	
3.988

	
0.805

	
0.830




	
CP4

	
10.16

	
3.830

	
0.860

	
0.808




	
Social Influence

	
XH1

	
10.02

	
3.323

	
0.641

	
0.760

	
0.812




	
XH2

	
9.96

	
3.324

	
0.620

	
0.769




	
XH3

	
9.98

	
3.327

	
0.600

	
0.779




	
XH4

	
10.13

	
3.098

	
0.662

	
0.749




	
Behavioral Intention

	
YD1

	
10.22

	
4.171

	
0.739

	
0.798

	
0.855




	
YD2

	
10.17

	
4.429

	
0.664

	
0.829




	
YD3

	
10.24

	
4.264

	
0.751

	
0.794




	
YD4

	
10.16

	
4.385

	
0.640

	
0.840




	
Decision to choose

	
LC1

	
6.81

	
2.184

	
0.687

	
0.813

	
0.847




	
LC2

	
6.74

	
1.887

	
0.770

	
0.732




	
LC3

	
6.79

	
2.086

	
0.691

	
0.810











[image: Table] 





Table 4. Pattern Matrix.






Table 4. Pattern Matrix.





	

	
Factor




	
1

	
2

	
3

	
4

	
5

	
6

	
7






	
CP4

	
1.033

	

	

	

	

	

	




	
CP3

	
0.852

	

	

	

	

	

	




	
CP2

	
0.687

	

	

	

	

	

	




	
CP1

	
0.519

	

	

	

	

	

	




	
HI3

	

	
0.830

	

	

	

	

	




	
HI2

	

	
0.738

	

	

	

	

	




	
HI1

	

	
0.708

	

	

	

	

	




	
HI4

	

	
0.669

	

	

	

	

	




	
RR3

	

	

	
0.851

	

	

	

	




	
RR4

	

	

	
0.754

	

	

	

	




	
RR1

	

	

	
0.694

	

	

	

	




	
RR2

	

	

	
0.659

	

	

	

	




	
HA4

	

	

	

	
0.793

	

	

	




	
HA3

	

	

	

	
0.740

	

	

	




	
HA2

	

	

	

	
0.738

	

	

	




	
HA1

	

	

	

	
0.704

	

	

	




	
XH4

	

	

	

	

	
0.787

	

	




	
XH2

	

	

	

	

	
0.723

	

	




	
XH1

	

	

	

	

	
0.709

	

	




	
XH3

	

	

	

	

	
0.686

	

	




	
DSD4

	

	

	

	

	

	
0.774

	




	
DSD3

	

	

	

	

	

	
0.706

	




	
DSD2

	

	

	

	

	

	
0.671

	




	
DSD1

	

	

	

	

	

	
0.646

	




	
YD1

	

	

	

	

	

	

	
0.837




	
YD3

	

	

	

	

	

	

	
0.764




	
YD2

	

	

	

	

	

	

	
0.718




	
YD4

	

	

	

	

	

	

	
0.600




	
Total Variance Explained

	
28.668

	
35.745

	
41.728

	
47.034

	
51.979

	
56.080

	
58.362




	
Kaiser-Meyer-Olkin

	
0.878




	
Bartlett’s Test of Sphericity

	
0.000




	
Extraction Method: Principal Axis Factoring.




	
Rotation Method: Promax with Kaiser Normalization.




	
Rotation converged in 6 iterations.
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Table 5. The standard loadings of the CFA.
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	Standard Loadings





	CP4
	<---
	CP
	0.941



	CP3
	<---
	CP
	0.921



	CP2
	<---
	CP
	0.796



	CP1
	<---
	CP
	0.67



	HI3
	<---
	HI
	0.804



	HI2
	<---
	HI
	0.726



	HI1
	<---
	HI
	0.718



	HI4
	<---
	HI
	0.711



	RR3
	<---
	RR
	0.79



	RR4
	<---
	RR
	0.771



	RR1
	<---
	RR
	0.711



	RR2
	<---
	RR
	0.742



	HA4
	<---
	HA
	0.774



	HA3
	<---
	HA
	0.751



	HA2
	<---
	HA
	0.745



	HA1
	<---
	HA
	0.718



	XH4
	<---
	XH
	0.713



	XH2
	<---
	XH
	0.67



	XH1
	<---
	XH
	0.834



	XH3
	<---
	XH
	0.754



	DSD4
	<---
	DSD
	0.768



	DSD3
	<---
	DSD
	0.636



	DSD2
	<---
	DSD
	0.696



	DSD1
	<---
	DSD
	0.717



	YD1
	<---
	YD
	0.813



	YD3
	<---
	YD
	0.837



	YD2
	<---
	YD
	0.736



	YD4
	<---
	YD
	0.713
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Table 6. The Model’s Goodness of Fit Criteria.






