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User Adoption of Intelligent Environments: A Review of Technology Adoption Models, Challenges, and Prospects 
Recent technological advancements have enabled the development of smarter (more automated) and more      intelligent (adaptable) e     nvironments     . To understand what factors lead users to reject or adopt Intelligent Environments (IEs), we reviewed nine prominent technology adoption theories. A      literature review was conducted to investigate acceptance and adoption of different types of IEs. Our review shows that perceived usefulness, ease of use, perceived control or self-efficacy, affect and enjoyment, and perceived risks are the common factors across the studies explaining adoption of IEs. However, shortcomings in the design and methods of the reviewed studies present major concerns in the generalizability and application of existing theories to emerging IEs. Finally, eight major gaps in the existing theories are addressed and a new conceptual model for explaining the adoption of IEs is proposed. This study is expected to      form      a theoretical      background for a successful introduction of IEs and their seamless integration into our everyday life.  
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1. Introduction
Recent technological advancements in artificial intelligence (AI) and information and communication technologies (ICT) are transforming our physical worlds. Computing systems are increasingly being embedded in homes, offices, and cars to improve the occupants’ lifestyle by catering to their needs. For example, according to 

(…), 
i
n the 
smart h
ome market, the number of 
users
 
with smart home technologies 
is expected to 
grow more than three times and reach
 84.9
 million
 users by 2026.
 T     hese intelligent and personalized environments have been investigated under different terms such as intelligent environment, ubiquitous (or pervasive) computing, Ambient Intelligence (AmI), and context-aware environments. 
Although current technological capabilities in our mobile devices, wearables, sensors, data transmission, and cloud computing have been facilitating intelligent environment (IE) development, IEs are still rare in actual use. One stream of research that can address this problem is user technology adoption. Aside from factors describing technological capabilities, user technology literacy, marketing, or regulation issues, uncovering the mechanisms and factors involved in acceptance and use of IEs is the key to explaining how AI-enabled environments should be designed.
In this paper, we discuss the core constructs of current technology adoption models, and the extent to which those constructs explain and predict user behavior. The models and theories have been categorized into different classes to show their similarities and differences. In addition, we comment on the abilities of each to address user acceptance and use of IE. The discussion covers considerations about the variables that mediate characteristics of an IE and its actual use, and how these variables relate to one another and to user behavior. Finally, we discuss whether or not the current technology adoption models can answer our research questions: Can we apply any of the existing technology adoption models to the acceptance and use of IEs? What are the prominent factors of IEs to users? What are the unique concerns around IEs that have limited their adoption rate? How can we build more informative models to explain user adoption of IEs? Does a generic model work across different contexts (cars, homes, offices, etc.)?

     The idea of embedding computers into the physical world was first investigated by Weiser (1991) who coined the term, “ubiquitous computing.” Malik (2015) pointed to characteristics of ubiquitous or pervasive computing environments as follows: embedded (devices are implemented within the environments), transparent (users see the services rather than the operating systems), context-aware or -sensitive (operations are aware of the physical and logical context), human-centric (the system enables natural and intuitive interfaces), intelligent (operations can about and adapt to demands), and autonomous (operations can happen without user intervention or order). 
Similarly, Ambient Intelligent (AmI) environments are often referred to as “embedded, contextaware, personalized, and adaptive with interconnected devices and sensors” (Acampora, & Loia, 2005). Upon first proposing the concept, AmI was described as an environment where “humans will be surrounded by intelligent interfaces supported by computing and networking technology which is everywhere, embedded in everyday objects” (Ducatel, 2001). According to Little and Briggs (2005), there are five requirements for AmI: 1) unobtrusive hardware, 2) a seamless mobile or fixed communications infrastructure, 3) dynamic and massively distributed device networks, 4) naturalistic human interfaces, and 5) dependability and security.
Augusto, Callaghan, Cook, Kameas, and Satoh (2013) explained how these concepts are different from one another. They explained pervasive computing as more focused on distributed computing, such as computer networks and distributed architecture, ubiquitous computing as more focused on human-computer interactions, and AmI to be centered around intelligence and the role of AI. Based on Augusto et al. (2013), IEs refer to an environment where “the actions of numerous networked controllers (controlling different aspects of an environment) are orchestrated by self-programming preemptive processes (e.g., intelligent software agents) in such a way as to create an interactive holistic functionality that enhances occupants’ experiences.” Therefore, the key characteristics of IEs include use of intuitive interfaces, sensors and detectors, proactive functions, unobtrusiveness and invisibility, pervasive or mobile computing, sensor networks, AI, robotics, multimedia computing, middleware solutions, and agent-based software. 
