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Abstract

:

This paper examines the adoption of mobile applications for restaurant searches and/or reservations (MARSR) by users, as part of their experiential quality. Following an extended and expanded version of UTAUT-2, this research proposes eight determinants of intentions to use: performance expectancy, effort expectancy, facilitating conditions, hedonic motivation, price-saving orientation, habit, social influence, and perceived credibility. The data were collected from Spanish users of MARSR applications (n = 1200), and analyzed using structural equation modeling (SEM). The findings confirm the need to extend and expand UTAUT-2 by incorporating perceived credibility and the social norm approach. The results gathered from SEM indicate that the drivers of intentions to use MARSR are, in order of impact: habit, perceived credibility, hedonic motivation, price-saving orientation, effort expectancy, performance expectancy, social influence, and facilitating conditions. Habit, facilitating conditions, and intentions to use are significantly related to use. Additionally, the moderating effects of gender, age, and experience were tested by means of a multi-group analysis. The users’ experience was seen to exert a moderating effect in some of the relationships hypothesized in the model, while gender and age did not play a significant role. The findings have both research and practical implications.
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1. Introduction


The use of smartphones continues to grow around the world, and is expected to reach 2.87 billion in 2020, which will represent an increase of 83% since 2014 [1]. Mobile app downloads worldwide are also increasing significantly. Specifically, 178.1 billion apps were downloaded to their connected devices in 2017, and this figure is expected to grow to 258.2 billion app downloads by 2022, which will represent an increase of 45% [2]. One of the many different kinds of apps used are mobile applications for restaurant searches and/or reservations (MARSR). An MARSR app can be defined as a free application that is designed to run on mobile devices, which allows consumers to search for information on, select, and book restaurants, and more specifically, to find the location (53%), browse a menu (49%), investigate new restaurants (37%), and place an order for pick-up or delivery (35%) [3]. MARSR provide users with information on exactly what the carrying capacity of the restaurant is, how soon it is available in real-time, and when there will be tables available, in a similar way to other tourist services [4]. This removes uncertainty about times, and eliminates customer waiting time and overcrowding, which are usually related to environmental damage [5]. This type of app can be understood as a process of the customer service experience [6]; that is, it is part of the tourist experience process when they are consuming restaurant services. This means that this experience is a part of their experiential quality, which is a psychological outcome resulting from the customer’s participation in tourism activities [7]. Furthermore, an understanding the process by which consumers adopt these mobile apps has become a key strategic element for restaurants and app designers. However, the literature explaining the acceptance and the use of information and communication technologies (ICTs) is constantly increasing in size and scope; yet, to date, it has not provided any insight into consumers’ adoption of MARSR.



The adoption of ICTs has been analyzed using different theoretical models, such as the Technology Acceptance Model (TAM) [8,9,10], the Prospect Theory [11], the Task-Technology Fit (TTF) [12], the Motivational and Self-Determination Theory [13], the Social Cognitive Theory (SCT) [14], the Technology-Organization-Environment Framework (TOE) [15], or the Unified Theory of Acceptance and Use of Technology (UTAUT) [16,17,18]. The last of these theories, UTAUT, has been considered as a more integrative theory than TAM and other previous models and technology adoption theories, because it has greater predictive capacity [19]. Accordingly, in recent years, much research has been focused on measuring UTAUT-1 [20] and UTAUT-2 [21] in a wide range of mobile and digital areas, such as mobile payment, mobile banking, mobile Internet, online purchases of tickets from low-cost carriers, online purchase intention, smartphone use, and mobile TV [22,23,24,25,26,27,28,29].



However, and with regard to mobile applications, previous research has used several theories to investigate mobile apps in different tourism and hospitality services, such as hotel booking [11], based on Prospect Theory; hotel information, using TAM [8]; catering services, through the Electronic Commerce Systems Success Model [30]; and ridesharing, using SCT [14]. Other studies have used UTAUT as a research model in areas such as mobile payments in hotels [28], travel and tour guides [17], and diet restaurants [19]. Hence, more research is needed, because relatively few studies have investigated mobile app adoption in the context of restaurant search and/or reservation (MARSR).



UTAUT-2 is the theoretical framework used in this research, and it includes the explanatory variables that explain the intentions to use MARSR, such as performance expectancy, effort expectancy, facilitating conditions, hedonic motivation, habit and social influence, and also the positive influences of facilitating conditions, habits, and intention to use, on actual use. It also consists of three moderating variables—gender, age, and experience. Nonetheless, UTAUT-2 cannot fully explain the user acceptance of MARSR without introducing certain modifications, such as new dimensions and constructs that better reflect the behaviors of MARSR users. These modifications include some adaptations of the original model: (i) the need to redesign the original factor price value as price-saving orientation because the use of MARSR does not represent any monetary cost for the consumer, but their use offers significant monetary savings and perceived benefits, as indicated by prior literature in other technological contexts [16]; (ii) the need to expand the original factor social influence, since it was only conceptualized as the subjective norm in the original UTAUT-2 model, and some authors have incorporated other dimensions to better measure its social influence in technology adoption models [31]; (iii) the need to extend the original UTAUT-2 model with one additional factor, perceived credibility, basically because the literature has identified users’ concerns for security and privacy in the adoption of new technologies [32]; however, the original UTAUT-2 model does not include these concepts, although other authors have incorporated privacy and security, as dimensions of perceived credibility, into adaptations of the previous model, UTAUT-1, mainly in mobile banking [24]. Furthermore, very little research using UTAUT has examined the moderating effects of gender, age, and experience of the original UTAUT-2, and if it has done so, it is only in a partial sense, such as by gender [33], or gender and age [24,34,35]. Basically, most studies have been limited to testing the direct effects [36], so the users could have changed their beliefs in relation to the ITC.



