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Technology plays an increasingly important role in our daily lives. The use of technology-based healthcare apps facilitates and empowers users to use such apps and saves the burden on the public healthcare system during COVID-19. Through technology-based healthcare apps, patients can be virtually connected to doctors for medical services. This study explored users' intention and adoption of eDoctor apps in relation to their health behaviors and healthcare technology attributes among Chinese adults. Cross-sectional data were collected through social media, resulting in a total of 961 valid responses for analysis. The hybrid analysis technique of partial least squares structural equation modeling (PLS-SEM) and artificial neural network (ANN) analysis was applied. The obtained results revealed the significant influence of eDoctor apps in terms of usefulness, compatibility, accuracy, and privacy on users' intention to use eDoctor apps. Intention and product value were also found to suggestively promote the adoption of eDoctor apps. This study offered practical recommendations for the suppliers and developers of eHealth apps to make every attempt of informing and building awareness to nurture users' intention and usage of healthcare technology. Users' weak health consciousness and motivation are notable barriers that restrict their intention and adoption of the apps. Mass adoption of eDoctor apps can also be achieved through the integration of the right technology features that build the product value and adoption of eDoctor apps. The limitations of the current study and recommendations for future research are presented at the end of this paper.
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INTRODUCTION

In the past decade, the application of smart computing has attracted a lot of attention, especially since various smart products and smart applications produced through smart computing can be connected through private networks and media in ubiquitous environments, thus increasing the convenience of human daily life and making people's daily lives easier and more efficient, such as healthcare systems and online healthcare platforms (1). The recent development of information technology has propelled more healthcare organizations to provide healthcare services through a virtual platform (2). For instance, e-health devices and wearable medical devices are introduced to provide patients and clients on-the-go healthcare services. With the timeliness of the Internet, users can regularly obtain health-related information through their electronic devices, anytime and anywhere, thereby supporting self-management of health and helping to alleviate various key challenges that offline hospitals are facing. The advent of e-health devices has provided many individuals and patients the needed regular healthcare services and medical consultations, especially those who do not intend to leave home due to their concerns of COVID-19 infection (3).

With the development of the Internet and its widespread use, technologies and software that bring convenience to the lives of the masses are being innovated, developed, and utilized one after another, such as online medical and healthcare platforms, especially during COVID-19, when many online medical platforms and personal health management applications were frequently used in China (3). Through technological innovation, more healthcare organizations consider using information technology and digital technologies to develop online platforms in order to connect and communicate with the public and patients, especially during COVID-19. The application of artificial intelligence has had a huge impact on smart healthcare systems, allowing people and patients to have access to health advice outside of hospitals, and to diagnose, prevent, and treat their own illnesses (mental or physical) through such smart healthcare systems and applications to facilitate timely treatment and health improvement (4). Due to the rapid growth of smartphones worldwide, software applications such as the available eDoctor apps are of great potential for patients to communicate with their doctors and obtain timely clinical diagnosis and treatment recommendations from their doctors or specialists (2, 5). It also solves some of the difficult problems encountered by patients with chronic diseases, such as difficulties of buying medications and obtaining regular medical consultations (6).

With the widespread use of the Internet and 5G networks in China, Internet healthcare platforms, eDoctor apps, and e-health products are now widely accepted and used by the Chinese public, with services such as online consultations, online care, and ongoing diagnosis and treatment for specific patients (chronic diseases) available (3). The majority of Chinese people who use eDoctor apps and related apps (such as the HUAWEI watch and portable blood glucose meter) choose to use eDoctor apps and related apps (such as the HUAWEI watch and portable blood glucose meter) to track and monitor their physical diseases, such as cardiovascular disease and hypertension, using data analysis from eDoctor apps (7). Chinese healthcare enterprises have begun to flourish and expand as a result of technology advancements and the aging of society.

Factors influencing the adoption of m-health products in different countries have been explored in numerous studies, but users' intention to use healthcare apps and perceptions of using healthcare apps have remained underexplored. In this regard, several prior studies argued the important roles of users' personal perceptions and consciousness of and motivation for personal health in terms of their intention to use e-physician apps. Meanwhile, prior studies noted the influence of health consciousness (HCS) and health motivation (HMO) on users' intention to use such apps (8–10). As HCS and HMO increase, users become more skeptical on the purposeful claims of the products, which subsequently influence their perceptions of the products (11), including perceived product value (PPV) and product technology. Most studies adopted technology acceptance model (TAM) and examined perceived credibility, perceived ease of use, and perceived usefulness (PUS) as factors that influence users' perceptions or intuitive thoughts toward technology-related products and services (12). However, there have been limited findings on the effects of other predictors like perceived compatibility (PCT), perceived critical mass (PCM), perceived privacy protection (PPP), and perceived technology accuracy (PTA) on users' perceptions of the technology or product itself.

Therefore, this study aimed to examine the effects of HCS, HMO, PCT, PCM, PUS, PTA, and PPP on users' intention to use eDoctor apps (ITU) and adoption of eDoctor apps (ADT), as well as the mediating effects of ITU on the hypothesized relationships and the moderating effect of PPV on the relationship between ITU and ADT. The current study focused on Chinese adults' inclination toward personal health, and health technology attributes harnessing the intention and adoption of health technologies like eDoctor apps.