Abowd, Atkeson, and Essa (1998) presented seven key requirements for ubiquitous smart spaces, another name for IEs: capturing everyday experiences, access to information, communication and collaboration support, natural interfaces, environmental awareness, automatic receptionist and tour guide, and training. Kaasinen, Kymäläinen, Niemelä, Olsson, Kanerva, and Ikonen (2013) characterized intelligent environments by pervasive embedded information and communication technologies into the physical spaces. From their perspective, a user is not only a passive subject, but a “co-crafter” who is also actively engaged in the creating/updating of the functions. According to Kaasinen et al. (2013), IEs refer to any space in our surroundings such as homes, cars, offices, or streets, that are equipped with embedded sensors and devices which can adapt to and interact with users – who are also co-crafters of their environment – through its AI-enabled context awareness and learning capabilities. 

Understanding what drives users to adopt an IE provides information around critical user needs, design considerations, and acceleration of its adoption. Existing technology acceptance and adoption theories, each with different perspectives, often from social psychology and built around non-intelligent technologies, are limited in addressing why and how people adopt and use IEs. This paper intends to analyze the most prominent technology adoption theories with a concept-centric review through a selective list of articles that are widely cited. Reviewed theories are classified based on their core constructs and are discussed around their benefits, application areas, and limitations around applying them to adoption of IEs.
2. Technology acceptance and adoption theories 
In this section, technology adoption theories have been investigated and classified into two major classes: theories that explain acceptance and adoption of technologies at the user level versus those that explain this phenomenon at the societal and cultural level.
Figure 1 presents a summary of all the theories discussed in this paper based on the time that their first version was published. 

Place Figure 1 here. 
3.1 Theories describing technology acceptance and adaption by individual users 
The theories in this class are classified further into three categories: theories at the level of the user, system-centered theories, and theories with a holistic approach. The categories are not mutually exclusive but highlight the focal point of each theory and their core constructs.

3.1.1 Theories at the level of the user 
Theories belonging to this category focus on user-related factors such as motivation and attitude to explain what characteristics in users lead them to adopt a technology.
[bookmark: _heading=h.gjdgxs]Theory of Reasoned Action (TRA) and Theory of Planned Behavior (TPB): Theory of Reasoned Action (TRA) was developed by Ajzen and Fisbbein (1974) in the field of social psychology to predict human behavior. Based on this theory, attitude (A) and subjective norms (SN) are the two predictors of behavioral intention (BI), and intention is most likely to lead to performing a behavior (BI = A + SN) (Lai, 2017).
The Theory of Planned Behavior (TPB) (Ajzen, 1991) complemented TRA by adding the construct of perceived behavioral control (PBC) as another predictor of behavioral intention. Based on TPB, in some situations even strong intentions do not lead to actual behavior (Ajzen, 1991; Wahdain & Ahmad, 2014). By adding perceived behavioral control, realistic limitations as well as self-efficacy are considered. Ajzen (1991) defined subjective norms as individual’s perceptions of other people’s opinions of the behavior, and perceived behavioral control refers to people's perception of the ease or difficulty of performing the behavior of interest (Wahdain & Ahmad, 2014). 
TPB has been vastly used in the domain of public health. Predictive factors in this theory (attitude, subjective norms, and availability of resources, opportunities and skills, and perceived significance of the resources) mostly emphasize the social context and user characteristics. Although the core constructs of this model can be informative in explaining why people adopt technologies, it is not specific to technology usage, and lacks technology and task related factors when applied to explain acceptance and use of IE. 
Technology Readiness (TR): An individual’s tendency to adopt and use new technologies (Parasuraman, 2000) is measured using the technology readiness index (TRI) which consists of 36 items broadly categorized into four constructs: optimism, innovativeness, discomfort, and insecurity. Parasuraman (2000) defined innovativeness as “a tendency to be a technology pioneer and thought leader”. In this theory, optimism refers to an individual’s positive view toward a technology that shapes their perceived control, flexibility, and efficiency while discomfort identifies a user’s lack of control over the technology. Insecurity shows a user’s inability to rely on technology. Here, optimism and innovativeness promote TR while discomfort and insecurity inhibit TR. 