Consequently, the questions that will be investigated are the following:



1. What drivers allow users to have intentions to use and use MARSR, and what is their level of importance?



2. Are there any significant differences in terms of gender, age, and experience that influence those drivers?



Taking these criteria into account, this research aims to gain a better understanding of the acceptance of MARSR by pursuing the following objectives: (1) To extend and expand the UTAUT-2 model by including price-saving orientation instead of price value, which is used in the original model, as well as the new dimensions of social influence, and the perceived credibility factor; (2) To test the conceptual model with a sample of Spanish users of MARSR; and (3) To investigate the moderating effects of gender, age, and experience.



The remainder of this paper is structured as follows. Section 2 reviews the related literature on UTAUT and some related concepts, and develops the research model and hypotheses. Section 3 presents the research methodology, while the results are described and reported in Section 4. Section 5 discusses the findings, with theoretical implications and conclusions, and the last section, Section 6, concludes the study with practical implications, limitations, and future research.




2. Literature Review and Hypotheses Development


2.1. The Unified Theory of Acceptance and Use of Technology


UTAUT-1 [20] is a synthesis of several theories and models; namely, the Theory of Reasoned Action (TRA) [37], TAM [38], the Motivational Model [39], TPB [40], the Decomposed Theory of Planned Behavior [41], the Model of PC Utilization [42], Innovation Diffusion Theory [43], and Social Cognitive Theory [44]. UTAUT-1 aims to explain the adoption of ICTs through four key constructs: performance expectancy, effort expectancy, social influence, and facilitating conditions. The first three of these constructs influence intentions to use, and the last one affects technology use [20]. Additionally, these relationships are moderated by gender, age, experience, and voluntariness of use. It has been applied in a wide variety of contexts, such as the acceptance of Internet banking technology by employees, social network sites by students, the use of rural tourism websites, and tour guide apps [17,23,45,46]. UTAUT-2, an extended version of UTAUT-1, was formulated in order to better adapt it to the consumer use framework [21], and it introduces three new variables: hedonic motivation, price value, and habit. While hedonic motivation and price value are solely related to intentions to use, habit is related to both intentions to use and actual usage. Moreover, UTAUT-2 includes a new relationship between the facilitating conditions and the intention to use. Since consumption in the consumer environment is always voluntary, UTAUT-2 eliminates voluntariness of use as a moderating variable. Instead, it introduces experience as a moderator in the relationship between intentions to use and usage. UTAUT-2 concludes that performance expectancy, effort expectancy, social influence, hedonic motivation, price value, and habit all influence the intention to use a technology, while intentions to use, facilitating conditions, and habit are significantly related to actual usage (Figure 1).




2.2. Research Model


UTAUT-2 identifies seven antecedents of consumer intentions to use mobile applications, and three antecedents of acceptance and use of technology. The first seven are performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation, price value, and habit. The three antecedents of use are intention to use, facilitating conditions, and habit [21]. Figure 2 depicts the proposed research model, which extends UTAUT-2 by introducing the construct of perceived credibility, redesigns the original factor, price value, as price-saving orientation, and expands the social influence construct. The definitions of the constructs, together with the theoretical basis and the hypotheses, are explained in the following sections.




2.3. Hypotheses Development


UTAUT-2 identifies three antecedents of consumer acceptance and use of technology: (1) intention to use, which captures the consumer’s main motivations to use the technology; (2) facilitating conditions; and (3) habit, where the other two antecedents have a direct influence on technology use. This conceptualization of the intention to use is consistent with social psychology theories, such as TRA [37] and TPB [40]. According to Fishbein and Ajzen [37] and Ajzen [40], intention describes the motivational factors that influence whether or not an individual will perform a given action in a particular situation. Fishbein and Ajzen [37] verified the relation between intentions to use and use in social psychology, based on TRA, stating that the intention of carrying out a behavior is the greatest predictor of the performance of such conduct. Abroud et al. [47] found that intentions to use had a direct positive impact on the use of Internet stock trading systems, according to the TAM. Authors such as Venkatesh et al. [20], Im et al. [45], and Yu [24] supported the idea that the intention to use has a direct positive influence on technology usage. Accordingly, this research hypothesizes the following:



Hypothesis 1 (H1).

Intention to use directly and positively affects the individual use of MARSR.





Venkatesh et al. [20] defined performance expectancy as the degree to which using a technology will provide consumers with benefits when performing certain activities. Performance expectancy is very similar to the perceived usefulness variable within TAM, which has become the most commonly used instrument for predicting technology usage, because it is robust, powerful, and parsimonious [48].



The performance expectancy construct is considered to be one of the core predictors of the intention to adopt a technology [20,49]. Previous research has tested this relationship, and has obtained positive results in the mobile payment context [27], app-based tour guides [17], and diet food apps [19]. However, there is no evidence of this relationship in the context of MARSR. Since MARSR enable consumers to find a desired or convenient restaurant more quickly and/or efficiently, such expectations can influence the intentions to use. Therefore, it is proposed that:



Hypothesis 2 (H2).

Performance expectancy directly and positively affects the intention to use MARSR.





Effort expectancy is the degree of ease that is associated with consumers’ use of technology [20]. There is a substantial similarity between effort expectancy in UTAUT-2, and the perceived ease-of-use in TAM. Previous empirical studies on mobile app adoption have supported the idea that effort expectancy influences intentions to use [17,19,24], but not in the MARSR environment. Since MARSR are easy to use, understandable, and easy to interact with, minor efforts that are made by consumers in their restaurant searches and/or reservations via MARSR will affect consumers’ intentions to use. Thus, the following hypothesis is proposed:



Hypothesis 3 (H3).

