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Abstract

:

With the popularity of sharing-based applications such as bicycle and car sharing, the sharing economy has attracted considerable global attention. The factors that affect users’ adoption of the sharing economy must be identified to facilitate the promotion of low-carbon lifestyles and help enterprises attract more active users. By employing the technology acceptance model (TAM) and herd behavior, this study implemented an expanded TAM and identified several factors affecting behavioral intention (BI) toward the sharing economy. A questionnaire was used to obtain the data, which were analyzed through structural equation modeling. The results revealed that perceived usefulness (PU) and perceived ease of use (PEOU) are the main factors affecting BI. Moreover, trust (TRU) was identified as a mediator of subjective norm (SN) and PEOU. Imitating others (IMI) affects BI, and SN affects TRU, PU, and PEOU. Gender moderates SN and IMI. This paper indicates that to improve users’ BI, enterprises should enhance PU, PEOU, and TRU; cooperate with organizations to enhance SN; and guide potential users to imitate others.
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1. Introduction


As a prominent business ecosystem, the sharing economy and its applications encompass substantial market potential. The market size of the sharing economy in China was estimated at USD 62.5 billion in October 2016, and it is expected to reach USD 280 billion by 2018 [1]. In 2016, the Chinese government announced support for the development of the sharing economy [2]; therefore, many traditional industries have begun to explore this emerging field. House sharing (e.g., Airbnb), car sharing (e.g., DiDi Kuaidi), knowledge sharing (e.g., Wikipedia), and bicycle sharing (e.g., Mobike) are some examples of this trend. Among these applications, bicycle sharing is one of the most representative of the sharing economy in China [3]; therefore, we explored the factors affecting users’ adoption of the sharing economy by studying their adoption of bicycle-sharing applications. Moreover, because bicycle sharing is a typical application of low-carbon transportation modes, bicycle-sharing applications have attracted considerable global attention as they have emerged [4,5,6]. According to a report published by iResearch (2017), the number of monthly active users of bicycle-sharing applications at the beginning of 2017 was approximately 10 million, which is less than half the global users (more than 20 million) and less than 10% of the users of transportation-sharing applications (more than 100 million) [7]. Evidently, despite their initial popularity, bicycle sharing and the sharing economy are yet to receive wide adoption among users. Therefore, the factors affecting users’ behavioral intention (BI) toward the sharing economy requires exploration.



Because of declining natural resources, sustainable development has become a crucial issue in the current economic environment. The sharing economy is one route through which people have begun to adopt low-carbon and sustainable lifestyles; therefore, studying the main factors affecting the consumer adoption of the sharing economy is necessary. While reducing carbon emissions and saving energy, sharing mobility services may promote sustainable mobility [8] which is defined as a paradigm which strengthens the links between land use and transport [9]. In their examination of car sharing in London, Akyelken et al. (2018) noted that the sharing economy enhances sustainable mobility [10]. Bicycle-sharing systems, a common policy for promoting sustainable mobility [11], allow customers temporary access to vehicles, thereby removing the necessity of buying their own bicycles. Moreover, bicycles can take the place of polluting vehicles, hence, the more bicycle trips that are taken, the less high-emission vehicles that are on roads [12]. Consequently, bicycle-sharing systems foster sustainability due to the efficient use of resources and reductions in harmful emissions.



Bicycle-sharing applications, which were established during 2015 in China, have formed a comparatively mature operation pattern. Such applications provide cheap bicycle use in communities at any time to facilitate travel and completion of the final part of a journey. These types of derivative applications were developed against the background of the rapid development of the sharing economy. They quickly increased in popularity, and various bicycle-sharing enterprises have subsequently emerged. Users must initially pay for their accounts through online payment. Then, they can locate nearby bicycles through an application on their mobile device. To use a bicycle, they must scan the Quick Response (QR) code of the bicycle to unlock a physical lock and then they can use it. Through big data methodologies and the Global Positioning System (GPS) devices installed in the bicycle, enterprises can track bicycle trajectories and dispatch bicycles. Compared with traditional lifestyles, the sharing economy can reduce costs and financial risks such as loss and damage. In addition, the sharing economy evokes environmental protection and sustainable development, which are popular among modern consumers. The aforementioned advantages can promote user adoption of the sharing economy; however, it also has some disadvantages. First, it is difficult for different users to obtain a personal experience. According to Porter’s (1980) competitive strategy theory [13], enterprises must reduce costs through mass production when products enter the mature period; thus, users cannot choose the suitable size of the product or select their preferred style and color. Given the current ubiquity of personalized products, such shortcomings will undoubtedly reduce user satisfaction. Second, the quantity and distribution of products are susceptible to tidal effects. For example, many bicycles tend to assemble in the central business district areas during work hours and accumulate in residential areas after work hours. These disadvantages negatively affect users’ adoption of the sharing economy. To attract consumers, the factors affecting users’ adoption must be explored. The aim of the current study was to fulfil this objective.



The remainder of the paper is organized as follows: the following section contains a review of the relevant literature. Then we present hypotheses, describe the variables, and establish a research model in Section 3. Section 4 explains the research methods, and results are presented in Section 5. Section 6 and Section 7 provide a discussion and the theoretical and practical implications of the paper. Finally, on the basis of the results, we present conclusions in Section 8.