Parasuraman and Colby (2015) updated the original index to account for new themes and advancements in technology. They streamlined TRI by rewording existing items as well as adding new items to reflect other potential technology adoption determinants like distraction, impacts on relationships, dependency, and social pressures. The revised index (TRI 2.0) is more succinct with 16 items, and more applicable to a contemporary context because the items are technology neutral and worded in a way that is relevant to current technologies. Although TR has been used to examine adoption behavior of a wide variety of technology-based devices and services ranging from cryptocurrency (Alharbi & Sohaib, 2021) to e-learning (Kaushik & Agrawal, 2021), few studies have used this model in the context of IEs.
Social Cognitive Theory (SCT): SCT originated in psychology (Bandura, 1986). Researchers (e.g., Compeau, Higgins, & Huff, 1999) used this theory to understand individuals’ cognitive (self-efficacy, performance-related outcome expectations, and personal outcome expectations), affective (affect and anxiety), and usage reactions to technologies. In a longitudinal study by Compeau, Higgins, and Huff (1999), perceived consequences of using computers were divided into two dimensions: performance-related and personal outcomes. Their findings show that computer self-efficacy and outcome expectations significantly impacted individuals’ affective and behavioral reactions to information technology. Moreover, they found that computer self-efficacy is a continuing predictive factor of technology use and adoption over a long period of time. Although SCT provides a solid theoretical framework by considering different intervening factors in human behavior, it has not widely been adopted in the area of technology adoption.
3.1.2 System-centered theories  
In this category, theories focus on characteristics of the technologies. 
Innovation Diffusion Theory (IDT) or Diffusion of Innovation Theory (DoI): Innovation Diffusion Theory (IDT) or Diffusion of Innovation Theory (DoI) is rooted in sociology and has been used since 1960 to study innovations in different fields (Rogers, 1995; Venkatesh, Morris, Davis, & Davis, 2003). IDT puts forward a framework explaining the diffusion of innovation process and understanding how users ultimately decide whether to adopt or reject an innovation (Hubert, Blut, Brock, Zhang, Koch, & Riedl, 2019). According to this theory, there are five factors which influence the rate of diffusion of an innovation: relative advantage, compatibility, complexity, trialability, and observability (Rogers, 1995). Relative advantage is the assigned value to the innovation relative to the current practice. He defined compatibility as the extent to which the user perceives the innovation aligns with their values, experiences, and needs. Complexity refers to user perception of difficulty in understanding and using an innovation, trialability measures the availability of the innovation to be experimented before adoption, and observability refers to the availability of an innovation results to prospective users (Kaminski, 2011; Rogers, 1995; Walldén & Mäkinen, 2014). 
Past studies have used IDT in conjunction with the technology acceptance model (TAM, see section 2.1.3) in order to gain a better understanding of the decision-making process involved in users’ adoption behavior (Hubert, Blut, Brock, Zhang, Koch, & Riedl, 2019; Lee, 2014). For example, Hubret et al. (2019) drew from TAM, IDT, and perceived risk theory when developing an adoption model. He suggested that a combination of TAM and IDT can enhance our understanding of adoption behavior and explain the differences between intention to use versus actual usage. 
Perceived Characteristics of Innovation (PCI): Moore and Benbasat (1991) adapted the theory of Innovation Diffusion Theory (IDT) and identified factors that explain reasons for use and acceptance of a new technology: relative advantage, ease of use, image, visibility, compatibility, results demonstrability, and voluntariness of use (Walldén, & Mäkinen, 2014). In an effort to address limitations of IDT, Moore et al. (1991) noted that there is an important distinction between the primary characteristics of innovations and the perception of these characteristics. They suggested that the latter is of greater relevance because users’ behavior is dependent on their perception of the primary characteristics, and argued that when studying the diffusion of innovations, it is imperative to focus on the perceptions of using the innovation so they simply reworded pre-existing constructs. Moreover, the observability construct from IDT was divided into result demonstrability and visibility because it was found to encompass two separate concepts. Image refers to the user status in a social system and voluntariness is user perception of voluntary usage of a technology (Moore & Benbasat, 1991). These two factors were deemed important to add to IDT because the researchers felt that IDT did not include a measure of social approval with regards to making their own decision to adopt or reject an innovation, both of which can influence the user’s adoption behavior. 