Effort expectancy positively and directly affects the intention to use MARSR.





Facilitating conditions refer to consumers’ perceptions of the resources and the support that are available to perform a behavior. UTAUT identifies the facilitating conditions as a construct that reflects a person’s perception of their control over their behavior [50]. This definition captures the external facets of the concept represented by TPB, as proposed by Ajzen [40], in the form of the perceived behavioral control constructs. Venkatesh et al. [21] added a direct relationship between the facilitating conditions and the intentions to use in UTAUT-2, and Lai [17] confirmed this relationship among users of app-based mobile tour guides. Yet, these relationships have not been found in other studies, such as San Martin and Herrero [23], among users of rural online purchase systems, and from Okumus et al. [19], among users of diet food apps. However, in accordance with Gallivan et al. [51] and Venkatesh et al. [50], appropriate facilitating conditions are essential for the acceptance of ICTs. In the literature on mobile banking adoption, Joshua and Koshy [52] showed that easier access to computers and the Internet results in a higher adoption rate. Hence, higher facilitating conditions are expected to lead to higher intention to use, and a higher rate of use of MARSR. Based on the above discussions, and the paucity of evidence on mobile applications, the following hypotheses are proposed:



Hypothesis 4 (H4).

Facilitating conditions directly and positively affect the use of MARSR.





Hypothesis 5 (H5).

Facilitating conditions directly and positively affect the intention to use MARSR.





Brown and Venkatesh [53] defined hedonic motivation as the fun or enjoyment that is derived from using a technology, and this construct has been shown to play a substantial role in determining technology acceptance and use [21,54]. Previous studies have subsequently proposed and tested the positive influence of perceived enjoyment on mobile internet adoption [55] and mobile banking use [56]. The positive influence of hedonic motivation on behavioral intentions has been tested by Venkatesh et al. [21] in the mobile context, although other authors found it to be weak among users of online services for purchasing tickets for low-cost carriers [16]. To test this relationship within the context of MARSR, the following hypothesis is proposed:



Hypothesis 6 (H6).

Hedonic motivation directly and positively affects the intentions to use MARSR.





The price value construct for a technology whose use carries a monetary cost for the consumer was incorporated within UTAUT-2 by Venkatesh et al. [21]. Price value refers to the consumer’s cognitive tradeoff between the perceived benefits, and their monetary cost [57]. However, this variable is not applicable in the model when an app, such as MARSR, is free of charge. In fact, other studies have found that consumers who purchase products and services through websites can reduce prices and save time [58], or can carry out comparisons of product prices [59]. Both can be associated with price saving. In this research, the price-saving orientation refers to the economic benefits that are obtained by technology users; that is to say, the use of technologies allows consumers to acquire a product or service at a lower price [16,60]. Accordingly, in previous research on UTAUT-2, the price value construct has been replaced by the price-saving orientation [16], and these authors found a positive relationship with intentions to use. Thus, in MARSR, information about prices and their comparison will allow for a price saving. Based on this theoretical review, the following hypothesis is proposed:



Hypothesis 7 (H7).

Price-saving orientation directly and positively affects the intentions to use MARSR.





Habit is defined as the degree to which people tend to perform behaviors that are automatic, based on learning [61]. It refers to a self-reported perception of a repeated behavioral pattern that occurs automatically outside of conscious awareness [62]. Venkatesh et al. [21] found two significant relationships: habit–intentions to use and habit–use. These relationships were confirmed by Escobar-Rodríguez and Carvajal-Trujillo [16] in a study on low-cost carriers’ websites. Therefore, habit is expected to influence both the intentions to use and the actual usage of MARSR. Accordingly, this study posits the following hypotheses:



Hypothesis 8 (H8).

Habit directly and positively affects the intentions to use MARSR.





Hypothesis 9 (H9).

Habit directly and positively affects the use of MARSR.






2.4. The Expanded and Extended UTAUT-2


One of Venkatesh et al.’s [21] proposals was for future research to identify factors that allow for the application of UTAUT to different technologies and use contexts, especially within the consumer behavior field. In this paper, the original UTAUT-2 has been expanded and extended by developing a new operationalization of the social influence factor, the substitution of the price value factor by price-saving orientation, and incorporating a new factor, perceived credibility.



Some studies on mobile marketing have identified the effect of social influence on intention to use, by the means of the subjective norm of TPB [21,24,27]. Nevertheless, there is still a need for more in-depth research on the construct’s operationalization. Therefore, to expand the social influence construct, this study investigates the effect that is produced by perceived norms on consumers’ intention to use MARSR, according to the social norms approach (SNA) [63,64].



Social influence, in the context of technology, is defined as the extent to which consumers perceive that important others believe that they should use a particular technology [21]. However, social influence is not a simple and unified concept [65,66], and it needs to be studied more thoroughly. Deutsch and Gerard [65] studied social influence from the informational and normative perspectives. Kelman [66] considered three different processes in social influence: conformity, internalization, and identification. Williams [67] defined social norms as rules for conduct. The social norms approach (SNA) [63,64], which is the theoretical approach that will be used in this research, posits that the relevant norms can be categorized as being descriptive and injunctive [68,69]. Descriptive norms refer to the popularity of a norm or behavior [70], while injunctive norms apply to social approval or the denial of a norm or act [71]. Moreover, according to Smith and Park [72], these norms exist at both the personal and the societal level. The personal level refers to significant norms among people who are relevant to the individual, whereas the societal level refers to beliefs that are based on legal, cultural, and religious norms.



