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Abstract: To meet the needs of today’s library users, institutions are developing library mobile apps (LMAs), as their libraries are increasingly intelligent and rely on deep learning. This paper explores the influencing factors and differences in the perception of LMAs at different time points after a user has downloaded an LMA. A research model was constructed based on the technology acceptance model. A questionnaire was designed and distributed twice to LMA users with an interval of three months to collect dynamic data. The analysis was based on structural equation modeling. The empirical results show that the perceived ease of use, the perceived usefulness, the social influence, and the facilitating conditions affected the users’ behavioral intention, but their impacts were different at different times. As the usage time increases, the technology acceptance model is still universal for understanding the user perception of LMA. In addition, two extended variables (social impact and convenience) also affect the user’s behavior intention. User behavior is dynamic and changed over time. This study is important both theoretically and practically, as the results could be used to improve the service quality of LMAs and reduce the loss rate of users. Its findings may help the designers and developers of LMAs to optimize them from the perspective of a user and improve the service experience by providing a deeper understanding of the adoption behavior of information systems by LMA users.
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1  Introduction

With modern information technology and mobile networks developing rapidly, people are now accessing information from many different types of mobile device. The trend for libraries is that they will change from the traditional service mode of library borrowing to that of offering reader-centered intelligent knowledge based on artificial intelligence. For example, intelligent recommendation systems are being developed. Many colleges and universities consider that library mobile apps (LMAs) cannot be ignored. Such apps offer new library services that extend the traditional library services, allowing users to obtain information and services through mobile devices anywhere at any time. An LMA fully incorporates the basic functions of a library by exploiting the features of mobile communications to provide intelligent services based on location that are context aware. As new platforms for sharing knowledge and learning, LMAs offer information about library catalogs, databases, open classes, and library guides, among others. They are a new service model that will improve the efficiency of the users’ daily life and learning. Zhang [1] found that 92% of 39 well-known universities in China have constructed LMAs, and Xu et al. [2] found that 27 out of 42 universities in China offering major subjects have built LMAs.

In China, LMAs have developed quickly and smoothly, and many people have downloaded and tried them. However, the acceptance and adoption of LMAs is relatively low [3], and relatively few university students continue to use them for accessing library services. In other words, users’ stickiness to LMAs is not high. Consequently, the development of LMAs has not achieved the expected results. Jasperson et al. [4] believe that the success of an information system depends on whether users continue to use it. The initial adoption of an information system is only the first step. If users do not continue to use it, it will not bring them the expected usage value. Similarly, whether someone continues to use an LMA after initial adoption determines the success or failure of the LMA. Therefore, it is necessary to conduct dynamic-tracking research on the user perception behavior (UPB) of LMAs.

LMAs have attracted extensive research attention, mainly focusing on their basic theory [5,6], their technology and service models [7,8], their development status [9,10], or user behavior [11–14]. However, the success of an LMA depends on its continued use, so it is necessary to explore the behavior of user after they initially adopt an LMA. Dynamic-tracking research with Chinese users will offer deeper insights into UPB and provide important considerations for the developers and designers of LMA services.

The present paper is focused on the UPB of an LMA. Based on the technology acceptance model (TAM), we tracked LMA users over time. At two different time points (T1 and T2), three months apart, we asked the LMA users to complete a structured questionnaire. We then explored the influencing factors and dynamic changes in the UPB of the LMA in these real situations. This study aimed to obtain an accurate picture of user behavior when interacting with an LMA, which could be used to improve the services offered by an LMA. The study addressed the following two main research questions (RQs):

RQ1. What is the suitability of TAM for understanding the UPB of LMAs in dynamic research?

RQ2. What are the key factors that affect the UPB of LMAs, and do these factors change over time?

2  Literature Review

With the rapid development of LMAs, the literature review on the user adoption and acceptance of LMAs was helpful in clarifying research results for the UPB of LMAs.

Researchers have explored the factors that influence the user adoption of LMAs. Jaradat [15] constructed a research model based on TAM and incorporated other variables. The results showed that perceived usefulness (PU) and perceived ease of use (PEOU) were the main factors affecting user acceptance and usage of LMAs. Aharony [16] built a research model based on TAM and introduced individual innovation and media variables. The results showed that PEOU and individual innovation affected user adoption of LMAs. By using the unified theory of acceptance and use of technology (UTAUT), Saravani et al. [17] found that, among library managers and librarians in New Zealand and Australia, performance expectations, effort expectations, social influence (SI), and facilitating conditions (FCs) affected users’ behavioral intention (BI) to use LMAs.