The next section describes the theoretical basis of the current study and the development of hypotheses. The methodology adopted in this study is also described in the subsequent section. The obtained results are then discussed in the light of prior literature. The implications and limitations of this study are described at the end of this paper.



LITERATURE REVIEW


Theoretical Foundation

Several theoretical models have been developed to understand the acceptance and use of information systems. Focusing on the dilemma of selecting an appropriate theoretical model to understand the acceptance and use of information systems, the use of Unified Theory of Acceptance and Use of Technology (UTAUT) has been regarded as an appropriate theoretical model to assess the acceptance and use of technology (13). In order to choose an appropriate model that covers almost all factors that influence users' intention to use and adopt eDoctor apps, UTAUT was specifically used as a theoretical basis for the conceptual model presented in this study. Based on the existing literature, PCT, PCM, PUS, PTA, PPP, and PPV were identified as the main factors influencing users' intention to use and adopt eDoctor Apps. In order to develop a comprehensive model that measures usage in any setting, this study attempted to extend the UTAUT model with the most common and important factors discussed in eHealth-related literature. This study proposed that PCT, PCM, PUS, PTA, PPP, and PPV influence users' intention to use and adopt eDoctor apps.



Development of Hypotheses
 
Health Consciousness and Health Motivation

HCS is an intrinsic personal preference or consumption characteristic that affects one's motivation for health behaviors and, in turn, health-related behaviors (14). HCS involves similar self-consciousness that motivates health vigilance and self-monitoring (15). Therefore, HCS and HMO are expected to motivate health behavioral compliance. HMO represents the willingness and interest of performing health-related behaviors (16). When it comes to the specific context of health-related behavioral change, the willingness and motivation to engage in health-related behaviors (i.e., the level of HCS) play an essential role in one's behavior. Several prior studies demonstrated the significant and positive influence of HMO on behavioral intention. This factor can determine one's perception of the values of health and safety. (17) considered HMO as a process that involves choices, competence needs, and self-determination of one's health (8). Therefore, this study examined HCS and HMO as factors that influence users' intention to use and adoption of eDoctor apps. The following hypotheses were proposed for testing:

H1: HCS positively influences ITU.

H2: HMO positively influences ITU.



Perceived Compatibility

PCT refers to the extent to which the experience is perceived to be consistent with one's existing values, beliefs, habits, and present and past experiences (18). Many prior studies demonstrated that, when users move from offline to online channels for shopping and consumption, the PCT between both channels clearly affects their purchase intention, which in turn affects their behavior (19). Recent studies have demonstrated that users' previous experience can predict their behavioral intention and adoption (20), implying the influence of users' perceptions of compatibility on their use of products or technology adoption (21). Based on the review of literature, this study proposed the following hypothesis:

H3: PCT is positively related to ITU.



Perceived Critical Mass

Rogers (22) defined critical mass as having enough people adopting an innovation, resulting in mass adoption rate and subsequently, sustain itself in development. Although it is difficult to calculate the actual threshold of critical mass for a particular technology, individuals may have their own perceptions and opinions about the threshold of critical mass for the technology. Studies have conceptualized such perception as PCM (23, 24) and noted its significant influence on users' decision to adopt a new technology (24, 25). Prior studies revealed the influence of PCM on the acceptance and use of technology, and many studies identified PCM as the key determinant of user acceptance of technology (23, 26). Strader et al. (25) defined PCM as a value-oriented concept that influences user acceptance of a new technology or product acceptance behavior. Thus, the following hypothesis was proposed for testing in this study:

H4: PCM is positively related to ITU.



Perceived Usefulness

Perceived usefulness has been shown to be the most critical factor in user acceptance of a new system or technology in the Technology Acceptance Model (TAM) introduced by Davis (27), and thus perceived usefulness (PUS) can determine an individual's acceptance of that system or technology. E-health literature in the last two recent years has revealed the development of higher perceptions on the usefulness of smartphones among many smartphone users, as most users perceive their health to be at risk to some extent due to COVID-19 (28). Leung and Chen (29) identified PUS as a significant predictor of user satisfaction and continues intention. Kim and Park (30) and Ambalov (31) also confirmed the positive and significant influence of technological innovation and information provision of smartphones on PUS and the influence of PUS on intention to use eDoctor apps. Therefore, the following hypothesis was proposed in this study:

H5: PUS is positively related to ITU.



Perceived Technology Accuracy

Alam et al. (32) claimed the direct influence of PTA and perceived trust on users' intention to use and adopt e-health products and other related services. Sharma and Sharma (33) reported the significant impact of technology accuracy on users' intention to use and adoption of technology. Reliability, authenticity, privacy, and security are the primary concerns of most users when they consider the adoption of e-related products (34). In many studies, PTA clearly influences the intention to adopt and actual of adopting m-Health products and services (35, 36). Based on the review of literature, the following hypothesis was proposed for testing:

H6: PTA is positively related to ITU.