2. Literature Review


2.1. Sharing Economy


The sharing economy is generally considered to have originated from collaborative consumption [14]. Felson and Spaeth (1978) emphasized that collaborative consumption should indicate the separation of ownership and use rights in communities, which exactly reflects the core meaning of “sharing” [4]. However, the concept was not widely accepted because more attention was paid to the ownership of goods than to use rights in the economic society of that time. After approximately 30 years, this idea was proposed as the term the sharing economy.



Recently, an increasing number of studies have been conducted on this concept. Botsman and Rodgers (2010) claimed that the sharing economy is an emerging internet-based business model [5]. Without the internet, the sharing model cannot aggregate into a huge scale and thus cannot be considered a type of economy. Subsequently, Chase (2015) noted that the participants in sharing should be all the members of society and defined a common basis for its existence: overcapacity, platforms, and mass participation [6]. However, this approach omitted the role of sharing at the social–psychological level. Hence, Eckhardt and Bardhi (2015) argued that the sharing economy is inaccurately named, and should rather be termed the access economy because “access” focuses on cost and value, whereas “sharing” reflects social relations [15]. Matofska (2016) expanded on the implications of the sharing economy and claimed that it represents a socioeconomic ecosystem established through the sharing of human, physical and intellectual resources [16].



The largest contribution of the sharing economy to sustainable development is in its innovative use of applications to productize services that can reduce resource waste and improve resource-utilization efficiency. Thus, we believe that one of the most interesting aspects of the sharing economy is how its applications are accepted by consumers. User experience is crucial, and consumer demand is a huge impetus for industry development. This demand has driven the market throughout its various orientations from traditional production and selling to the current holistic marketing concepts [17]. Moreover, in the sharing economy, consumers who lack sufficient funds to own specified resources can pay a relatively small price to satisfy their needs.



Studies that provided the theoretical foundations for the current study have not presented a common definition of the sharing economy because scholars have different opinions. Moreover, they have rarely explored the factors influencing users’ adoption of the sharing applications on the basis of empirical evidence. However, enterprises that aim to succeed in the sharing economy can sell products more effectively and specifically only by identifying such factors. The goal of this study was to provide this identification.




2.2. Technology Acceptance Model (TAM)


The technology acceptance model (TAM), based on the theory of reasoned action (TRA) and the theory of planned behavior (TPB), is an authoritative model for the adoption of information technology products [18].



The TRA, which was introduced by Ajzen and Fishbein (1975, 1980), has been widely employed to predict consumers’ BI and behaviors. However, the TRA’s major issues are that BI affects not only the behavior but also that attitudes and social norms influence BI [19,20]. Thus, TRA has been used to predict how individuals will behave based on their pre-existing BIs [21]. The TPB, an extension of the TRA proposed by Ajzen (1985), emphasized the factor of perceived behavioral control [22]. However, the TPB focuses on the goals of behaviors and ignores resources other than motivation.



On the basis of the TRA and TPB, Davis (1989) conducted two empirical studies involving 152 users and four applications to demonstrate that perceived usefulness (PU) and perceived ease of use (PEOU) have significant mediating effects on external variables and BI [23]. He also revealed that PEOU is a mediator of PU and BI, and he indicated that external variables should be identified as observed variables of PU and PEOU because they are difficult to measure directly [24]. The purpose of the TAM was to provide a more effective measurement tool for predicting and interpreting users’ adoption [23].



In previous studies on the TAM, researchers employed different observed variables to reflect the mediating variables according to different study subjects to discover the factors that impact users’ adoption. Numerous studies have demonstrated that the TAM is particularly applicable to consumers’ acceptance of information technology products [25,26,27,28,29,30,31,32,33,34,35,36,37]. Therefore, the TAM provided the foundation for our research model in the current study. The most evident drawback of the TAM is that the external variables are insufficiently clear; therefore, researchers must select the appropriate observed variables to analyze their effects on users’ BI. Moreover, although the TAM includes only two mediators, studies have indicated that PU and PEOU only partially explain the effects on BI. These deficiencies represent opportunities for future research and reflect the feasibility of the current study.




2.3. Herd Behavior


Scholars have observed apparent herding behaviors in various fields (e.g., financial investment, organizational decision-making, and consumer behavior) [38], and such behaviors are very common in daily life. Some scholars consider herding as a behavior in which individuals make decisions in imitation of other people’s actions; thus, people are both the objects that exert influence and those that are affected. Banerjee (1992) noted that herd behavior indicates “everyone doing what everyone else is doing” (p. 798) [39], whereas Çelen and Kariv (2004) defined herd behavior as “individuals choose the same actions” (p. 485) [40]. However, some scholars argue that in addition to people, organizations or groups can exhibit herd behavior. Abrahamson and Rosenkopf (1993) defined herd behavior at the organizational level as “diffusion processes whereby organizations adopt an innovation, not because of their individual assessments of the innovation’s efficiency or returns, but because of a bandwagon pressure caused by the sheer number of organizations that have already adopted this innovation” (p. 488) [41]. Therefore, herding is generally considered an expression of a specific type of stress during the process of this behavior; herding pressure is placed on consumers not only by people but also organizations.