2.1.3 Theories with a holistic approach
In this category, theories combine several different aspects of the technology adoption process by considering characteristics of the user, system, environment, tasks, and the context. 
Technology Acceptance Model (TAM): TAM is the most commonly used and empirically supported theory (Legris, Ingham, Collerette, 2003; Peek, Wouters, Van Hoof, Luijkx, Boeije, & Vrijhoef, 2014; Wahdain, & Ahmad, 2014). TAM was developed from the theory of reasoned action (TRA) and was built to study the use of IT systems in organizations where usage was voluntary (Dishaw & Strong, 1999). Similar to TRA, TAM also suggests that user beliefs are the mediators between the external variables and intention to use (Venkatesh, 2000). Two key beliefs, perceived ease of use (PEU) and perceived usefulness (PU), predict behavioral intention in this model (Dishaw & Strong, 1999). In the early version of TAM, attitude was defined as the mediator between PEU and PU that leads to intention to use. However, as the model was developed, the attitude construct was eliminated since it was found that attitude was not a significant predictor of intention to use (e.g., Legris, Ingham, & Collerette, 2003). While PEU and PU are independent variables and the latter is more important in determining system use and impacts people’s perception of a system’s usefulness (Dishaw & Strong, 1999; Legris, Ingham, & Collerette, 2003). 
To explain PEU, PU, and intention to use, Venkatesh and Davis (2000) developed TAM2. This extended model was tested in both voluntary and mandatory technology use settings, accounting for social influence (subjective norm, voluntariness, and image), cognitive instrumental processes (job relevance, output quality, and result demonstrability), and experience, and explaining 60 percent of user adoption.
In 2008, Venkatesh 
and      Bala developed TAM3. Similar to TAM2, TAM3 was built to further uncover the determinants of PEU and PU. They found that subjective norm, image, job relevance, output quality, and result demonstrability influence PU. PEU is influenced by anchor variables (computer self-efficacy, perceptions of external control, computer anxiety, and computer playfulness) and adjustment variables (perceived enjoyment and Objective Usability), while experience and voluntariness act as modifiers of Behavioral Intention.
Previous research has discussed shortcomings of TAM, which may limit its applicability to IEs. Although TAM stems from psychology, it does not explain individual differences (Walldén & Mäkinen, 2014). McFarland and Hamilton (2006) also pointed out that TAM may be too general and does not fully consider the impacts of contextual variables. They explained that this can be related to the fact that TAM does not differentiate between the task and the complexity of the system so users may score the system based on the difficulty of the task rather than the characteristics of the system. Another issue with TAM is that the items and questions ask about the user experience of a system that is supposed to accomplish specific goals. However, in      intelligent environments, user interactions, goals, and tasks are undefined and unlimited.
Given that TAM was developed based on TRA, the role of control which was defined in TPB was not explicitly incorporated in the theoretical development of TAM (Lai, 2017; Venkatesh, 2000; Venkatesh & Davis, 1996). Taylor and Todd (1995) combined TAM and TPB and created a version of TPB called the decomposed TPB. In this new model, subjective norms, attitudes, and PBC are replaced with constructs of information systems to account for different usage situations. This theory also provides a generic questionnaire to avoid tailoring an instrument that TPB requires with instructions. Results from an empirical comparison between TAM and decomposed TPB showed a slight increase in the predictive ability of this theory over TAM, at the cost of more complexity (Lai, 2017; Mathieson, Peacock, & Chin, 2001). 
Another critique of TAM is that it ignores social factors that could play a role in the adoption of technology. Previous studies investigating the influence of social factors on people’s adoption of a technology show contradictory results (e.g., Malhotra & Galletta, 1999). Davis, Bagozzi, and Warshaw (1989) explained that subjective norms’ scales had a very poor psychometric standpoint, and might not explain consumers’ behavior intention. Lai (2017) explained that social norms can mostly explain behavioral intention to use in a mandatory environment and this may be evident in IE settings. For example, smart home services might have been adopted by a household of four where only one or two of the residents decided to incorporate the services and other residents became mandatory users. Moreover, when TAM is applied to collaborative systems, it is often observed that the belief structures (perceived ease of use and perceived usefulness) are not stable (Malhotra & Galletta, 1999). This is an important point in terms of applying this model to IEs because the environment may be used by more than one user.