Perceived Privacy Protection

The issue of user trust in electronic products has been widely discussed, extensively studied, and explained in different ways. User psychology can be seen as a psychological dependency relationship, and user trust is also often based on moral code and past commitment (37). Many previous studies examined users' perceptions of trust as a key factor to investigate the impact of perceived risk on intention to use (38). This suggests that privacy protection can effectively increase users' perceptions of trust and intention to use (38, 39). Raschke et al. (40) examined the impact of privacy beliefs on behavioral intention. The study revealed the significant impact of both privacy protection and privacy risk beliefs on behavioral intention and showed the negative relationship between privacy protection beliefs and privacy concerns. Based on the findings of previous studies, the following hypotheses were proposed for testing in this study:

H7: PPP is positively related to ITU.



Intention to Use eDoctor Apps

Intention to use technology is a central factor in both TAM (41) and UTAUT (42). Intention to use technology can also be used to predict users' actual use of technology. Such intention has been studied in theoretical studies related to both TRA and TPB; intention to use, which indicates one's willingness to try or make an effort to perform the said behavior, is the most influential predictor of behavior (43). Prior studies used intention to use as a dependent variable. In this study, ITU was used as one of the dependent variables to investigate users' perceived consciousness and motivation.

In most research frameworks, there is a correlation between users' intention to use and their actual behavior, that is, the presence of some factors that directly or indirectly influence their intention to use and consequently, actual actions (44). In the context of e-health products and services, many users may intend to use this type of e-service, but certain personal perceptual factors may influence their actual use of the product. As for the current study, the levels of consciousness and motivation regarding users' own health, as well as users' perceptions of the product itself (including PCT, PCM, PUS, PTA, and PPP), were postulated to influence users' ITU, which may translate into actual use of the product.



Adoption of eDoctor Apps

Intention to use is a central factor in TAM (41). Many empirical studies that adopted TAM confirmed the positive influence of consumers' perceptions of a product on their intention to use the product (45–47). However, technology adoption is also a noteworthy factor to explore. Therefore, this study examined both ITU and ADT as dependent variables to obtain better understanding on users' perceived consciousness and motivation. Earlier studies on usage behavior were primarily designed to explore the relationship of how users generate intention and how users engage in the actual behavior. These studies focused on the antecedents and consequences of users' behavioral intention and actual behavior. Previous studies did not concurrently examine the relationships of three key concepts: motivation, intention, and adoption. Thus, the current study examined users' ITU and ADT with respect to the combination of both TRA and UTAUT. In view of the above, the following hypothesis was tested:

H8: ITU is positively related to ADT.



Mediating Effects of ITU

Personal HCS and HMO are relevant in building inclination and adoption of health-related technologies. The technology-related aspects of compatibility, usefulness, technical accuracy, and privacy harness users' intention to adopt and actual adoption of health-related technologies. As a social phenomenon, technology adoption vastly depends on the mass adoption of technology by the community. Multiple perceptual factors nurture technology adoption through the formation of intention. Therefore, the current study proposed the mediating effects of ITU on the hypothesized relationships of personal health perceptions and technology-related attributes in relation to ADT:

H9M: ITU mediates the relationships of HCS, HMO, PCT, OCM, PUS, PTA, and PPP with ADT.



Moderating Effect of Perceived Product Value

Product value works as a form of perception derived from the value of money consumers pay for a product and the benefits derived from the product use (48). Consumer-level perception of products nurtures one's behavioral intention and subsequently, the adoption of the right products or services (49, 50). Users' inclination toward novel technologies shifts from intention to adoption based on the higher perception of product value (51). Chen (48) postulated that the perception of product value triggers one's intention toward the actual use of the technology. E-health services, as a form of technology, offer unique features and benefits, which may have contributed to the formation of PPV and suggestively instigated ADT (50). Thus, the following hypothesis was proposed for testing:

H10: PPV moderates the relationship between ITU and ADT.

The research framework (shown in Figure 1) highlighted the hypothesized associations, such as the effect of health consciousness, health motivation, perceived compatibility, perceived critical mass, perceived usefulness, perceived technology accuracy, and perceived privacy protection on the intention and adoption of eDoctor apps, based on the discussion presented in the literature review section. The moderating influence of perceived product value was also underlined in this study.


[image: Figure 1]
FIGURE 1. Research framework.






METHODOLOGY


Data Collection

Quantitative analysis was used to test the correlation between variables. A cross-sectional study and a self-administered questionnaire were used for data collection. The target population of the current study involved Chinese adults, representing 65% of the total Chinese population. The determination of sample size was conducted using G*Power 3.1. With the effect size of 0.15, power of 0.95, and 10 predictors, the appropriate sample size required was 172 (52). However, Hair et al. (53) recommended using a sample size of at least 200 for PLS-SEM. The convenience sampling strategy was employed to obtain sufficient respondents for the questionnaire survey. The questionnaire was uploaded on WJX and dissemination via WeChat, and a few qualifying questions were used to filter the potential respondents. The online questionnaire was uploaded via a specific link: https://www.wjx.cn/vj/hFtJ7Zw.aspx. As a result, 961 valid responses were successfully obtained for the final analysis.