In a study on mobile advertising, Soroa-Koury and Yang [73] found evidence to support the relationship between social influence and intentions to use, through the social norms theory. Given SNA’s theoretical basis and prior research, the following hypothesis is proposed:



Hypothesis 10 (H10).

Social influence directly and positively affects the intentions to use MARSR.





Perceived credibility in the mobile context is defined as the extent to which an individual believes that the use of mobile technology will not entail any security or privacy threats [49,74,75]. In fact, it is well known that consumers are concerned about security, privacy, and transaction risks in the mobile context [76], and that overcoming these issues is essential for the adoption of applications in the mobile ecosystem [77]. Thus, identifying the influence of perceived credibility on the intentions to use MARSR is relevant.



In the mobile environment, perceived credibility has been measured with two dimensions: security and confidentiality/privacy [78]. Additionally, in the context of MARSR, the user does not complete a sale, but only undertakes a search or booking. Therefore, the trustee’s characteristics of benevolence and integrity, as identified by Mayer et al. [79], and which act as trust generators in the offline context, are not relevant in the mobile environment. In the MARSR framework, only the competence of the application’s managers [79], which can be understood as security and privacy, is significant. Although perceived credibility has already been analyzed in the mobile banking context [24], it has not been tested with respect to MARSR users, and it does not appear among the UTAUT-2 variables. Thus, this study includes perceived credibility, in order to better explain the intentions to use MARSR, as sustained by the direct positive relationship identified by Yu [24] using UTAUT-1 in a sample of mobile banking users in Taiwan. However, perceived credibility has not been tested in UTAUT-2. Therefore, the following hypothesis is proposed:



Hypothesis 11 (H11).

Perceived credibility directly and positively affects the intentions to use MARSR.





Previous research has suggested that age and gender are critical demographic variables that moderate the relationships between consumers’ perceptions of technology, and their behavioral intentions [20,80]. In addition to age and gender, in the ITC context, user experience has been considered as one of the main factors explaining an individual’s behavior, because users gain experience in using ITC as they utilize them over time [81]. Experience is defined in terms of the time elapsed since the initial use of a technology by an individual, and it is usually operationalized by levels, based on the passage of time [21].



The moderating effects of gender, age, and experience were analyzed in UTAUT-1 and 2 between the independent variables and the dependent variable and behavioral intentions [20,21]. In the first model, Venkatesh et al. [20] analyzed the moderating effects of gender, age, and experience (understood as the time elapsed since the initial use of MASRS apps) between the independent variables (performance expectancy, effort expectancy, social influence, and facilitating conditions) and the dependent variable (behavioral intentions), and also between facilitating conditions and technology use in a sample of individuals that had been introduced to a new technology in the workplace. They found that the effect between the performance expectancy and behavioral intentions was stronger for younger men, while the effect was stronger for older women with limited experience in the relationships between effort expectancy and social influence toward behavioral intentions. Additionally, they found that the effect was more significant for older workers with increasing experience in the relationship between facilitating conditions and technology use. A few years later, Venkatesh et al. (2012) [21] analyzed the moderating effects of the new relationships added to the new UTAUT-2, in a sample of internet mobile users. They found that gender and age moderate the relationships between facilitating conditions and behavioral intentions, and between price value and behavioral intentions. Specifically, they observed that older women exercised a greater influence in both relationships. In addition, they found that gender, age, and experience moderate the relationship between hedonic motivation and behavioral intentions, and between habit and behavioral intentions. Specifically, they found that young men in the early stages of experience exercised the greatest influence of hedonic motivation toward behavioral intentions, while older men in the later stages of experience exercised the greatest influence of habit toward behavioral intentions, and of habit toward technology use. Some of these moderating effects were also found by Yu [24]. This author identified that the effect of performance expectancy on behavioral intentions and facilitating conditions for use is higher in men than in women. In addition, they observed that the direct effect of the facilitating conditions for the use of mobile banking was higher among users aged below 30 or over 50, compared to other age groups, but no moderating effects were identified in other relationships within the model. Conversely, other authors have investigated the moderating effects of gender and age using UTAUT models, and they have not found any significant results among social media users [35] or mobile banking users [34].



Given that the above findings are inconsistent, it is necessary to ascertain the moderating effects of gender and age, and taking into account the scarcity of testing conducted on the effect of experience, the hypotheses of the moderating effects of UTAUT-2 must be reformulated. Bearing in mind the discussion above, the following hypotheses were proposed:



Hypothesis 12 (H12).

Age and gender will moderate the effect of performance expectancy on intentions to use MARSR, so that the effect is stronger among younger men.





Hypothesis 13 (H13).

Age, gender, and experience will moderate the effect of effort expectancy on intentions to use MARSR, so that the effect is stronger among older women with limited experience in using mobile applications.





Hypothesis 14 (H14).

Age, gender, and experience will moderate the effect of social influence on intentions to use MARSR, so that the effect is stronger among older women with less experience in using mobile applications.





Hypothesis 15a (H15a).

Age and gender will moderate the effect of facilitating conditions on intentions to use MARSR so that the effect is stronger among older women.





Hypothesis 15b (H15b).

Age, gender, and experience will moderate the effect of facilitating conditions on the use of MARSR, so that the effect is stronger among older men with more experience in using mobile applications.





Hypothesis 16 (H16).

Age, gender, and experience will moderate the effect of hedonic motivation on intentions to use MARSR so that the effect is stronger among younger men with less experience using mobile applications.