In the field of general decision-making, Bernheim (1994) considered herding to indicate that “people conform to a single, homogeneous standard of behavior which is like a type of social norm” (p. 844) [42] whereas Anderson and Holt (1997) defined herd behavior as information cascades that occur when people follow an established pattern [43]. Consumers who hesitate to make a decision when faced with adopting a new technology product that other users have adopted are under the pressure of organizations and other users; thus, they may take the same actions. In this study, we noted that the variable affecting consumers’ herd behavior has organizational- and personal-level aspects in the field of consumer acceptance. Herd behavior at an organizational level indicates that consumers make decisions subjectively due to pressure from those around them. In other words, decision-making processes are largely influenced by norms. Norms can lead to behaviors, but are not in themselves behaviors. Herd behavior at the personal level means that consumers make decisions directly by imitating others, and imitation is itself a type of herd behavior. Organizational-level herd behavior is termed subjective norm (SN) and is defined as “the person’s perception that most people who are important to him think he should or should not perform the behavior in question” (p. 302) [44]. Personal-level herd behavior is termed as imitating others (IMI) and is defined as “the degree to which one follows previous adopters to adopt a particular form of technology” (p. 1015) [45].





3. Hypotheses and Research Model


3.1. Hypotheses


3.1.1. Perceived Usefulness (PU) and Perceived Ease of Use (PEOU)


Studies have demonstrated that PU—the degree to which people believe that using a particular system will enhance their job performance—and PEOU—the degree to which consumers perceive that using a system or product will require reasonable efforts—significantly positively affected BI—the subjective probability that an individual will perform a specified behavior; the former relationship was more evident than the latter [45,46,47]. If potential users are more likely to use the sharing economy, they are more likely to adopt it. Therefore, decision makers must identify the factors that influence BI. Subramanian (1994) believed that the TAM can also be used to predict the users’ future use of a system and claimed that PEOU can affect BI only through PU [48]. Keil (1995) noted that researchers should observe users’ adoption from the levels of organizational and individual adoption [49]. His results, which were in agreement with those of Davis (1989), demonstrated that PU is more important than PEOU for individual adoption [23]. However, consideration of new product classification yields alternative results. Chau (1996) argued that PEOU is more important than PU in pure software projects [27]. The effect of the TAM’s core variables (PU and PEOU) on BI can change with the study subject or over time. Therefore, no universally applicable conclusion has been derived for all products or research environments in the field of technology acceptance; with the emergence of new sharing applications such as bicycle sharing, we must obtain new results through new studies. Thus, we propose the following hypotheses:



Hypotheses 1 (H1).

Consumers’ PU is positively related to their BI.





Hypotheses 2a (H2a).

Consumers’ PEOU is positively related to their BI.





Hypotheses 2b (H2b).

Consumers’ PEOU is positively related to their PU.






3.1.2. Trust


In addition to facilitating interpersonal relationships, trust (TRU) is one of the most basic factors for relationships between consumers and enterprises [50]. Rousseau et al. (1998) defined TRU as perceptions about others’ attributes and a related willingness to become vulnerable to others [28]. Thus, if consumers do not have trust, they may refuse to adopt the product when they believe that the sharing application is difficult to use or lacks user value, which requires applications to be safe and enterprises to protect consumers’ privacy and consider the interests of consumers.



In the field of marketing, customers’ trust in products and enterprises has become a prominent topic with the growing popularity of customer-centric marketing guidelines. In recent years, studies on mobile commerce, information exchange systems, and mobile payments have revealed that TRU has a significant positive effect on BI [29,30,31]. In their research on business-to-consumer (B2C) e-commerce, Qiu and Li (2008) proposed integrating TRU into the TAM to enhance its persuasiveness for internet applications [30]. However, no empirical evidence was provided. Alsajjan and Dennis (2010) subsequently demonstrated that TRU, which was positively related to PU and BI, was affected by SN [32]. However, all these studies have investigated consumers’ adoption of new products in online or virtual settings, whereas most sharing applications (e.g., bicycle sharing, car sharing, and house sharing) are used in real settings. In this study, we integrated TRU into our model to observe its mediating effect between the external variables and BI. Thus, we propose the following hypotheses:



Hypotheses 3a (H3a).

Consumers’ TRU is positively related to their BI.





Hypotheses 3b (H3b).

Consumers’ TRU is positively related to their PU.





Hypotheses 3c (H3c).

Consumers’ TRU is positively related to their PEOU.






3.1.3. Imitating Others


Having decided upon herd behavior as a possible influencing factor, we conducted a pre-study to determine the thoughts of consumers. We interviewed 20 consumers with experience of the sharing economy and asked them to (1) write down key factors affecting their adoption of the sharing economy; and (2) write down key factors that they believe influence other consumers to adopt the sharing economy. Among them, there are 11 males and 9 females. Combining mean value (27.1) and standard deviation (6.64), we consider the average age of these interviewees is 27 ± 6. The result also revealed that imitating the behaviors of heroic figures motivates their desire to adopt these behaviors. Imitating other (IMI) even provides strong psychological cues when consumers are hesitant and their willingness to act is unclear. In a longitudinal study on technology acceptance, Sun (2013) demonstrated that IMI, which has a significant positive effect on BI, is one of the most important factors in herd behavior [45]. Thus, we propose the following hypothesis:



Hypotheses 4 (H4).