Instrument

Overall, the developed questionnaire consists of two parts: Section A and Section B. Section A focuses on the demographic characteristics of respondents, such as gender, age, monthly income, education level, and current location. At the same time, respondents were required to indicate whether they have used eDoctor apps; this was expected to help the respondents to have a better understanding on the scope of this survey. Section B focuses on HCS (54), HMO (55, 56), PCT (57), PCM (57), PUS (57), PTA (58), PPP (7), PPV (59), ITU (7, 60), and ADT (61). For this study, all 46 measurement items were adapted from prior studies. A seven-point Likert scale, ranging from 1 (strongly disagree) to 7 (strongly agree), was used to evaluate the measurement results. The complete questionnaire is presented in Appendix 1.



Common Method Bias

For this study, CMB was evaluated with the full collinearity test recommended by Kock (62). All latent constructs in this study regressed on a common created variable. Variance inflation factor (VIF) values for HCS (1.729), HMO (2.208), PCT (3.968), PCM (2.934), PUS (1.628), PTA (2.627), PPP (2.354), PPV (2.987), ITU (4.654), and ADT (3.155) were <5, suggesting the non-existence of collinearity in this study (63). Next, correlations of latent factors were evaluated to estimate the CMB issue. These correlations must be <0.90 to confirm the non-existence of the CMB issue (64). The correlations among these latent constructs did not exceed 0.90 (the correlation between ITU and ADT recorded the highest correlation value of 0.771). In other words, the CMB issue was not significant for the current study.



Multivariate Normality

Checking multivariate normality is essential to select the appropriate data analysis. For this study, the multivariate normality was evaluated using the Web Power online tool (Source: https://webpower.psychstat.org/wiki/tools/index). The calculated Mardia's multivariate p-value revealed that the study data had non-normality issue, as the recorded p-values were below 0.05 (65). The study data demonstrated the issue of non-normality. With that, the current work study assumed partial least squares structural equation modeling (PLS-SEM).



Data Analysis

This study performed PLS-SEM using the PLS software to assess the structural model. Since PLS-SEM only provides standard linear models (66), and considering the complex nature of social sciences, using linear models alone is not enough. Addressing this issue, the current study incorporated artificial neural network (ANN) analysis to complement the interpretation of non-linear relationships beyond PLS-SEM. Significant predictors identified in PLS-SEM served as input neurons for the ANN model. Finally, this study evaluated measurement invariance of composite models (MICOM) using a composite model. This involved three steps: (1) configural invariance; (2) compositional invariance; (3) the equality of composite mean values and variances. The extended composite detection method was used to evaluate both structural invariance and measurement invariance.




RESULTS


Demographic Characteristics of Respondents

This study collected data from a total of 961 respondents. Table 1 presents the demographic profile of respondents. In particular, most of the respondents (55.8%) were female, and the remaining 44.2% were male. Besides that, 69.4% of the total respondents were between 20 and 30 years old, followed by the age groups of 31–40 years old (20%), 41–50 years old (5.3%), and 51–60 years old (4.3%). The other 1.0% of the total respondents were above 60 years old. Most importantly, only 29.1% of the total respondents reported to have experience in using healthcare monitoring devices.


Table 1. Demographic profile of respondents.
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Validity and Reliability

When it comes to analyzing the outer measurement model, it is necessary to first verify the reliability and validity of the questionnaire (53). The consistency of the measurement structure of the scale is determined by reliability (67). Previous studies typically recommend using Cronbach's alpha, composite reliability, and Dijkstra-Hensele's rho to accurately determine internal consistency (68, 69). The results in Table 2 revealed that all values of Cronbach's alpha, composite reliability, and Dijkstra-Hensele's rho exceeded the threshold value of 0.7, indicating the reliability of the internal consistency of the questionnaire (69). Meanwhile, validity is divided into convergent validity and discriminant validity. Convergent validity in this study was identified by average variance extracted (AVE) and factor loadings. Referring to the results in Table 2, the recorded AVE value of each latent variable exceeded 0.5, indicating acceptable convergent validity of all latent variables (53).


Table 2. Reliability and validity.

[image: Table 2]

Discriminant validity is typically determined based on Fornell-Larcker criterion and heterotrait-monotrait ratio of correlations (HTMT). Fornell-Larcker criterion values in Table 3 shows the square root value of AVE of each latent variable (the diagonal values) exceeded the square root of other items (70). In addition, the recorded HTMT values were below 0.9, which empirically established effective distinctions.


Table 3. Discriminant validity.

[image: Table 3]

As noted in Table 4, all loading values were more than 0.5 and exceeded the cross-loading values. These results further established the discriminant validity of all items used in this study (53).


Table 4. Loading and cross loadings.
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Hypothesis Testing

This section first discusses the potential of multicollinearity. As shown in Table 2, VIF values ranged between 1.563 and 3.830, which did not exceed the threshold value of 5, as recommended by Hair et al. (69). Thus, the multicollinearity issue was disregarded, and the correlation structure in the measurement model was considered.