Empirical research has also been conducted on users’ BI to use LMAs. Huang et al. [11] integrated TAM and the theory of planned behavior to explore user adoption behavior. Their results showed that PU, PEOU, interpersonal influence, FCs, attitude, subjective norms, and perceived behavioral control were the main factors influencing whether college students used LMAs. Wang et al. [18] constructed a research model based on the theory of diffusion of innovations and DeLone and McLean’s information system success model. They incorporated PU and PEOU into the model and found that these two factors positively affected users’ willingness to use LMAs. Vongjaturapat et al. [19] constructed a user-acceptance research model of LMAs based on UTAUT and the task–technology fit. They incorporated screen design and interactive interface. The results showed that SI, performance expectations, task–technology matching degree, and effort expectations affected users’ actual use of LMAs. Using category theory and TAM, Zhang et al. [20] analyzed the main factors influencing university students’ acceptance of LMAs, and the results showed that SI positively affected users’ willingness to use LMAs.

As can be seen, several researchers have constructed models for user adoption and acceptance of LMAs based on existing theories. The main theories are the theory of planned behavior, TAM, task–technology fit, diffusion of innovations, DeLone and McLean’s information system success model, and UTAUT, of which TAM is used most frequently, followed by UTAUT. In most TAM studies, a cross-sectional approach is used to statically explore the relations between variables. The data are collected from objects for a single time period, so the empirical results can explain the UPB only in that period. However, assessing user perception and feedback about LMAs at a specific time cannot fully reflect the overall use status, as a user’s perception of an LMA can change after a period of use. Neglecting the dynamics of user behavior inevitably reduces the comprehensiveness of the research conclusions [21]. Therefore, researching the UPB of LMAs should be a long-term dynamic process. TAM can be applied to the UPB of LMAs, but whether it remains suitable in dynamic situations is still to be verified.

3  Construction of Research Model

3.1 Technology Acceptance Model

Davis [22] proposed TAM based on the theory of reasoned action and reasoned that PU and PEOU were key variables that affected user acceptance and their use of information systems. That study showed that TAM can effectively explain and predict users’ attitudes toward and their behavior regarding information systems. Because it has a solid theoretical basis, TAM is an effectively universal research model for investigating users’ BI to use an information system. Therefore, we took TAM as the basic theory and incorporated other variables to better explain and predict users’ BI to use an LMA in a new environment.

3.2 Additional Variables

A student’s perception of an LMA is affected directly by timely publicity, information from colleges and libraries, and usage and promotion by college teachers and other students. In other words, SI significantly affects someone’s willingness to use an LMA. Moreover, in the initial stages of promoting any new technology or service, the ease of use affects user perception and whether they use the new technology. Using an LMA requires access to a mobile device connected to a mobile network with a stable network speed. That is, FCs affect an individual’s willingness to use an LMA. With increasing use time, the UPB of an LMA will vary.

3.3 Research Model

Theoretically, the ideal evaluation method is to use the actual use behavior as the objective measure of the acceptance of information technology or an information system. However, it is difficult to directly observe user behavior in a conventional way. Liaw et al. [23] and Huang et al. [24] found a strong positive correlation between users’ BI and their actual use behavior. Therefore, for measurement convenience, in the present study we used BI instead of actual use behavior. We constructed a UPB model for LMAs based on TAM and incorporated the variables SI and FCs, as shown in Fig. 1.
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Figure 1: Research model

4  Research Hypotheses

4.1 PEOU and PU

In TAM, PEOU is the degree to which a person believes that using a particular system will require little effort. PU is defined as the degree to which a person believes that using a particular system will enhance their performance at some task [22]. Users will tend to use an LMA if they perceive that its interface is simple and easy to operate. However, as use time increases, users will not continue to use an app merely because it is easy to operate if it has limited utility. If people perceive that an LMA is useful to them, such as by significantly enhancing their learning and efficiency, then they will tend to use it. After users acquire more experience, the impact of PEOU on users’ BI to use LMAs will weaken, and the impact of PU will increase users’ BI to use LMAs. PEOU will improve a user’s experience, thus enhancing PU. However, as the use time increases, the impact of PEOU on PU will weaken. Thus, we propose the following hypotheses:

H1a. PEOU has a positive influence on users’ BI to use an LMA.