Consumers’ IMI is positively related to their BI.






3.1.4. Subjective Norm


Employing SN as an observed variable of behavioral intention was first proposed by Fishbein and Ajzen (1977) in the TRA [44]. It was subsequently integrated into the TAM by Venkatesh and Davis (2000) [25].



In an empirical study of computer resource-center systems, Taylor and Todd (1995) demonstrated that SN (from peers and influential individuals), which is a mediator in the TAM, had a significant positive effect on BI [51]. Moreover, in a study on e-learning, Cheung and Vogel (2013) investigated whether SN from peers, the media, and influential individuals affects BI [33]; only SN from peers exhibited significant influence. Lucas and Spitler (2010) believed that SN is generally more important than PU and PEOU for enterprises to predict users’ behavior by using the TAM [52]. Hsu and Lin (2008) found no significant impact of SN on usage intention among blog users [34]. However, Lu et al. (2009) considered the “sinicization” of the TAM through a study of users’ acceptance of instant messaging services and found that although the degree of influence was small, SN was positively related to BI [35]. Wu et al. (2011) studied the users’ adoption of Web 2.0 and found that SN affected both PU and BI [36], which was in agreement with the findings of Venkatesh et al. (2003) [26]. Because most enterprises in the sharing economy launch their products in the form of a “platform”, the industry barriers are relatively low, and users’ transfer costs are also low. Therefore, users pay attention to products’ ease of use when considering the products’ usefulness. To determine whether SN affects PU, PEOU, and BI, we propose the following hypotheses:



Hypotheses 5a (H5a).

SN is positively related to customers’ PU.





Hypotheses 5b (H5b).

SN is positively related to customers’ PEOU.





Hypotheses 5c (H5c).

SN is positively related to customers’ TRU.






3.1.5. Gender


In social sciences, a moderator is defined as a variable that interferes in the relationship between an independent variable and its corresponding dependent variable [53]. Moderating variables are generally divided into categorical and continuous variables; gender is one of the most typical categorical variables [54,55].



An important categorical moderator, gender, has been used repeatedly in studies of the TAM. Although the TAM has been determined as structurally invariant by gender [56], most researchers still consider gender to be an important moderator. Tarhini et al. (2014) determined that gender moderates the effect of PEOU and SN on BI in a study on the acceptance and use of e-learning interventions [57]. Liu (2016) studied the acceptance of mobile computing devices, and the results revealed that male college students favored status and value orientations, whereas female students preferred social and utilitarian orientations [58].



Gefen and Straub (1997) noted that sociolinguistic research has indicated that men tend to focus their discourse on hierarchy and independence, whereas women focus on intimacy and solidarity. They integrated gender as a moderator into the TAM to study if gender difference affected consumers’ adoption of e-mail, and their findings suggested that researchers should include gender in IT diffusion models, which are based on the TAM along with other cultural effects [59]. The effects of gender differences on the use and perceptions of many forms of human discourse are well established [59], and herd behavior is known to be formed through human discourse such as sounds and body language. In addition, we previously determined that interviewees of different genders demonstrate different preferences when under observation of Chinese sharing practices. Based on the aforementioned work, we hypothesized that gender is a crucial factor in the use of sharing applications. Thus, we proposed the following hypotheses:



Hypotheses 6a (H6a).

Gender significantly affects the influence of SN on TRU.





Hypotheses 6b (H6b).

Gender significantly affects the influence of SN on PU.





Hypotheses 6c (H6c).

Gender significantly affects the influence of SN on PEOU.





Hypotheses 6d (H6d).

Gender significantly affects the influence of IMI on BI.







3.2. Research Model


The process of establishing our expanded TAM is as shown in Figure 1 (step 1 and step 2). And our research model is illustrated as Figure 2.





4. Method


The TAM was adopted for use in this study because this model considers several factors and external variables as well as interactions between and among them, simultaneously [23]. Our in-depth review can contribute to the decision-making of enterprises and government departments when looking to promote consumers’ adoption of sharing applications to save resources and help guide consumers toward embracing sustainable development. In this research, many latent variables, such as PU/PEOU/TRU, could not be measured directly. Therefore, observed variables were used to measure latent variables indirectly, and these variables were confirmed using some specific items. The measured values consisted of real values and measurement errors. However, using the structural equation can considerably improve the accuracy of the overall measurement because it eliminates random measurement errors that occur when analyzing the structural relationship between latent variables. The structural equation model (SEM) can calculate relationships between multiple dependent variables concurrently, which means that it provides the most comprehensive and appropriate analysis for studying the mediating effect [60]. Therefore, we adopted the SEM to analyze our research model. Several groups of regression equations were designed to determine whether interviewees of different genders demonstrated significant differences in influencing relationships. The overall framework of this study is presented in Figure 1.



Our research model includes six factors, each of which is measured with 2–4 items. All the items were derived from previous research to improve the content validity [53]. To ensure that the meaning of these English-language scales remained unchanged after translation, we consulted professors of English and management at the Harbin Institute of Technology. Before conducting the investigation, we confirmed that the questionnaire could be clearly understood, and we completed a pre-test with 20 interviewees. Participants were made aware that all data provided were confidential and for academic use only. Appendix A lists the items and their sources.