Hypothesis 17 (H17).

Age and gender will moderate the effect of price-saving orientation on intentions to use MARSR, so that the effect is stronger among older women.





Hypothesis 18a (H18a).

Age, gender, and experience will moderate the effect of habit on intentions to use MARSR, so that the effect is stronger among older men with experience in using mobile applications.





Hypothesis 18b (H18b).

Age, gender, and experience will moderate the effect of habit on the use of MARSR, so that the effect is stronger among older men with experience in using mobile applications.





Hypothesis 19 (H19).

Experience will moderate the effect of intentions to use MARSR on the use of MARSR, so that the effect is stronger among users with less experience in using mobile applications.





The additional factor, perceived credibility (security and privacy), that extends UTAUT-2 in this research, will be submitted to the same moderating effects as the rest of the constructs, based on the following arguments: i) previous research has highlighted the gender perspectives regarding confidence in technology, and, basically, the lower degree of confidence in technology activities identified in females [82]. Compared to males, females have consistently higher levels of concerns about security [83], and privacy-related and security-related policies are crucial for engaging females in the online market [84] and, in particular, in mobile platforms [85]. In addition, most young people are digital natives, who see technologies as part of their daily routine. They can thus be regarded as being pre-adopters of new technologies, since they are more familiar with the new innovations [86]. Accordingly, older females with less experience in using mobile applications will have more influence in the relationships between perceived credibility and intentions to use MARSR. Therefore, the following hypothesis is proposed:



Hypothesis 20 (H20).

Age, gender, and experience will moderate the effect of perceived credibility on the intentions of use of MARSR, so that the effect is stronger among older women with less experience in using mobile applications.







3. Methodology


3.1. Instrument Development


A questionnaire was designed, with items adapted from a prior literature review. The questionnaire was organized into two sections. The first section included six questions on the respondents’ demographic characteristics, such as age, gender, occupation, and nationality. The second section contained 42 questions on the major constructs included in the proposed model. The original items from Venkatesh et al. [21] were modified and adapted to the mobile application framework to develop scales for use, intention to use, performance expectancy, effort expectancy, facilitating conditions, hedonic motivations, and habit. Three items were used to measure price-saving orientation, based on the work of Escobar-Rodríguez and Carvajal-Trujillo [16]. A four-item perceived credibility scale was taken from Yu [24]. Finally, four dimensions for the measurement of social influence were used: personal descriptive norms, societal descriptive norms, personal injunctive norms, and societal injunctive norms. Three items in each were used to measure personal descriptive norms, societal descriptive norms, personal injunctive norms, and societal injunctive norms, adapted from Smith and Park [72]. Additionally, experience was measured as the number of years of mobile applications usage.



The final version of the questionnaire was pretested on 10 digital marketing professionals with experience in the development and promotion of mobile applications. Their feedback helped us to improve the clarity of the questionnaire, and to ensure good communication with the respondents. Questions in the second section were measured using a five-point Likert scale ranging from “strongly disagree” (1) to “strongly agree” (5).




3.2. Data Collection


The sample was built using a non-probabilistic sampling method with proportional gender and age quotas from the population, and comprised Spanish residents who owned a smartphone and who used MASRS. The size of the quotas required to reach the most representative sample of the different proportions of the population was fixed. With a view to meeting the objectives of the predefined quotas, a non-random method of selecting the respondents was chosen. In order to collect the data, an online survey was conducted using Netquest.com [87], which is a professional research market agency that has the largest mobile panel in Spain. A sample of 1,200 individuals was obtained. Males and females each accounted for 50%, while 15% were aged 18–24; 21% were between 25 and 34 years old; 27% were aged between 35 and 44; 24% were 45–54 years old; and 13% were aged 55 or older. The majority of respondents had a university degree (59%) or high school diploma (37%). In terms of occupation, most of them were employed (62%), followed by students (11%), unemployed (9%), retired (7%), and self-employed (6%).




3.3. Method of Analysis


To test the conceptual model, the authors employed latent variable structural equation modeling (SEM). The model was estimated from the matrices of variances and covariances, using the maximum likelihood estimation procedure, with EQS 6.1 statistical software [88]. A study of the dimensionality, reliability and the validity of the social influence scale was carried out, to ensure that the measured construct was the intended one. This analysis allowed the social influence scale to be refined. Thus, non-significant items were eliminated, leaving a total of 12 items. The social influence items that shared the same dimensions were averaged to form composite measures [89]. Composite measures are combinations of items that are used to create score aggregates, which are then subjected to confirmatory factor analysis (CFA), together with the rest of the scales taken into account in the proposed model, in order to validate them. In a CFA, composite measures are useful for two reasons. First, they make it possible to better meet the normal-distribution assumption of maximum likelihood estimation. Second, they yield more parsimonious models, because they reduce the number of variances and covariances to be estimated, thereby increasing the stability of the parameter estimates, enhancing the variable-to-sample-size ratio, and reducing the impact of the sampling error on the estimation process. Accordingly, a composite measure of each dimension of social influence was introduced in the analyses conducted, to assess the dimensionality, reliability, and validity of the scales. Finally, the causal relationships to test hypotheses 1‒11 were determined.