This study evaluated the structural model using predictive relevance (Q2), coefficient of determination (R2), and effect size (f2). The blindfolding method was used to examine the correlation structure. Referring to Table 5, the values of Q2 of ITU (0.62) and ADT (0.62) were greater than zero, indicating the presence of predictive. The values of R2 ranges from 0 to 1; a higher value indicates better explanatory power of the model. Based on the recommendations by Hair et al. (53), and considering the background of this study, the recorded R2 values of ITU (R2 = 0.71) and ADT (R2 = 0.63) were higher than 0.50, indicating high explanatory power of the model for TIU and ADT. Considering the recommendations by Hair et al. (69) and the context of moderation, with the omission of the interpretation of R2 from the model, f2 is recommended to explain the contribution of moderation to the endogenous structure. In this study, referring to the threshold value proposed by Kenny (71), PPV (f2 = 0.10) contributed medium moderating effect on the relationship between ITU and ADT.


Table 5. Hypothesis testing.
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Table 5 presents the results of the testing of hypotheses in this study. PCT (H3: β = 0.21, p < 0.05), PCM (H4: β = 0.25, p < 0.05), PUS (H5: β = 0.11, p < 0.05), PTA (H6: β = 0.29, p < 0.05), and PPP (H7: β = 0.20, p < 0.05) were found to significantly and positively influence ITU. Meanwhile, ITU (H8: β = 0.54, p < 0.05) had significant, positive effect on ADT. This study also tested the significance level with 90% confidence interval. The confidence intervals of H3, H4, H5, H6, H7, and H8 in Table 5 did not contain zero between the 5% CI and 95% CI, indicating that these hypotheses were accepted.

The relationship between HCS and ITU (H1) was found positive (H1: β = 0.00, p = 0.45), suggesting the positive influence of HCS on ITU. However, the effect was not statistically significant. On the other hand, HMO (β = −0.06, p < 0.05) had statistically significant impact on ITU, but the recorded path coefficient was negative. Thus, H2 was rejected.

In terms of mediating effects, the results in Table 5 revealed that ITU contributed significant and positive mediation effects on the relationships of PCT (β = 0.12, p < 0.05), PCM (β = 0.14, p < 0.05), PUS (β = 0.06, p < 0.05), PTA (β = 0.16, p < 0.05), PPP (β = 0.11, p < 0.05) with ADT. For these mediating effects, the 90% confidence interval did not contain zero between 5% CI and 95% CI, with statistically significant weight. Based on these obtained results, H9M was supported.

Finally, this study tested the moderating effect of PPV on the relationship between ITU and ADT. The obtained results confirmed that the moderating effect of PPV on this particular relationship was not statistically significant at a significance level of 5%.



Multi-Group Analysis

The study assessed the measurement invariance using the measurement invariance of composite models (MICOM) procedure for two groups: (1) Group 1: Completed secondary/diploma/technical diploma; (2) Group 2: Bachelor's degree, Master's degree, and doctorate degree. The permutation p-values for all constructs in this study exceeded 0.05, which confirmed partial measurement invariance. Therefore, the study was able to compare the path coefficients between both groups using PLS-MGA. The results in Table 6 revealed no significant differences between both groups based on education level in all hypothesized relationships.


Table 6. Multi-group analysis.
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Following that, this study assessed the measurement invariance between another two groups using the MICOM procedure: (1) Group 1: Male; (2) Group 2: Female. The permutation p-values for all constructs exceeded 0.05, which confirmed partial measurement invariance. Therefore, the study was able to compare the path coefficients between these two groups using PLS-MGA. The results in Table 6 revealed no significant differences between both groups based on gender in all hypothesized relationships.

Finally, this study assessed the measurement invariance between the following two groups using the MICOM procedure: (1) Group 1: Have used healthcare monitoring device; (2) Group 2: Never use healthcare monitoring device. The permutation p-values for all constructs exceeded 0.05, which confirmed partial measurement invariance. Therefore, the study was able to compare the path coefficients between these two groups using PLS-MGA. The results in Table 6 revealed no significant differences between these two groups based on the use of healthcare monitoring device in all hypothesized relationships.


Artificial Neural Network Analysis

For the current study, the ANN analysis was performed to estimate the impact of the input variables on the outcomes. Two ANN models were used in this study to assess ITU and ADT. Addressing the over-estimation issue, a ten-fold analysis was performed. Model A (see Table 7) showed that the obtained RMSE scores for training and testing of ANN analysis were close and showed higher predictive accuracy. For Model B, the predictive accuracy was achieved, as the obtained RMSE scores for training and testing of ANN analysis were close. The goodness-of-fit outcomes of Model B described that the input variables can predict ADT, with 99.2% (72).


Table 7. RMSE values of artificial neural networks (N = 961).
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The multi-factor sensitivity analysis was conducted for this study to determine the critical factors of ITU (Model A) and ADT (Model B). Two ANN models were employed to evaluate the critical factors in this study. As presented in Table 8, the results of sensitivity analysis for Model A depicted PTA, PUS, PCM, PCT, PPP, HMO, and HCS as the most crucial factors that affect ITU. The results of sensitivity analysis for Model B suggested ITU as the most prominent factors that affect ADT.