In this study, we employed a five-point Likert scale with 18 questions for data collection. Items for PU, PEOU and BI were adapted from those of Davis (1989) [23] and Venkatesh and Davis (2000) [25]; Davis (1989) [23]; and Davis and Venkatesh (1996) [24], respectively. Items for TRU, IMI, and SN were adapted from those of Lee (2005) [29]; Sun (2013) [45]; and Venkatesh and Davis (2000) [25], respectively.



To ensure that the survey was widely distributed, we adopted an online questionnaire. However, because we were using gender as a moderator, we ensured that the number of male and female respondents was relatively balanced. Therefore, we also distributed an offline questionnaire to avoid any possible gender imbalance caused by only adopting online questionnaires. In total, we distributed 500 questionnaires, among which 250 were online. Of these, 150 were distributed through Wenjuanxing, which is one of the most widely used online questionnaire-collection platforms in China, and respondents were from various professions across China. Another 100 copies were randomly distributed through mailing lists. The other 250 copies were distributed offline (in cities including Chengdu, Qingdao, Shanghai, Wuhan, Xi’an, and other representative cities in the popularization of bicycle sharing in China).



Questionnaires were completed by users who had experience of using bicycle-sharing applications, which is a typical application in the sharing economy; the data were collected online or at locations with many shared bicycles. We examined all responses (426) and excluded 32 responses that had duplicate IPs (internet protocols) or too many missing values. Because of the randomness of a questionnaire survey, the ratio between men (44.92%) and women (55.08%) should have almost been 1:1; therefore, the data of this study are acceptable. The data for use frequency revealed that respondents used bicycle-sharing applications an average of three times or less per month (56.09%), 1–3 times per week (28.68%), 4–6 times per week (9.90%), and one or more times per day (5.33%), respectively. Therefore, bicycle sharing has not been widely adopted by users.



To measure the relationships between latent variables, which were measured and operationalized using specified manifest indicators [61], we adopted SEM, which is based on covariance structure models, to establish our empirical study. The results indicated that our expanded TAM, which was based on herd behavior, can explain the majority of the variance (0.761). Therefore, this method was appropriate for our study.




5. Results


Anderson and Gerbing (1988) noted that a two-step approach should be adopted if a good model fitness is obtained [62]. Therefore, we first measured the reliability and validity of the data and subsequently examined the structural equation model to test research hypotheses.



To determine the reliability of the data, we first calculated the Cronbach’s alpha. The next step was to measure the validity of the data. Our data had a high content validity because the questionnaires were translated from international authoritative studies and experts were consulted before the formal investigation; moreover, our expanded TAM was based on a literature review, practical analysis, and theoretical integration. Because each concept in this study was measured using multiple indices, we measured the degree to which each indicator reflected the measured concepts to determine whether the items actually reflected the concepts that were assigned for measurement. The main function of factor analysis, which extracts common factors according to the internal logic of the data, is to convert the measured variable into comprehensive indices. Therefore, we adopted factor analysis to measure the validity of the data. To determine whether our data were suitable for factor analysis, we conducted the Kaiser–Meyer–Olkin (KMO) and Bartlett’s sphericity tests. The results indicated that the KMO was 0.915 (>0.800), suggesting that the data were suitable for factor analysis. Then, we conducted an exploratory factor analysis and determined the standardized item loadings and measurement error by using the direct oblimin procedure, which is based on principal component extraction. A higher item loading indicated that the item can explain more variance. Next, we calculated the average variance extracted (AVE) to assess the convergent validity. Table 1 lists the standardized item loadings, measurement errors, Cronbach’s alphas, AVE values, and composite reliability (CR) scores. As shown in the table, most of the loadings were higher than 0.6, and all loadings were significant at the 0.05 level; moreover, all AVE values and CR scores were higher than 0.5 and 0.7, respectively [63,64]. Hence, the scale has a good convergent validity. In addition, the Cronbach’s alpha of the whole questionnaire was 0.906 (>0.8), suggesting a good reliability [65]. The calculation formulas of CR and AVE are as follows:
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Second, we estimated our model through SEM. The results are shown in Figure 2. We determined that the collected data exhibited good fitness with the constructed model because fit indices other than the normed fit index (NFI) had more favorable values than those recommend (Table 2) [64]. TRU (0.118), PEOU (0.583), PU (0.255), SN (0.488), and IMI (0.273) are important explanatory factors of BI. Gender, the only moderator in this study, is a typical categorical variable, whereas the other five variables are continuous. According to Kemp (2014), the moderating effect can be examined using a group-based regression analysis if the independent and dependent variables are continuous and the moderator is categorical [65]. Therefore, we employed regression equations to determine the moderating effect. The F and t values in Table 3 (the regression results of H6a, H6b, H6c and H6d were coded with A, B, C and D, respectively) and Table 4 indicate that gender moderated the influences of SN on PU, SN on PEOU, SN on TRU, and IMI on BI.