Unified Theory of Acceptance and Use of Technology (UTAUT): Venkatesh, Morris, Davis, and Davis (2003) built Unified Theory of Acceptance and Use of Technology out of eight existing theories: TAM, TRA, combined TAM and TPB, TPB, MPCU, IDT, Motivational Model, and SCT. The new model has four predictors of users’ behavioral intention: performance expectancy, effort expectancy, social influence and facilitating conditions. Effort expectancy represents perceived ease of use and complexity, and performance expectancy includes perceived usefulness, extrinsic motivation, job-fit, relative advantage and outcome expectations (Lai, 2017). In addition, four significant moderating variables were identified: gender, experience, age, and voluntariness of use (Taherdoost, 2018).
UTAUT is an extension from TAM2 and TAM3 in order to include social influence and is capable of explaining up to 70% (Peek, Wouters, Van Hoof, Luijkx, Boeije, & Vrijhoef, 2014). Although UTAUT resolves a number of issues that previous theories have, it is built upon system usage in a workplace environment. Workplace environment and the factors that influence adoption in the workplace would likely differ from determinants of usage in the home or other environments. Moreover, this model – like the other existing models – is built to measure intention to use and use behavior of specific systems with limited and defined goals which might not be the case in IEs.
PC Utilization Model or Model of PC Utilization (MPCU): The Model of PC Utilization (MPCU) was built by Thompson, Higgins, and Howell (1991) and is based on Triandis' Theory of Human Behavior (Venkatesh, Morris, Davis, & Davis, 2003). In this model, personal computer usage can be directly explained and predicted by the following factors: affect, facilitating conditions, long-term consequences of use, perceived consequences, social influences, complexity, and job fit. Although the model was created with the intention of predicting PC utilization, the nature of the model also allows us to predict a wider range of information technologies acceptance. 
After the first test of MPCU, a survey with workers who optionally used a PC in their job was conducted by Thompson, Higgins, and Howell (1991). Thompson et al. (1991) found that all but two factors – affect and facilitating conditions – had a significant impact on PC utilization. In another study, Thompson, Higgins, and Howell (1994) extended MPCU to study how experience with PCs influences utilization of PCs. In this study, a questionnaire was sent to participants from eight different companies (N=219). The main findings of the study can be summarized into three points. First, experience directly influences utilization. Second, experience also indirectly affects utilization but these effects are less prominent than the direct effects. Third, experience plays an important role in moderating the effects of all the aforementioned factors on utilization, except for job fit. However, MPCU is very limited to a specific system and the predictive factors are derived from people’s interaction with PCs which may not include all the factors that involve in user adoption of an IE. 
2.2 Theories describing technology acceptance and adoption at the societal level
In addition to theories and models describing individual users’ adoption of technology, some frameworks outlined how technology acceptance and adoption take place at a macro and societal level as described in this section.
Domestication theory: Domestication theory first began to take shape in the beginning of the 1990s and stemmed from anthropology and studies of consumption behaviors (Haddon, 2006). This theory is used to study the ways in which technology becomes integrated into peoples’ lives, and aims to illustrate the importance of technology and what it means to people in their day-to-day routines. One unique feature of the domestication approach compared to other theories is that it examines the wider context to better understand how people give meaning to different technologies, what roles they fill out for people, and how they experience them in their day to day life. Early domestication studies primarily examined usage and adoption of either a collection of ICTs or specific devices in the home (Haddon, 2006). Unlike other theories, domestication considers group structure in households and workplaces as well as individual behavior. With regards to smart homes, this theory is particularly appropriate because the decision to start using new technologies may depend on and/or be influenced by familial interactions, or as Haddon (2006) puts it, “the politics of the home.” In short, the advantage of the domestication theory lies in the fact that it allows researchers to examine technology usage in realistic settings by considering the social context and the interaction of different complex factors on different levels, such as media and culture (Hynes & Richardson, 2009). Studies that apply the domestication approach could lead to more practical implications.
Despite the many advantages of this theory, it is equally as important to note the limitations. Haddon (2006) comments on two drawbacks of the domestication theory. Firstly, methodologies are largely qualitative. Secondly, there is no centralized method or factors that we can refer to when applying this theory. 