H1b. Compared with time point T1, the impact of PEOU on users’ BI to use an LMA will be weaker at time point T2.

H2a. PU has a positive influence on users’ BI to use an LMA.

H2b. Compared with T1, the impact of PU on users’ BI to use an LMA will be stronger at T2.

H3a. PEOU has a positive influence on users’ PU of an LMA.

H3b. Compared with T1, the impact of PEOU on the PU of an LMA will be weaker at T2.

4.2 Social Influence

For a new system, SI is defined as the degree to which an individual perceives that important others believe that they should use it [25]. If a particular college and its library promote an LMA and relevant teachers, classmates, and friends use and recommend the services provided, then the perception of the usefulness of the LMA is enhanced. Thus, SI has a positive influence on PU. In turn, PU will increase a users’ BI to use the LMA. However, as use time increases, users gradually become more rational, and whether they continue to use the LMA will depend mainly on PU, so that the impact of SI on PU and BI will weaken. Consequently, we propose the following hypotheses:

H4a. SI has a positive influence on users’ BI to use an LMA.

H4b. Compared with T1, the impact of SI on users’ BI to use an LMA will be weaker at T2.

H5a. SI has a positive influence on the PU of an LMA.

H5b. Compared with T1, the impact of SI on the PU of an LMA will be weaker at T2.

4.3 Facilitating Conditions

FCs are defined as the degree to which an individual believes that an organizational and technical infrastructure exists to support use of the system [25]. Users tend to use an LMA if they have a mobile device (e.g., a smartphone or tablet) and can easily access its services via a stable and cheap mobile network. However, as use time increases, the impact of FCs on the use of the LMA will become more apparent, so the effect will increase. Good FCs will affect PEOU and increasing use time will enhance this relation. Consequently, we propose the following hypotheses:

H6a. FCs have a positive influence on users’ BI to use an LMA.

H6b. Compared with T1, the impact of FCs on users’ BI to use an LMA will be stronger at T2.

H7a. FCs have a positive influence on the PEOU of an LMA.

H7b. Compared with T1, the impact of FCs on the PEOU will be stronger at T2.

5  Research Methodology

5.1 Selection and Characteristics of Respondents

For the present empirical research, we selected university students as the respondents for the following three reasons:

1.    Many university students are willing to accept and use LMAs, and they are the main users of LMAs.

2.    The present research on user adoption of an LMA relies on structured questionnaires to obtain user perception and feedback about the LMA, and it was relatively easy for us to obtain the support of university students and collect valid sample data.

3.    As the main users of LMAs, the university students’ use experience and feedback will improve LMA information services and promote the development of LMAs.

5.2 Measurement Development

PEOU, PU, and BI are the core variables of TAM, as proposed by Davis [22]. SI and FCs are the core variables in UTAUT, as proposed by Venkatesh et al. [25]. TAM and UTAUT are widely used to study user adoption of information systems and technology and have been proved to be effective. Based on mature scales described in the literature [22,25] and the specific characteristics of LMAs, we designed measurement items for each construct. PEOU, PU, and BI were adapted from Davis [22], whereas SI and FCs were adapted from Venkatesh et al. [25]. Detailed information about the constructs is shown in Table 1.
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5.3 Data Collection

The data used to test the research model were collected from the responses to a questionnaire. Each item was scored on a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree). To avoid semantic problems, we improved the initial questionnaire according to suggestions from two experts and scholars in library and information science. Then, to examine the validity of the questionnaire, we administered it in a pretest to 15 students, and we revised it according to their suggestions.