Table 8. Sensitivity analysis.
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DISCUSSION

This study found no positive relationship between health consciousness and intention to use. Therefore, H1 was not supported. However, Srivastava et al. (10) supported the positive relationship between health consciousness and intention to use. In another study that involved online food ordering behavior, Kaur et al. (9) showed no positive relationship between health consciousness and intention to use and further noted that consumers with higher health consciousness may be more inclined to read online reviews of takeaway restaurants. In this case, when a restaurant has positive reviews, consumers may abandon the need to purchase ingredients to cook and choose to order takeaway from the restaurant instead. Surprisingly, the current study found a significant, negative relationship between health consciousness and intention to use. A logical explanation for this particular finding involves the lack of examination items currently provided by eDoctor apps, such as CT, MRI, blood test, and COVID-19 test. Individuals with high health consciousness who experience medical problems may be inclined to rely on the results of physical examination, which involves the need to visit an offline hospital for a physical examination to ensure the accuracy and effectiveness of medical diagnosis.

Besides that, the results of this study showed no effect of health motivation on intention to use. Thus, H2 was rejected. Previous studies often discussed the relationship between health motivation and behavioral intention; certain studies suggested a positive relationship between health motivation and behavioral intention (8, 73). Several other studies reported different findings. For instance, Nguyen et al. (74) identified health motivation as an insignificant predictor of behavioral intention. The results of the current study can be explained based on the following notion: health-driven individuals pay more attention to health-related information, such as more detailed functional requirements and process requirements (75). With the increase in health motivations, consumers have become skeptical of product functional claims (11). Furthermore, the majority of the respondents (80.1%) in this study attained higher education level, at least a Bachelor's degree. Individuals with higher education level typically have more independent thinking and are more likely to think before they purchase any products. They may carry out a detailed examination of the product features, rather than just relying on product claims.

On the other hand, the hypothesis (H3) on the significant and positive relationship between perceived compatibility and intention to use in this study was supported, which confirmed the findings of prior studies (20, 57, 76, 77). The current research offered empirical evidence for future eDoctor app research. Users are getting used to interacting with items that reflect their values, beliefs, and way of life. To put it another way, if eDoctor Apps can be created in a way that people are acquainted with, this technology will be more readily adopted.

The obtained results also reported the significant, positive impact of perceived critical mass on intention to use (H4), which supported the findings of prior studies on communication technology (24) and Internet services (78). In previous studies, perceived critical mass was typically discussed as a pre-factor of trust (79) or satisfaction (80). The current study clearly enriched the practical and research significance on the influence of perceived critical mass. As healthcare technology becomes more widely known and adopted, the public's attitude toward eDoctor Apps will be influenced by others, leading to more active use of the product.

The results of this study supported the significant and positive relationship between perceived usefulness and intention to use (H5), which confirmed the findings of prior studies. Ambalov (31) conducted a detailed analysis on perceived usefulness from the direction of information technology, confirming the importance of perceived usefulness as an improvement in information technology. Sreelakshmi and Prathap (28) confirmed the significant impact of perceived usefulness on the intention to use mobile-based payments during COVID-19. On a similar note, Liu et al. (81) pointed out that perceived usefulness enhances the intention of using mobile health services. In another study on wearable medical device usage intention among Koreans, perceived usefulness was confirmed to have significant impact on the intention to use wearable medical devices (82). Likewise, in another study related to mobile health services, Zhao et al. (83) proposed the significant correlation between perceived usefulness and the intention to use mobile health services. Leung and Chen (29) reported similar findings on e-health use intention in Hong Kong. Previous studies of different industries and populations (of different countries) supported the current study's results of this study. This study once again provided evidence that support the significant, positive relationship between perceived usefulness and intention to use. As can be seen, one of the reasons the public uses eDoctor Apps is to accomplish the goal of health maintenance more efficiently and conveniently. Particularly in light of the scarcity of medical resources during COVID-19, perceived usefulness is a critical factor in the public's intention to use eDoctor Apps.

In addition, this study demonstrated the significant, positive relationship between perceived technology accuracy and intention to use (H6), which was found consistent with the results of previous studies on online banking (84) and mHealth services. The perceived accuracy of technology will draw a bigger user base to eDoctor Apps as healthcare technology continues to progress. Similarly, this study obtained adequate evidence to support the significant and positive relationship between perceived privacy protection and intention to use (H7), which was found consistent with the results of previous studies (10). In terms of theoretical support, intention to use is regarded the core factor of TAM (85, 86) and UTAUT (87–89). With that, the intention to use a technology can predict users' actual use of the technology. In this study, intention to use was found to contribute significant and positive impact on adoption of eDoctor Apps (H8), which was found consistent with the results of previous studies. Due to the advancement of information technology, numerous data leakage incidents occur on a regular basis, and the harm caused by the leakage of personal health information may result in unpredictable losses for individuals. As a result, privacy and security may become a primary consideration for users prior to adopting eDoctor Apps.