6. Discussion


Figure 2 shows that all hypotheses other than H3a and H3b were supported. PU, which was affected by PEOU, had significant effects on BI and PEOU. This result indicated that the TAM [23] is applicable to the sharing economy. However, in contrast to the findings of Davis (1989) and in agreement with those of Chau (1996) [23,27], PEOU had a stronger effect than PU on BI. Notably, Chau (1996) argued that the effect of PEOU on BI is more important than that of PU when the product is a pure software project; we obtained a similar result for the sharing economy, which involves applications that are mostly not pure software projects [27]. Therefore, this conclusion is also applicable to services based on the internet and software such as applications in the sharing economy.



The results revealed that TRU had no significant direct effect on PU or BI but could affect them indirectly through PEOU; TRU explained only a small part of the variance of BI (0.118). Therefore, even if consumers’ trust in products and enterprises is low, their BI is not substantially affected. Furthermore, the sample mean of TRU was 3.901 (total score 5), meaning that consumers partly trusted sharing applications and enterprises. However, TRU had no significant influence on BI in the path analysis, demonstrating that it is not the measure which produced only low values, and TRU was not the key factor affecting consumers’ adoption. This may be because consumers know that their use and transfer costs are negligible compared with the convenience of the sharing economy. Generally, although consumers do not think that bicycle-sharing providers are trustworthy—or they do not believe that providers will keep their promises and commitments and have customers’ best interests in mind—they are still willing to use their services. Afterwards, they will continue to use these products as long as they believe the usage experience matches their expectations. If an enterprise fails to offer competitive services, consumers will not hesitate to switch to one that does. However, enterprises cannot ignore the cultivation of consumer trust because it may be the key to success as the industry develops.



The result indicated that herd behavior involving SN and IMI explained the majority of consumers’ BI (γ = 0.761, γSN = 0.488, γIMI = 0.273). Moreover, SN affected BI through TRU, PEOU, and PU, whereas IMI affected BI directly. When an organization (or influential individual) applies a certain amount of pressure to members (or followers) to adopt or not adopt a new product, this subjective norm-based pressure strongly influences the BI of potential consumers and directs their decision to use or not use the product. Therefore, enterprises must establish cooperative relationships with organizations that have many members and influential individuals who have numerous followers. In other situations, potential consumers make decisions based on the behaviors of other users when they are hesitant to use a product. Enterprises should actively provide consumers with objects to imitate to simplify their decision-making process. For example, enterprises can recruit product experiencers who can guide consumers to use bicycle-sharing applications in university campuses, large communities, or roads outside the subway stations during rush hours; thus, potential consumers will imitate the guiders and their BI will be enhanced.



We categorized the 394 respondents into two groups according to gender (177 men and 217 women). Then, we established four sets of regression equations that used gender as the moderating variable for the different independent and dependent variables. The results indicated that the herd effect (including SN and IMI) on BI was significantly stronger in the group of men than in the group of women. Therefore, men were more likely to change their decisions on whether to use a sharing application based on other users’ behaviors. To benefit from consumers’ herd behavior and enhance consumers’ BI, enterprises should be aware of this result. For instance, enterprises can cooperate with organizations in which the majority of members are men or influential individuals whose fans are mostly men.



Although low-carbon mobility has received support from governments, and electric vehicle technology is increasingly mature, many consumers (e.g., European car buyers) are still reluctant to use them [66]. Therefore, technology alone cannot solve the desire to use high-carbon transport options; it is more of a social problem than a technological one [67]. Philp and Taylor (2017) indicated that public awareness and perception are two major barriers for the transition to low-carbon transport [68]. However, sharing applications, such as bicycle sharing, may be one solution to this problem. According to our results, herd behavior, perceived usefulness, and perceived ease of use can affect consumers’ adoption of such services. In the Chinese context, it is easier for herd behavior to promote loose individual behaviors to uniform norms. A public awareness towards sustainability will form when these uniform norms are good for low carbon. Additionally, perceived usefulness and perceived ease of use can also promote consumers to have positive perceptions of bicycle sharing. Aditjandra et al. (2013) suggested that residents must be well informed of the available opportunities for them if they are to pursue sustainable travel choices [69]; thus, bicycle sharing should be promoted as a convenient and low-carbon choice for residents’ short trips. Enhancing consumers’ adoption of the sharing economy can contribute to the transition from a high-carbon to a low-carbon society, which will help ensure sustainable development.



Policy interventions can undoubtedly play a role in creating a low-carbon future [68]. Apart from market forces, policy packaging can contribute to low-carbon lifestyles where there is a lack of public acceptance [70]. Governments should encourage the use of low-carbon mobility options. Public sectors should advocate for the adoption of a low-carbon lifestyle to promote the concept as a subjective norm, and government leaders should also use sharing applications so that citizens’ “herd behavior” is directed appropriately; these measures can help promote the widespread adoption of low-carbon lifestyles. Eventually, such policy interventions will lead to increased use of low-carbon applications; in turn, this will eliminate the market for high-carbon vehicles, thereby contributing to sustainable development.




7. Theoretical and Practical Implications


From a theoretical perspective, this study indicated that herd behavior (including SN and IMI) can affect consumers’ BI directly or indirectly through TRU, PU and PEOU and that gender is a significant moderator in these relationships. This study, which demonstrated that the TAM remains effective and useful in the current research environment, was the first to integrate IMI into TAM, thus introducing a practical external variable to the field of technology acceptance. We considered the herd behavior at the organizational and personal levels as two important external variables and studied the direct and indirect effects through mediating variables of SN and IMI on consumers’ BI. In addition, we proposed the expanded TAM to facilitate understanding the psychological states of the users’ adoption of the sharing economy. As noted, this study revealed that men are more likely than women to change their decisions due to other users’ behaviors, providing empirical evidence to contradict the conventional wisdom that the herd effect influences women more strongly than men.