The formal paper questionnaire asked for the respondents’ demographic information and had questions based on the five-point Likert scale. With the help of library directors and their staff, we targeted student groups and students taking information retrieval courses at three universities in Wuhan, all of which had developed LMAs and offered information retrieval courses in the first semester of junior year. Members of the research group explained the purpose and significance of the survey to the respondents to garner their support. Each participant had a smartphone that supported the use of an LMA and had used the LMA. First, they were asked to download the Chaoxing LMA, and then use it to find content related to their course. The questionnaire was given to them at their next class to get their feedback. Students who were interested in participating in future research were encouraged to leave their contact information at the end of the questionnaire. We first distributed and collected the questionnaire during the period September 20–27, 2017 (T1), receiving 252 valid responses. We did the same again during December 20–27, 2017 (T2), receiving 226 valid responses. The other 26 responses at T2 were invalid, so that we had 226 pairs of valid responses. The interval between the two questionnaires was three months. The course teacher was not present when the questionnaire was distributed or collected. We analyzed the 226 pairs of valid responses to identify the changes in the user perception of the LMA during those three months. Table 2 presents the demographic data of the 226 respondents, of whom 59.3% were male, 40.7% were female, 88.9% were under 25 years, 84.5% were undergraduate students, and 77.4% were majoring in human and social sciences.
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6  Results

We used partial least-squares structural equation modeling (PLS-SEM) in the empirical analysis, based on the following main considerations: (i) PLS-SEM is suitable for exploratory research, (ii) the objective of the present study was to explain and predict target constructs, and (iii) the sample was small [26,27].

6.1 Analysis of Measurement Model

To assess the reliability and validity of the variables in the research model, an internal-consistency reliability test and a convergent validity test were performed using SmartPLS 2.0. The results are shown in Tables 3 and 4. The internal-consistency reliability was measured with the composite reliability (CR), a metric suggested by Fornell et al. [28]. The convergent validity was measured with the average variance extracted (AVE) of the potential variables and the corresponding factor loading. The Cronbach’s α of each construct was also calculated. Table 3 shows that all the CR values were above 0.7969 and that all the Cronbach’s α values were above 0.6648, suggesting that the reliability of the questionnaire data is high. The AVE values were above 0.50, indicating good convergent validity, as suggested by Fornell et al. [28]. For satisfactory discriminant validity, the square root of the AVE from the construct should be larger than the correlation shared between the construct and other constructs in the mode. As shown in Table 4, the square root of the AVE for each construct is larger than its corresponding correlation coefficients with other constructs, satisfying Fornell et al. criteria for discriminant validity [28].
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6.2 Analysis of Structural Model

We estimated the structural model using SmartPLS 2.0. The results are presented in Fig. 2 and Table 5. The significance values of all paths are at the levels 0.001, 0.01, or 0.05. SI directly influences PU and BI, FCs influence PEOU and BI, and PEOU influences PU. Furthermore, the core variables of TAM (PU and PEOU) influence users’ BI to use the LMA. The results from SmartPLS show the significant effects of all the factors used in this study.
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Figure 2: Results of the structural equation model
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According to Table 5, hypotheses H1a–H7a are supported. At time point T1, SI had positive significant effects on PU and BI (H5a: path coefficient β = 0.2091, p < 0.001; H4a: β = 0.0807, p < 0.001), and FCs had powerful influences on BI and PEOU (H6a: β = 0.0017, p < 0.05; H7a: β = 0.4418, p < 0.001). PEOU had effects on PU and BI (H3a: β = 0.5115, p < 0.001; H1a: β = 0.4970, p < 0.001), and PU had a positive and significant influence on BI (H2a: β = 0.2821, p < 0.001). At time point T2, SI had positive significant effects on PU and BI (H5a: β = 0.1300, p < 0.001; H4a: β = 0.0763, p < 0.01), and FCs had powerful influences on BI and PEOU (H6a: β = 0.2325, p < 0.05; H7a: β = 0.6056, p < 0.001). PEOU had effects on PU and BI (H3a: β = 0.4685, p < 0.001; H1a: β = 0.1207, p < 0.001), and PU had a positive and significant influence on BI (H2a: β = 0.2952, p < 0.001).

According to Table 5, hypotheses H1b–H7b are also supported. Comparing T2 with T1, the impacts of PU and FCs on users’ BI to use the LMA were enhanced, as was the impact of FCs on the PEOU. However, the impacts of PEOU and SI on users’ BI to use the LMA were weaker, as were the impacts of SI and PEOU on PU.

At T1, R2 was 0.5498 for BI (namely the explanatory power of the model variables was 0.5498 for BI), 0.1951 for PEOU, and 0.3879 for PU. However, at T2, R2 was 0.3245 for BI, 0.3667 for PEOU, and 0.2729 for PU. Therefore, as use time increases, the explanatory power of the model variables for users’ BI to use the LMA decreased, which indicates that with accumulating experience, whether a user decides to continue using the LMA depends on elements other than PEOU, PU, SI, or FCs.