Considering the consistency of the previous hypothesis on intention to use as the motivating factor of adoption, intention to use in this study was found to contribute significant, positive mediating effects on the relationships of perceived compatibility, perceived critical mass, perceived usefulness, perceived technology accuracy, and perceived privacy protection with adoption of eDoctor Apps. The obtained results of this study confirmed the findings of previous studies; if users have more cognition about perceived compatibility (90, 91), perceived critical mass (92), perceived usefulness (93, 94), perceived technology accuracy (94), and perceived privacy protection (95), they are more likely to have positive intention and consider adoption.

Lastly, this study examined the moderating effect of perceived product value on the relationship between intention to use and adoption of eDoctor Apps. The obtained results confirmed the significant, positive moderating effect of perceived product value on this particular relationship. It was deemed not surprising, as product value is evidently one of the important characteristics of a product (96). In many cases, perceived value yields positive effects, such as higher customer satisfaction (97), behavioral intention (96, 98), and actual behavior (adoption) (96). With that, this study confirmed the translation of intention to use into adoption of eDoctor Apps via elevated perceived product value for the eDoctor apps.



IMPLICATIONS


Theoretical Implications

Technology adoption is substantially based on the technical attributes and the personal inclination toward technology. The current study demonstrated that health-related technology adoption significantly emerges from the technological attributes of health-related technologies, which added to the related theoretical domain (99). The current study presented evidence that individual health consciousness and motivation are not prominent in the development of intention to use health-related technologies. Moreover, the current study attempted to encompass UTAUT with healthcare predispositions, such as health consciousness and motivation. Personal inclination is an essential predictor in the formation of one's intention to use technology (8). However, the current study's results suggested low health inclinations among Chinese adults, which restrict the formation of their intention to use health-related technologies. Additionally, the current study extended the explaining power of UTAUT that technology usefulness and accuracy are the most significant factors that influence the formation of the intention to use health-related technologies for personal healthcare. The current work also offered pertinent evidence on the significance of perceived technology value in the adoption of technology and its moderating effect on the relationship between the intention to use health-related technologies and the adoption of health-related technologies.



Practical Implications

The current study offered three practical implications. Firstly, the healthcare technology industry and management must improve the attributes of privacy and compatibility in order to empower the adoption of health-related technologies. The current study's results demonstrated low health-related technology adoption among the masses. Technology firms should consider offering free samples and free usage of healthcare technologies to harness the public attitude and form the intention to use these technologies (100). Simultaneously, actively collaborate with medical institutions, host health lectures, and maintain extensive contacts with relevant medical academic groups and academic journals to raise user awareness of innovative medical and health-care products, thereby improving the public's perception of medical technology's value (100). Secondly, healthcare technologies present a set of attributes that can form the product value, specifically on whether the product is viable or worthwhile to be used to manage personal health. Firms that develop and sell these technologies need to inform and promote the values of personal healthcare products and the adoption of personal healthcare technologies. The company may also wish to establish an independent technical guidance department to provide detailed explanations and guidance to customers regarding product functions, attributes, values, user guides, and other related information, in order to ensure that customers have a thorough understanding of the product (101, 102). Lastly, the massive promotion of health consciousness and motivation is also necessary to persuade more consumers to start taking personal health at a personal level. The lack of personal health consciousness and motivation encourages the dearth of personal healthcare and may eventually burden the public healthcare system (103). Policymakers should consider formulating public awareness and personal healthcare responsiveness campaigns that can empower the general public to invest in and mindfully take care of their personal health. These campaigns can target a variety of demographics, including the elderly, who have a high prevalence of chronic diseases, and young people, who are concerned about daily health care and are receptive to new technologies.




CONCLUSIONS

Overall, the current study examined the formation of intention and adoption of eDoctor apps among Chinese adults in relation to personal health inclinations and technological attributes. The study's results confirmed the lack of personal health inclinations among Chinese adults, restricting the formation of the intention to use the healthcare technology. The technology-level features of compatibility, usefulness, accuracy, and privacy protection meaningfully instigate their intention to use the technology. Healthcare technologies are not massively penetrated among Chinese consumers, limiting their intention to use eHealth services. The mass adoption of eHealth services based on the development of precise product value can harness the adoption and curtail the burden on the healthcare system. The future of healthcare system requires the participation of the general public to shift toward upkeeping personal health and use eHealth services that facilitate the public health system. The mass adoption of eHealth services promotes the formation of intention and subsequently, the adoption of healthcare technologies. Technology value can nurture healthcare technologies and collaboratively promote a viable healthcare system.
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Source: Author's data analysis.
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Model A: factors affecting the ITU Model B: factors affecting the adoption of eDoctor Apps