Innovation Diffusion Theory (IDT): We placed IDT in the category of system-centered theories and defined it as a theory that focuses on the characteristics of a system or an innovation. However, this theory has other angles that can explain adoption beyond the system level. Other than the concept of innovation and its characteristics that were discussed above, this theory introduces the elements of communication, time, and social system (Lundblad, 2003). Rogers (1995) highlighted the importance of communication, or the process that innovations can be transmitted to or within the social system such as mass media and interpersonal channels, in the adoption rate. The time element explains the timeframe from when the innovation is introduced to the first adopters, the inclination of an individual to adopt a new idea, and the rate or speed of adoption (Lundblad, 2003). According to Rogers (1995), adoption of an innovation does not happen with the same speed across the individuals of a society. He introduced adopter categories which many organizations use to investigate their product success and marketing: innovator, early adopter, early majority, late majority, and laggards. 
With the consideration of different distribution channels, IDT benefited industries and market research in understanding the diffusion of an innovation based on the target user and stages of a product development across organizations such as education, healthcare, and information technology. Although little is known about the importance and interrelationships of the elements, IDT is a great example for future research, specifically in the area of IE to incorporate a more holistic approach where understanding users at all those elements and levels is needed. 
Table 1 shows a summary of the theories and aggregates the core constructs of models that have similar meanings but different terminologies in the same category. 
3. Literature review on technology acceptance and adoption of intelligent environments 
Recent technological advancements have prompted the development of AI-enabled environments. Accordingly, various comparative studies have been conducted to determine what technology adoption theories explain acceptance, predict adoption of these environments, and which factors have the greatest impact in terms of purchase intention. Kaasinen et al. (2013) identified ten factors in previous studies that have significant impacts on user acceptance of IEs: usefulness, value, ease of use, a sense of being in control, integrating into practices, ease of taking into use, trust, social issues, cultural differences, and individual differences. Another study concentrated on the user experience of IoT (Park, Cho, Han, & Kwon, 2017). Based on extraction of factors from expert interviews and a subsequent testing of hypotheses around factor relationships, a new model was presented. Findings revealed that users’ attitude toward IoT technologies is the greatest predictor of their intention to use. Moreover, perceived compatibility and cost showed major impacts on intention to use as well. However, this study did not consider types and numbers of IoT services, and only investigated experts’ opinions instead of actual users. 
Place Table 1 here. 

A study by (Shuhaiber and Mashal, 2019) investigated the acceptance of smart homes by residents through a survey. They showed that in addition to perceived usefulness and perceived ease of use, two predictive factors from the technology adoption model, trust, awareness, enjoyment, and perceived risks significantly influence attitude towards smart homes and consequently the intention to use. However, there are some limitations with the design of this study. First, the source of the employed questionnaire is unknown. Second, they recruited participants under self-awareness of smart home concepts. In other words, researchers did not explain the specification or functions of a smart home. Self-awareness is a broad concept that can include a variety of respondents from frequent users of many smart home services to non-users who are aware of some of the existing products. 
Yang, Lee, and Lee (2018) explored the association between four critical factors (perceived automation, perceived controllability, perceived interconnectedness, and perceived reliability) and adoption of smart homes. Results of their survey showed that controllability, interconnectedness, and reliability, but not automation, were significant in influencing smart home adoption. However, their bias towards choosing these four factors and excluding other constructs was not explained in the paper.
Interestingly, researchers found varied results when samples were divided by residence type, gender, age, and experience which suggests different users’ value different features in IoT products. For example, controllability and interconnectedness were found to affect adoption for apartment-dwellers, whereas automation and reliability were of greater importance for general home-dwellers. Another trend in the group comparisons was that men valued interconnectedness more compared to women, while women valued reliability more than men. One limitation of this study is that it is unclear how and why the researchers decided to focus on these factors. Moreover, the research model is not based on existing adoption models or theories which makes it difficult to evaluate the applicability of these findings to the adoption of IEs. 
De Boer, Van Deursen, and Van Rompay (2019) extended the TAM model by investigating the role of the user skills as predictors of IoT technology acceptance and usage in the home. IoT skills were hypothesized to determine usage by influencing PEU and PU. Since it is unclear exactly what skills are required to operate IoT technology, the study uses Internet skills as an indicator of IoT skills based on the logic that Internet skills are transferable. The results from an online survey showed that IoT skills do in fact contribute to IoT use; skills were found to influence PU and PEU in indirect and direct ways. The researchers believe that these findings demonstrate the importance of the user’s evaluation of their own IoT skills when beginning to use IoT technology, and this judgement will thereby, impact their assessment of ease of use and usefulness. While the findings seem promising, one limitation is that the systems and features explored in this study are not clear. Another limitation is that the original TAM was intended to test specific tasks, but this study did not apply the model in that way. As a result of not having a clearly defined task, researchers considered that this might have caused mixed results in technology perceptions.