4. Results


4.1. Measurement Model Results


The psychometric properties of the social influence scale were analyzed in the first step of the analysis (Table 1) by implementing a CFA of the 12 items that make up the final scale. This enabled us to obtain four dimensions: descriptive personal norm, descriptive social norm, injunctive personal norm, and injunctive social norm. The probability associated with the chi-square test reached a value higher than 0.05 (0.07951), indicating a good overall fit of the scale. Convergent validity is demonstrated in two ways. First, the factor loadings are significant and greater than 0.5 [90], and second, the average variance extracted (AVE) for each of the factors is higher than 0.5 [91], with levels ranging from 0.74 (descriptive social norm) to 0.86 (injunctive personal norm). The reliability of the scale is confirmed, because the composite reliability (CR) indices of each of the dimensions obtained are higher than 0.6 [90], with levels ranging from 0.88 (descriptive social norm) to 0.95 (injunctive personal norm).



Table 2 shows the discriminant validity of the four dimensions of social influence, evaluated by the means of AVE [91]. To support discriminant validity, a construct must share more variance with its indicators than with other constructs in the model. This occurs when the square root of the AVE between each pair of factors is higher than the estimated correlation between those factors; this occurs here, thus ratifying the discriminant validity. Further evidence of discriminant validity was also provided when examining the confidence intervals of the paired correlations among the latent variables, and none of the confidence intervals developed included a value of 1 [92]. Furthermore, discriminant validity was also tested through the differences between the chi-square values (with one degree of freedom) for the fixed and free solutions. All of the chi-square differences were significant, thus providing evidence of discriminant validity [88].



Two methods to assess common method bias were used. First, Harman’s single factor test was conducted, with the results showing that 37.94% of the variance is explained, and hence, no substantial amount of common method bias is present [93]. Second, using EQS, we specified a method factor, together with the original latent variables, and calculated the squared factor loadings for both the method factor and the substantive factors (i.e., the original latent variables). The average variance explained by the substantive factors was higher than 0.7, while that explained by the method factor was under 0.017, thus suggesting that the common method bias is not a concern in this study [20].



To test for multicollinearity, the variance inflation factors (VIFs) were computed and found to have a lowest value of 1.855, and a highest value of 4.235, both of which are below the conservative threshold of 5, thereby suggesting that multicollinearity was not a major issue in this study [94].



The psychometric properties of the scales forming the model were analyzed, once composite measures had been formed from items sharing the same dimension on the social influence scale [89]. The probability associated with the chi-square is higher than 0.05 (0.39544), thereby indicating a good overall fit of the scales (Table 3) [95]. Convergent validity is demonstrated, because the factor loadings are significant and higher than 0.5 [89], and the AVE for each of the factors is higher than 0.5 [91], with levels ranging from 0.60 (price-saving orientation) to 0.75 (hedonic motivation and perceived credibility). The reliability of the scale is verified, as the CR indices for each of the dimensions obtained are above 0.6 [90], with levels that range from 0.81 (price-saving orientation) to 0.92 (perceived credibility) (see Table 3).



Table 4 shows the discriminant validity of the constructs considered, following the same criteria as in Table 2, and the discriminant validity was ratified.




4.2. Structural Model Results


The overall causal relationships of the proposed model were analyzed to test Hypotheses 1‒11 (Table 5). The probability of the chi-square was higher than 0.05 (0.08255), the comparative fit index (CFI) (0.995) was close to unity, and the root mean square error of approximation (RMSEA) was close to zero (0.014). Additionally, the variance in intentions to use (R2 = 0.72) was explained by perceived credibility, performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivations, price-saving orientation, and habit. The variance in use (R2 = 0.71) was explained by intentions to use, facilitating conditions, and habit. This indicates that the model used in this study is able to successfully predict and explain the use and adoption of MARSR. The authors found that R2 in use increased by more than 38%, compared to the original UTAUT-2.



In order to obtain a better fit of the model, some parameters were constrained to be equal: specifically, all of the determinants of intention to use, on the one hand, and all the antecedents of use, on the other. A comparison of the chi-square values of both models yielded ∆χ2 = 230.78 with ∆df = 9, with an associated p = 0.000, which means that the constrained model is more accurate [88]. The results of the analysis show that all the relationships posited in the model were supported for the sample.



The results of the SEM analysis of the structural model indicated, as shown in Table 5 and Figure 3, that intentions to use, facilitating conditions, and habit significantly and positively influenced use (β = 0.38, p < 0.01; β = 0.29, p < 0.01; β = 0.45, p < 0.01). These results support H1, H4, and H9. In addition, performance expectancy, effort expectancy, facilitating conditions, hedonic motivation, price-saving orientation, habit, social influence, and perceived credibility significantly and positively affect the intentions to use (β = 0.13, p < 0.01; β = 0.13, p < 0.01; β = 0.11, p < 0.01; β = 0.14, p < 0.01; β = 0.13, p < 0.01; β = 0.18, p < 0.01; β = 0.11, p < 0.01; β = 0.16, p < 0.01). These findings support H2, H3, H5, H6, H7, H8, H10, and H11.




4.3. The Moderating Effects Analysis


A moderation analysis was conducted to test the validity of the moderation hypotheses (H12a to H20). Table 6 shows the moderating effects of gender (male vs. female), age (18 to 39 vs. 40 or over), and experience, using mobile applications (less than three years vs. more than three years), on the relationships in the model. Previously, for each moderator analysis, the invariance of the factor loadings was ratified; in all three cases, the model fit was not significantly worse in the model, with more restricted factor loadings than in the simultaneous model (the probability associated with the chi-square increase is always higher than 0.05, p = 0.112 for gender, p = 0.201 for age, and p = 0.092 for experience).