Network Sample size Sample size  RMSE RMSE RMSE  Samplesize Samplesize ~ RMSE RMSE RMSE
(training)  (testing)  (Training)  (testing) (difference)  (training) (testing) (training) (testing) (difference)
1 654 307 0316 0.401 0.085 671 290 0.402 0.482 0080
2 679 282 0387 0.348 0.038 678 283 0.424 0375 0049
3 661 300 0320 0.411 0.091 665 296 0.409 0.441 0032
4 674 287 0345 0.339 0.006 655 306 0.436 0.400 0036
5 656 305 0370 0.335 0.036 690 271 0.428 0.399 0029
6 673 288 0322 0375 0.052 672 289 0.406 0414 0007
7 674 287 0326 0.324 0.002 685 276 0.418 0.428 0011
8 677 284 0.330 0.360 0.030 685 276 0.426 0.398 0028
9 683 278 0335 0.382 0.046 679 282 0.427 0.368 0059
10 650 311 0332 0.329 0.003 661 300 0.393 0.493 0.100
Mean 0.338 0.360 0.039 Mean 0.417 0.420 0043
Standard deviation 0023 0.032 0082 Standard deviation 0014 0042 0029

Source: Author’s data analysis.
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Gender
Male 425
Female 536
Total 961
Education

Secondary school certficate 56
Diploma/technical certificate 134
Bachelor degree or equivalent 460
Master degree 261
Doctoral degree 50
Total 961
Provinces

Beiing 91
Shanghai 87
Guangdong 45
Guangd 44
Zhejiang 54
Shandong 61
Hunan 11
Jiangsu 114
Others 454
Total 91
Age

20-30 years 667
31-40 years 192
41-50 years 51
51-60 years 41
Above 60 years 10
Total 961
Monthly income

Below CNY 2500 292
CNY 2501-5000 210
CNY 5001-7500 168
CNY 7501-10,000 99
ONY 10,001-12,500 70
Above CNY 12,501 122
Total 961
Do you use any healthcare monitoring device?
Yes 280
No 681
Total 961

Source: Author's data analysis.
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Health Consciousness (HCS)

HCSs1. I think my health depends on how well | take care of myself.

HCs2 1 am actively engaged in the prevention of disease and ilness.

HCs3. 1 think taking preventive measures help to stay healthy.

HCS4 Living a healthy life is important to me.

HCSS. 1 am constantly examining my health.

Health Motivation (HMO)

HMOT. 1 usually value my health.

HMO2. 1 have good knowledge to prevent health issues.

HMO3. 1 try to prevent health problems before | feel any symptoms.

HMO4. 1ry to protect myself against health hazards | hear about.

HMOS. 1am concerned about health hazards and try to take action to prevent them
Perceived Compatibilty (PCT)

PCT1. Using the eDoctor App would be compatible with my ifestyle.

PCT2. | think that using the eDoctor App would fit well with the way | work and live.
PCT3. Using the eDoctor App is compatible with all aspects of my current health care management at my personal level.
PCT4. Ithink using the eDoctor App suits my way of managing health at home.
PCTS. Ithink the eDoctor App is very much compatible with my lfestyle.

Perceived Critical Mass (PCM)

PCM1. Most people in my neighborhood are using the eDoctor App.

PCM2. Many people to whom | usually communicate are using the eDoctor App.
PCM3. Most people in my community are using the eDoctor App frequently

PCM4. I know many people having health issues are using the eDoctor App regularly.
PCMS. eDoctor App devices are gaining popularity.

Perceived Ussfulness (PUS)

PUST. Using the eDoctor App enables me to check my health condition quickly.
PUS2. Using the eDoctor App makes it easier to check my health condition.

PSUS. Using the eDoctor App save my time and effort.

PUSA. eDoctor App is beneficial to manage health.

PUSS. eDoctor App is useful to check my health condition.

Perceived Technology Accuracy (PTA)

PTA1. I think | can rely on the health services provided by eDoctor Apps.

PTA2 Ithink the eDoctor App delivers consistent results over time.

PTAS. 1 think eDoctor App have good working standards continuously.

PTA4. Ithink eDoctor Apps are reliable.

PTAS. | feel confident that eDoctor Apps are offering error-free results.

Perceived Privacy Protection (PPF)

PPP1. It would be risky to disclose my personal health information to vendors providing eDoctor Apps.
PPP2. There would be a high potential for loss associated with disclosing my personal health information to vendors providing eDoctor Apps.
PPP3. There would be too much uncertainty associated with giving my personal health information to vendors providing eDoctor Apps.
PPP4. Disclosing personal information to a third party is risky.

PPP5. Ieel a loss of control over my personal information by using eDoctor Apps.
Perceived Product Value (PPV)

PPV, eDoctor Apps offer good value for money.

PPV2. Using eDoctor Apps are beneficial

PPV, Using eDootor Apps are valuable to me.

PPV4. I think the eDoctor App is worthwhile.

PPVS. Overall, using the eDoctor App delivers good value to me.

Intention to use EDoctor Apps (ITU)

1. lintend to use eDoctor apps to manage my health in the future.

me. 1 will always try to use eDoctor apps to manage my health in my daly ife in the future.
s, 1 plan to use eDoctor apps frequently to manage my health in the future.
s, 1 would be wiling to develop a habit o use eDoctor apps soon.

mus. 1 predict | wil use eDoctor apps to manage my health information.

Adoption of EDoctor Apps (ADT)

ADT1. How often do you use eDoctor Apps?
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