7  Discussion

The results of the significance analysis of the path coefficients show that PU, PEOU, SI, and FCs affect the UPB of the LMA and that the strengths of the influencing factors and their significance to user BI differed at time points T1 and T2. Below, we discuss some meaningful findings.

7.1 With Increasing Use Time, TAM Remains Universal for UPB of Library Mobile Apps

At time points T1 and T2, hypotheses H1a, H2a, and H3a were supported, consistent with the work of Davis [22]. Furthermore, the present study supports the ability of TAM to predict and interpret users’ BI toward the LMA. In the present study, PEOU and PU positively affect users’ BI to use the LMA. Users initially accepted and used it, and they often attached greater consideration to the PEOU and PU of the LMA because it was new to them. If individuals perceive that an LMA is easy to operate and useful for their learning and working, then they will be more likely to use it. Also, easy operation will enhance the users’ experiences of using an LMA, thereby enhancing its PU.

7.2 With Increasing Use Time, the Additional Variables also Affected Users’ BI

SI has a positive effect on users’ BI to use the LMA. SI positively affects the PU of the LMA, and the present results are consistent with those of Wang et al. [9]. Users are affected by publicity from their school and the recommendations of friends, teachers, and others, all of which enhance PU so that someone will be more inclined to use the LMA. FCs positively affect users’ BI to use the LMA, and the present results are consistent with those of Ming et al. [14]. FCs, such as a free and stable mobile network and access to a mobile device, positively affect PEOU, because the LMA requires a mobile device connected to a mobile network.

7.3 UPB has Dynamic Differences

Comparing T2 with T1, the empirical results show that PU and FCs have an increased impact on users’ BI to use the LMA, and FCs has an increased impact on PEOU. The impacts of PEOU and SI on users’ BI to use the LMA became weaker, as did the impacts of SI and PEOU on PU.

For college students who are accustomed to using various applications, PEOU has a significant influence on BI in the early stage of use. However, with increasing use time, the impacts of PEOU on PU and BI gradually diminish. PU reflects the degree to which the value of an LMA aligns with the person’s needs. With the accumulation of use experience, if users think that the LMA can meet their needs well and that using it can significantly improve their efficiency, then the impact of PU on actual use will increase. In the early stage of use, users are susceptible to the behavior and comments of others. Therefore, SI has a great influence on someone’s initial use behavior. As use time increases, the use experience becomes enhanced, the user becomes more rational, the impact of SI on PU weakens, and the person pays more attention to the actual utility and convenience of the LMA. Moreover, LMAs rely on the speed, stability, and coverage of mobile networks. Thus, the status of the mobile network in a college has a direct impact on students’ attitudes to the LMA. After initial use, the impact of FCs on PEOU gradually weakens. Because users are increasingly dependent on being connected to a high-speed and stable mobile network, the impact of network quality on continuous use increases, and the impact of FCs on users’ BI to use the LMA increases [29].

8  Future Work

First, we will consider adding more variables that affect UPB—such as information quality, service quality, and system quality—to extend and improve the model so that it better predicts and explains users’ dynamic behavior toward an LMA. Second, we will further explore the influencing factors for different user populations and users’ dynamic perception of an LMA. Third, we will expand the inclusion criteria for participants. By using artificial intelligence to analyze the log data produced by an LMA, we may be better able to assess users’ dynamic behavior and may be able to verify the dynamic applicability of our conclusions by dynamically tracking the perception and feedback of users at different times. This would allow us to compare and analyze the influencing factors of LMAs and the differences in user behavior in different regions [30].

9  Conclusions

Under the background of the increasingly intelligent modern library and the deep learning of users, this paper puts forward the problem of how to improve the service quality of LMA and reduce the loss rate of users. From a dynamic perspective, we constructed a UPB model of LMAs based on TAM, and introduced SI and FC. Then we distributed questionnaires to collect first-hand user data at two different time points, and conducted an empirical analysis using SmartPLS 2.0. The empirical results showed that with increasing use time, TAM remains universal for UPB of LMAs, extended variables, SI and FC, affect users’ BI, and the factors that affect users’ BI to use LMAs are different at different times. With increasing use time, PU and FC have more effect on users’ BI to use LMAs, and the impacts of SI and PEOU diminish. In the future, we can have a deep understanding of the dynamic behavior of users in the use process and optimize the use process for designers and developers from the perspective of users.
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Table 1: Measurement of each construct in the research model