Table 6 shows that gender and age did not moderate the effects of the independent variables on intentions to use MARSR. The detailed statistical figures reveal that only experience in using mobile applications moderated the effect of intention to use (0.33 vs. 0.44), facilitating conditions (0.19 vs. 0.38), and habit (0.37 vs. 0.57) on the use of MARSR. This effect was greater in users with more experience in using mobile applications. Consequently, H15b and H18b are partially supported, while H12, H13, H14, H15a, H16, H17, H18a, H19, and H20 are rejected.





5. Discussion and Conclusion


This research has developed and tested a successful model for a restaurant search and/or reservation app, through the expanded and extended UTAUT-2. The findings strongly support the suitability of the extended and expanded UTAUT-2 as a means for guiding the understanding of the factors that are involved in users’ acceptance of mobile applications for restaurant searches and/or reservations (MARSR). In addition, this research has analyzed the moderating effects of gender, age, and experience, which were only partially supported.



This research is one of the first empirical studies to extend the exploration of technology acceptance in tourism services apps to the specific case of consumers’ adoption of app-based MARSR.



The empirical findings of this research indicate that the drivers of intentions to use MARSR are, in order of impact: habit, perceived credibility, hedonic motivation, performance expectancy, effort expectancy, price-saving orientation, social influence, and facilitating conditions. These results mainly show that restaurants’ customers will have positive intentions for adopting MARSR, because they need to use this app to find a restaurant, as long as they perceive that MARSR safeguards data confidentiality, and that it is fun, entertaining, and easy to use, and that it helps to save time and money. Additionally, the results reveal that the greatest influence on the relationships with usage are exerted by, from high to low, habit, intentions to use, and facilitating conditions.



The results indicate that habit is the strongest predictor of intentions to use, and of actual usage, in the context of MARSR. This finding is consistent with the previous literature on UTAUT-2 [16,21]. The explanation of this finding could be that the intention to use a restaurant app becomes less critical when the habit is stronger, since the probability of using it continuously is much higher, as has been seen in the strong influence of habit on the use of MARSR. This fact confirms previous research carried out among internet users, which found a direct effect of habit on technology use, but a more moderate impact on intentions to use [61].



Perceived credibility is the second strongest predictor of intentions to use, which means that privacy and security are still issues when using MARSR, and usually arise as such, in the early stages of the adoption of new technologies. In the MARSR context, privacy and security are not merely a matter of legislative compliance, but also of business practice and of finding a technical solution for consumer requirements. Consequently, perceived credibility is another important antecedent of intentions to use in the context of MARSR, which is also consistent with the findings of previous studies in UTAUT-1 on mobile banking [24]. This is a novelty in UTAUT-2, and one of the contributions of this research. These results confirm the need to extend UTAUT-2 by incorporating the perceived credibility factor, to better understand the acceptance of MARSR according to the proposed model.



The effects of hedonic motivation have not been considered in depth in the mobile application context, with the exception of the research by Venkatesh et al. [21], which was focused on mobile technology in general. Hedonic motivation is a strong predictor of intentions to use, thus confirming the findings of Venkatesh et al. [21], with the relationship being stronger than in previous applications of UTAUT- 2, in the online purchase context [16]. These findings suggest that users rate mobile applications as being positive, when they are fun, enjoyable, and entertaining.



The cost of using mobile services has been tested in UTAUT mobile research. Yu [24] found a negative relationship between economic cost and intentions to use. Nevertheless, as MARSR are free of charge, and given that in this research that the price value construct of the original UTAUT-2 was replaced by the price-saving orientation, its influence on intentions to use is significant, thus confirming previous research [16]. These results reveal that consumers use these applications to obtain discounts and to save money, which is a novel contribution to the literature on mobile applications.



The results also show that performance expectancy and effort expectancy are predictors of intentions to use. Performance expectancy has a positive influence on intentions to use, thereby confirming the previous literature on UTAUT in the mobile context [21,24,27], and in the acceptance of tourism mobile apps [17,19]. The results are also consistent with previous research that has indicated positive relationship between effort expectancy and intentions to use [17,19,21]. Users will have positive intentions to adopt MARSR if they are perceived as efficient apps for searching that are easy to use, while also saving time.



Social influence is the original construct of UTAUT-1, which has been tested most commonly in the mobile framework, and its influence on intentions to use has garnered considerable support [24,96]. In this study, the social influence construct was expanded by using the SNA, which was expected to outperform the relationship between social influence and intentions to use. Unexpectedly, in this research, the estimated β parameter for the abovementioned relationship represented one of the least powerful drivers of intentions to use, in contrast to more specialized apps, as found in a study conducted among users of diet apps [19], in which social influence was the most powerful antecedent of the intentions to use. Therefore, this is another contribution, and it may be explained by two reasons. First, the generalization of the use of mobile services may have reduced social influence, as a result of normative pressure from reference groups. Second, if habit is the strongest driver of intentions to use, the social norm necessarily becomes less relevant.



The effects of facilitating conditions on intentions to use have been supported in research carried out on app-based mobile tour guides [17], and their effect on usage has also been tested among consumers of mobile shopping services [97]. Accordingly, in this study, facilitating conditions are the last driver in order of relevance affecting usage, and the second that influences intentions to use, while in other studies on mobile apps, this relationship has not been found to be significant [19]. These outcomes indicate that the role of facilitating conditions and their impacts are more influential on MARSR usage than on MARSR intentions to use. This means that individuals’ perceptions of the support and the resources that are available for using MARSR are key factors for the acceptance of this technology.