Table 6. The Model’s Goodness of Fit Criteria.











	Criteria
	Value
	Criteria
	Value





	Chi-square
	629.854
	NFI
	0.902



	p-value
	0.000
	CFI
	0.950



	Chi-square/df
	1.932
	TLI
	0.942



	RFI
	0.886
	IFI
	0.950



	AGFI
	0.890
	RMSEA
	0.052



	GFI
	0.912
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Table 7. Intercorrelation matrix, AVE, and CR.






Table 7. Intercorrelation matrix, AVE, and CR.

















	
	CR
	AVE
	Effort Expectancy
	Cost Value
	Performance Expectancy
	Perceived Risk
	Brand Image
	Social Influence
	Behavioral Intention





	Effort Expectancy
	0.798
	0.598
	0.706
	
	
	
	
	
	



	Cost Value
	0.892
	0.678
	0.372
	0.824
	
	
	
	
	



	Performance Expectancy
	0.829
	0.549
	0.209
	0.458
	0.741
	
	
	
	



	Perceived Risk
	0.840
	0.568
	−0.314
	−0.447
	−0.301
	0.754
	
	
	



	Brand Image
	0.835
	0.558
	0.303
	0.457
	0.322
	−0.370
	0.747
	
	



	Social Influence
	0.813
	0.521
	0.153
	0.262
	0.256
	−0.168
	0.294
	0.722
	



	Behavioral Intention
	0.858
	0.603
	0.495
	0.636
	0.575
	−0.537
	0.564
	0.417
	0.777
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Table 8. The SEM Model’s Goodness of Fit Criteria.






Table 8. The SEM Model’s Goodness of Fit Criteria.











	Criteria
	Value
	Criteria
	Value





	Chi-square
	860.212
	NFI
	0.887



	p-value
	0.000
	CFI
	0.936



	Chi-square/df
	2.124
	TLI
	0.927



	RFI
	0.870
	IFI
	0.937



	AGFI
	0.865
	RMSEA
	0.057



	GFI
	0.890
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Table 9. Hypothesis Testing.






Table 9. Hypothesis Testing.





	
Hypotheses

	
Regression Weights

	
Standardized Regression Weights

	
S.E.

	
C.R.

	
Sig.

	
Decision






	
H5:

	
Behavioral Intention

	
<---

	
Cost value

	
0.114

	
0.146

	
0.030

	
3.842

	
***

	
Supported




	
H2:

	
Behavioral Intention

	
<---

	
Performance Expectancy

	
0.342

	
0.331

	
0.041

	
8.336

	
***

	
Supported




	
H4:

	
Behavioral Intention

	
<---

	
Perceived Risk

	
−0.300

	
−0.282

	
0.041

	
−7.263

	
***

	
Supported




	
H3:

	
Behavioral Intention

	
<---

	
Brand Image

	
0.265

	
0.252

	
0.041

	
6.466

	
***

	
Supported




	
H6:

	
Behavioral Intention

	
<---

	
Social Influence

	
0.190

	
0.186

	
0.034

	
5.648

	
***

	
Supported




	
H1:

	
Behavioral Intention

	
<---

	
Effort Expectancy

	
0.321

	
0.335

	
0.038

	
8.469

	
***

	
Supported




	
H7:

	
Decision to choose

	
<---

	
Behavioral Intention

	
0.944

	
0.9998

	
0.067

	
14.074

	
***

	
Supported








*** significance level at 1%.
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Table 10. Sum of Square Errors of 10 Models.






Table 10. Sum of Square Errors of 10 Models.





	Neural Network
	Training
	Testing





	MLP1
	4.101
	0.28



	MLP2
	3.658
	0.749



	MLP3
	4.836
	0.47



	MLP4
	3.981
	0.382



	MLP5
	4.435
	0.554



	MLP6
	4.511
	0.599



	MLP7
	4.044
	0.552



	MLP8
	3.687
	0.428



	MLP9
	3.864
	0.37



	MLP10
	3.878
	0.293



	Average
	4.100
	0.468



	Standard deviation
	0.362
	0.140
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Table 11. Normalized Variable Importance.






Table 11. Normalized Variable Importance.





	Factors
	Importance
	Normalized Importance





	Cost Value
	0.220
	79.5%



	Effort Expectancy
	0.156
	56.6%



	Performance Expectancy
	0.276
	100.0%



	Perceived Risk
	0.100
	36.1%



	Brand Image
	0.156
	56.4%



	Social Influence
	0.092
	33.3%
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