From a practical perspective, this study indicated that several factors affect users’ adoption of the sharing economy. As a representative commercial application of environmental protection, energy conservation, and sustainable development, the sharing economy not only provides convenience for people’s life but also contributes to the reduction of carbon emissions. In addition, this study was the first to explore willingness and BI toward bicycle-sharing applications, which are representative of low-carbon travel and commuting. The results are valuable for promoting sustainability and helping enterprises to attract consumers.




8. Conclusions


Enterprises in the sharing economy such as ofo and Mobike must identify the factors affecting users’ BI in order to attract more active users. This study integrated SN and IMI into the TAM to establish an expended TAM for sharing-economy applications such as bicycle sharing. The results indicated that PU, PEOU and IMI affected BI directly and SN and TRU affected BI indirectly. In addition, empirical evidence demonstrated that men are more likely to be affected by organizations and other users when hesitating to use a product. These findings will help government and enterprise decision-makers to design policies and strategies to increase consumers’ adoption of low-carbon applications to help promote sustainable development. In addition, this study of the sharing economy in China can serve as a reference for the development of the sharing economy around the world as Europeans prefer high-carbon mobility [66].



This study had several limitations. First, we considered only two variables of herd behavior as external variables. To identify more factors that affect users’ BI, more observed variables should be added. In this study, we accounted for the reality of sharing practices in China. To date, sharing economy applications remain novel to customers, which means that the effects of perceived risk and other external variables are temporarily less important than those of herd behavior. However, future research should consider measures such as “perceived risk” as an external variable. Second, in addition to gender, other variables, such as experience and voluntariness, may moderate the effects of the observed variables on the latent variables [25]. However, it is currently difficult to conduct longitudinal research on these subjects. The effect of moderating variables such as experience and voluntariness on external variables cannot be satisfactorily measured at current adoption rates for applications; once sharing-economy applications have been more widely adopted, these variables can be integrated into the research framework. Future studies should attempt to identify more observable and moderating variables and examine the factors affecting user retention and facilitating their continued usage [37].
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Appendix A. Measurement Scales and Items


In terms of ethical considerations, it should be emphasized that the information collected is kept confidential and only used for academic research.



Perceived usefulness (PU; adapted from Venkatesh and Davis (2000))




	
PU1: Using bicycle sharing improves my performance in my work and life.



	
PU2: Using bicycle sharing for my work increases my productivity.



	
PU3: Using the system enhances my effectiveness in my work and life.



	
PU4: I find the system to be useful for my work and life.








Perceived ease of use (PEOU; adapted from Venkatesh and Davis (2000))




	
PEOU1: My interactions with bicycle-sharing applications are clear and understandable.



	
PEOU2: Interacting with bicycle-sharing applications does not require substantial mental effort.



	
PEOU3: I find bicycle sharing easy to use.



	
PEOU4: I can easily complete my desired tasks through bicycle-sharing applications.








Behavioral intention (BI; adapted from Davis (1996))




	
BI1: Assuming I have access to bicycle sharing, I intend to use it.



	
BI2: If I have access to bicycle sharing, I predict that I would use it.








Trust (TRU; adapted from Lee (2004))




	
TRU1: Bicycle-sharing providers are trustworthy.



	
TRU2: Bicycle-sharing providers keep their promises and commitments.



	
TRU3: Bicycle-sharing providers have customers’ best interest in mind.








Imitating others (IMI; adapted from Sun (2013))




	
IMI1: Bicycle sharing appears to be the dominant sharing application; therefore, I would like to use it as well.



	
IMI2: I follow others in accepting bicycle sharing.



	
IMI3: I would choose to accept bicycle sharing because many other people are already using it.








Subjective norm (SN; adapted from Venkatesh and Davis (2000))




	
SN1: People who influence my behavior think that I should use the system.



	
SN2: People who are important to me think that I should use the system.
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Figure 1. Study framework. 






Figure 1. Study framework.
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Figure 2. Research model and results estimated using the software AMOS 23. (Note: * p < 0.05; ** p < 0.01; *** p < 0.001; ns: not significant). 






Figure 2. Research model and results estimated using the software AMOS 23. (Note: * p < 0.05; ** p < 0.01; *** p < 0.001; ns: not significant).