Contrary to the previous studies by Venkatesh et al. [20,21], which indicated the moderating impacts of gender, age, and experience on all of the relationships between the independent variables and the behavioral intentions, except for between performance expectancy and behavioral intentions, which were moderated only by gender and age, this research has not found any significant differences in terms of gender and age, thereby supporting other studies on social media users [35] and mobile banking [34]. These findings could be interpreted as a reflection of the tendency that individuals are evolving to become more and more digital in modern societies, especially when there are no economic risks in the activity, since other authors have identified gender differences in the use of mobile payment platforms [85]. Likewise, the main role of habit among users of MARSR in the whole sample already anticipates these results in some way. In short, previous assumptions about age and gender, in terms of technology acceptance and use, may have become anachronistic.



This research has identified significant differences in the moderating effect of experience in using mobile applications between facilitating conditions and use, intentions to use and use, and habit and use of MARSR, which is partially supported by previous literature [20,21]. This effect is seen to be stronger in the first two relations for people with more than three years’ experience, whereas previous literature has found that the effect was stronger for individuals with less than three years’ experience with mobile applications [21]. These findings could be explained by the fact that users have an increasingly greater amount of experience in online contexts [98], and more confidence and practice in the use of applications. As a result, they tend to be more willing to use MARSR than novice users. Conversely, the results of this research do coincide with previous literature on the fact that individuals with more than three years of experience are the ones for which the strongest effect between habit and use is observed, thus supporting Venkatesh et al. [21].



In sum, an extended and expanded version of UTAUT-2 was used in this research, to explain the user acceptance of mobile apps for restaurants. This new version of UTAUT-2 has been extended by adding one new factor, perceived credibility, redesigning the original factor price value as price-saving orientation, and expanding the social influence factor, using descriptive personal, descriptive social, injunctive personal, and injunctive social norms as dimensions of the factor. This has resulted in variances of the intentions to use MASRS (R2 = 0.72) and in MASRS use (R2 = 0.71), being substantial improved compared to the previous literature [16,21].




6. Practical Implications, Limitations, and Future Research


This research has conceptualized consumers’ intentions to use, and the use of MARSR, by building a comprehensive model that extends and expands on UTAUT-2, in which habit, perceived credibility, and hedonic motivation perceptions were found to play a primordial role in intentions to use MARSR. Furthermore, habit was identified as the main antecedent to using MARSR. In addition, no differences were found by gender or age in the relationships hypothesized in the model. Significant differences were only found among users with more than three years’ experience, using MARSR between the intention to use and use, facilitating conditions and use, and habit and use.



The results of the structural model have various potential managerial implications for MARSR companies, as well as for restaurant owners and managers, taking into account that MARSR is one of the activities that make up the customer process during the service experience, which plays a crucial role in tourism services [99,100]. These suggestions could help MARSR companies to increase data traffic, to maximize the value of their investments and to improve their results. From the point of view of restaurant owners and managers, the increasing number of MARSR users can help them to reach more customers, and thus obtain more bookings, revenues, and profits. In addition, the results demonstrate that the habit of using mobile applications is the most important variable influencing intentions to use and the usage of MARSR. These results suggest that app providers must encourage users to further develop the habit of using their MARSR regularly, by providing differential services. For example, managers of restaurants should encourage additional activities, such as discounts, offers, and tastings, as users are far more likely to be receptive, when using these kinds of applications becomes part of their daily routine. This would lead to an increase in booking rates and the rotation of installed capacity. Moreover, the results show that performance expectancy and price-saving orientation influence users’ intentions to use. That is, users of MARSR utilize these applications to search for restaurants quickly, save time, compare prices, find cheap restaurants, and identify good price proposals. Therefore, restaurant owners and managers should work actively to become part of this sales channel, in order to gain access to this source of customers, which is becoming increasingly relevant.



The results also indicate that MARSR users are very sensitive to security and privacy issues, as well as to the hedonic aspect of MARSR. Therefore, MARSR companies should create applications with higher levels of security and confidentiality. These companies should also improve the design of their applications, to make them even more fun and entertaining. Likewise, this research has shown that users value ease-of-use in these applications, and thus, MARSR managers should aim to design user-friendly apps. Finally, the results reveal a greater effect of intentions to use on usage. MARSR managers should therefore aim to strengthen consumers’ intentions to use these applications, because this will lead to more actual usage. This means that according to the findings, that managers must take action with respect to variables such as performance expectancy, effort expectancy, facilitating conditions, hedonic motivation, price-saving orientation, and perceived credibility, in order to increase the use of MARSR. Additionally, the app designers, and according to the results regarding the moderating effects, should enhance facilitating conditions, since it could be a motivator for users with less experience, and it would improve their intentions of use toward MARSR. This study is not free of limitations, however, and these limitations provide avenues for further research. First, the measurement of use was self-reported, rather than being based on actual use. This limitation is common to all previous research on the UTAUT theory [16,27,28]. A relevant advance for future research would be the possibility of measuring real behavior. Second, this research expands on and extends UTAUT-2, in order to investigate users’ intentions to use and the use of MARSR, but there may be other potential factors for extending UTAUT-2, such as personalization or perceived risk, that we have not taken into account, and which can help to improve the understanding of MARSR users. Third, national comparisons to identify cultural differences among countries would be desirable, to test the proposed model. Third, the sample does not include tourists. Future research could incorporate this important group in Spain. Four, it could be relevant for future research to include other interactions between the variables of the conceptual model, as well as other moderating effects among the independent and dependent variables, such as social influence as a moderator. Finally, future research could be addressed to identify the contributions of mobile applications towards mitigating the negative effects of overcrowding, in overtourism destinations.



Last but not least, MARSR are very popular among urban users. One direction for future research could be to conduct a study of the adoption of MARSR, comparing urban and rural users.
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