Construct Item Description Reference
PEOU PEOU1 Learning to operate the LMA will be easy for me Davis [22]
PEOU2 1 find it easy to use the LMA to do what I want to do
PEOU3 Using the LMA does not require much effort
PEOU4 1 find the LMA easy to use
PU PUI Using the LMA will enhance my learning efficiency Davis [22]
PU2 Using the LMA will help me in my daily life
PU3 The LMA is useful
SI SI1 I know about the LMA because it was promoted by the school =~ Venkatesh et al.
S12 My classmates and teachers are using the LMA [25]
SI3 My classmates and teachers recommended the LMA to me
S14 I use the LMA because the librarians suggested it to me
FCs FC1 I use the LMA on a mobile device Venkatesh et al.
FC2 I can use the LM A when connected to the campus mobile network [25]
FC3 If I have trouble using the LMA, I can quickly get help
BI BI1 I am willing to learn how to use the LMA Davis [22]
BI2 I will recommend the LMA to others

BI3

I will use the LMA often
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Table 3: Overview of measurement model

Time point Construct [tem Loading CR AVE Cronbach’s o
T1 PEOU PEOU1 0.8043 0.8952 0.6811 0.8439
PEOU2 0.8284
PEOU3 0.8392
PEOU4 0.8288
PU PUI1 0.8765 0.8997 0.7497 0.8325
PU2 0.8190
PU3 0.9000
SI SI1 0.6867 0.7969 0.5018 0.6751
SI2 0.5165
SI3 0.7996
SI4 0.7933
FCs FCI 0.7795 0.8760 0.7023 0.7866
FC2 0.8705
FC3 0.8612
BI BI1 0.8737 0.8926 0.7349 0.8197
BI2 0.8715
BI3 0.8257
T2 PEOU PEOU1 0.8468 0.8900 0.6692 0.8351
PEOU2 0.7949
PEOU3 0.8221
PEOU4 0.8074
PU PUI1 0.8329 0.8589 0.6701 0.7545
PU2 0.7852
PU3 0.8367
SI SI1 0.7681 0.8390 0.5663 0.7458
SI2 0.7642
SI3 0.7860
SI4 0.6881
FCs FCI 0.7362 0.8172 0.5992 0.6648
FC2 0.7467
FC3 0.8355
BI BI1 0.8711 0.9158 0.7839 0.8622
BI2 0.8742
BI3 0.9103

Note: CR = Composite reliability; AVE = Average variance extracted.
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Table 4: Correlation matrix and discriminant assessment

Time point Construct BI FCs PEOU PU SI
T1 BI 0.8573

FCs 0.3490 0.8380

PEOU 0.6959 0.4418 0.8283

PU 0.6098 0.3600 0.5922 0.8659

SI 0.3876 0.3256 0.3858 0.4065 0.7084
T2 BI 0.8854

FCs 0.4670 0.7741

PEOU 0.4342 0.6056 0.8180

PU 0.4755 0.4229 0.5075 0.8186

SI 0.3038 0.4793 0.3001 0.2706 0.7525

Note: Bold values are the square roots of the AVE for each construct.
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Table 2: Demographic data of respondents

Demographic Category Frequency Percentage (%)
Gender Male 134 59.3
Female 92 40.7
Age 18-24 201 88.9
25-30 18 8.0
31-35 4 1.8
>35 3 1.3
Field of study Natural sciences 43 19.0
Human and social sciences 175 77.4
Other 8 3.5
Level Undergraduate student 191 84.5
Graduate student 35 15.5
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Table 5: Results of model verification

Hypothesis Path coefficient (T1)  Path coefficient (T2)
Hla: PEOU — BI 0.4970%** 0.1207%**

H2a: PU — BI 0.282]1*** 0.2952%*:

H3a: PEOU — PU 0.5115%%* 0.4685%**

H4a: SI — BI 0.0807*** 0.0763%*

HS5a: SI — PU 0.2091 *** 0.1300%**

Hé6a: FCs — BI 0.0017% 0.2325%*

H7a: FCs — PEOU  0.4418%*** 0.6056%***

Note: *p <0.05; **p <0.01; ***p <0.001.
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