[image: Sustainability 10 01262 g002]







[image: Table] 





Table 1. Standardized item loadings, measurement errors, Cronbach’s alphas, average variance extracted (AVE) values, and composite reliability (CR) scores.
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Factor

	
Item

	
Standardized Item Loading

	
Measuring Error

	
Cronbach’s Alpha

	
AVE

	
CR






	
Perceived usefulness (PU)

	
PU1

	
0.663

	
0.263

	
0.742

	
0.568

	
0.838




	
PU2

	
0.68

	
0.291




	
PU3

	
0.51

	
0.473




	
PU4

	
0.722

	
0.252




	
Perceived ease of use (PEOU)

	
PEOU1

	
0.747

	
0.27

	
0.805

	
0.655

	
0.883




	
PEOU2

	
0.715

	
0.311




	
PEOU3

	
0.69

	
0.241




	
PEOU4

	
0.707

	
0.261




	
Behavioral intention (BI)

	
BI1

	
0.817

	
0.162

	
0.829

	
0.833

	
0.909




	
BI2

	
0.867

	
0.123




	
Trust (TRU)

	
TRU1

	
0.745

	
0.27

	
0.784

	
0.682

	
0.865




	
TRU2

	
0.818

	
0.184




	
TRU3

	
0.669

	
0.324




	
Imitating others (IMI)

	
IMI1

	
0.693

	
0.26

	
0.708

	
0.569

	
0.798




	
IMI2

	
0.677

	
0.378




	
IMI3

	
0.662

	
0.404




	
Subjective norm (SN)

	
SN1

	
0.666

	
0.373

	
0.71

	
0.554

	
0.713




	
SN2

	
0.68

	
0.357




	
The whole questionnaire

	

	

	

	
0.906
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Table 2. Recommended and actual values of fit indices.






Table 2. Recommended and actual values of fit indices.





	Fit Indices
	CMIN/df
	GFI
	AGFI
	CFI
	NFI
	TLI (NNFI)
	RMSEA





	Recommended value
	<3
	>0.90
	>0.80
	>0.90
	>0.90
	>0.90
	<0.08



	Actual value
	2.767
	0.91
	0.877
	0.924
	0.887
	0.908
	0.067







Note: CMIN/df: ratio between chi-squared and degrees of freedom, GFI: goodness of fit index, AGFI: adjusted goodness of fit index, CFI: comparative fit index, NFI: normed fit index, NNFI: non-normed fit index, RMSEA: root mean square error of approximation.
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Table 3. Key parameters of the models.
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Code

	
Gender

	
Sample Size

	
R

	
Adjusted R²

	
Changed Statistic

	
Predictor Variable

	
Dependent Variable




	
Changed R²

	
Changed F

	
df1

	
df2

	
Sig. F






	
A

	
Female

	
217

	
0.268

	
0.068

	
0.072

	
16.684

	
1

	
215

	
0

	
SN

	
TRU




	
Male

	
177

	
0.443

	
0.192

	
0.197

	
42.847

	
1

	
175

	
0

	
SN

	
TRU




	
B

	
Female

	
217

	
0.285

	
0.077

	
0.081

	
19.002

	
1

	
215

	
0

	
SN

	
PEOU




	
Male

	
177

	
0.520

	
0.266

	
0.27

	
64.774

	
1

	
175

	
0

	
SN

	
PEOU




	
C

	
Female

	
217

	
0.377

	
0.138

	
0.142

	
35.578

	
1

	
215

	
0

	
SN

	
PU




	
Male

	
177

	
0.498

	
0.243

	
0.248

	
57.589

	
1

	
175

	
0

	
SN

	
PU




	
D

	
Female

	
217

	
0.522

	
0.269

	
0.272

	
80.504

	
1

	
215

	
0

	
IMI

	
BI




	
Male

	
177

	
0.596

	
0.351

	
0.355

	
96.377

	
1

	
175

	
0

	
IMI

	
BI
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Table 4. Coefficient of regression and significance test.
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Gender

	
Model

	
Unstandardized Coefficients

	
Standardized Coefficients

	
T-Statistic

	
Sig.

	
Dependent Variable




	
B

	
Standard Error

	
Beta






	
Female

	
1a

	
(Constant)

	
2.924

	
0.199

	

	
14.727

	
0

	
PU




	
SN

	
0.281

	
0.047

	
0.377

	
5.965

	
0

	
PU




	
Male

	
1b

	
(Constant)

	
2.385

	
0.21

	

	
11.376

	
0

	
PU




	
SN

	
0.394

	
0.052

	
0.498

	
7.589

	
0

	
PU




	
Female

	
2a

	
(Constant)

	
3.273

	
0.24

	

	
13.64

	
0

	
PEOU




	
SN

	
0.248

	
0.057

	
0.285

	
4.359

	
0

	
PEOU




	
Male

	
2b

	
(Constant)

	
2.514

	
0.206

	

	
12.232

	
0

	
PEOU




	
SN

	
0.409

	
0.051

	
0.52

	
8.048

	
0

	
PEOU




	
Female

	
3a

	
(Constant)

	
2.992

	
0.24

	

	
12.444

	
0

	
TRU




	
SN

	
0.233

	
0.057

	
0.268

	
4.085

	
0

	
TRU




	
Male

	
3b

	
(Constant)

	
2.238

	
0.248

	

	
9.039

	
0

	
TRU




	
SN

	
0.401

	
0.061

	
0.443

	
6.546

	
0

	
TRU




	
Female

	
4a

	
(Constant)

	
2.304

	
0.242

	

	
9.531

	
0

	
BI




	
SN

	
0.513

	
0.057

	
0.522

	
8.972

	
0

	
BI




	
Male

	
4b

	
(Constant)

	
1.762

	
0.254

	

	
6.945

	
0

	
BI




	
SN

	
0.618

	
0.063

	
0.596

	
9.817

	
0

	
BI
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