Venkatesh and Brown (2001) developed the model of adoption of technology in households (MATH) based on TPB (Ajzen, 1985). In line with Taylor and Todd’s version of TPB (1995), Brown and Venkatesh (2005) put forth a decomposed belief structure for home PC adoption. In this model, attitudinal belief structure is made up of utilitarian outcomes, hedonic outcomes, and social outcomes; normative belief structure is composed of social influences from the people in an individual’s social network; and control belief structure consists of three constraints which inhibit adoption behavior: knowledge, difficulty of use, and cost. Brown and Venkatesh (2005) defined utilitarian outcomes (the effectiveness of household activities), hedonic outcomes (the experience of pleasure), and social outcomes (the public recognition). In this study, two rounds of large-scale phone interviews with different households helped pinpoint detailed dimensions within the theorized constructs. For example, the overarching social influence factor can be divided into influences from friends and family, and influence of information from secondary sources. One of the key contributions of this model is that it highlights the differences in driving factors between adopters and non-adopters. 
Brown and Venkatesh (2005) conducted a quantitative test of MATH and extended the model by exploring the effects of life cycle characteristics and income on adoption behavior. The results from a survey with households that have not adopted a PC show that the influence of attitudinal beliefs varies by life cycle stage. For example, utility for work related use was of greater importance in the stages of life that are associated with prime working age years. Consistent with the typical life cycle of a working individual, the importance of this factor increased and then, decreased towards retirement age. Another key finding was that income interacts with the normative and control beliefs within the life cycle stage. In the stages of life where normative beliefs were deemed important, as income increased, the influence of peoples' opinions decreased. With regards to control beliefs, the influence of fear of technological change, declining cost, and cost decreased, as income increased. Thus, it is important for companies to consider how the life cycle characteristics of households influence tech adoption. Brown and Venkatesh (2005) also point out that income is a determinant, but is not the sole driver of non-adoption. One of the strengths of this model is that it examines the adoption of technology in households while attempting to understand household decision-making processes. However, one limitation is that MATH specifically examines determinants of PC adoption and so, the applicability of the model to study usage of smart home devices has yet to be determined. Also, MATH is tailored to examine a PC which is different from smart home in several ways. For instance, applying the model to smart home devices may require more constructs because smart homes can be used for a wider variety of purposes as compared to a PC. Additionally, the primary decision maker may share different views compared to other household members.
Another relevant theory in the area of IEs is the Ubiquitous Computing Acceptance Model (UC-AM) which was built to investigate factors that drive and impede consumers to adopt a new service landscape (Spiekermann, 2007). UC-AM is developed based on TRA and TAM to predict whether potential users accept ubiquitous computing environments. Attitude is a central concept to this model as TPB and TRA have shown its strong correlation with behavioral intentions. Spiekermann (2007) differentiates two types of attitude: cognitive and affective. Cognitive attitude refers to the advantage or disadvantage to perform the behavior and affective attitude points to someone’s feeling about performing a behavior, which assumes both have positive impacts on intention to use a system. UC-AM indicates that cognitive and affective attitudes are the primary factors of technology acceptance or intention to use. Moreover, this model assumes that usefulness from TAM is applicable to ubiquitous computing environments since this construct refers not only to a job performance, but also to the outcome of system adoption as rooted in expectancy-valence theory. One difference is that ease of use from TAM is not included in this model because intuitive interaction is a requirement in ubiquitous computing environments. 
UC-AM also accounts for user perceived control, perceived risk, and influential factors of user emotion and technology acceptance. Spiekermann (2007) found that privacy concerns hardly show any influence on behavioral intention, affective attitude, and cognitive effort towards a service, thereby concluded that people’s privacy concerns do not drive their behavior. This study also reports that functional risk shows no significant influence on attitudes or the intention to use ubiquitous computing services. Shin (2009 and 2010) assessed the model in the ubiquitous city context to provide guidelines for u-city designers. Results showed that trust has an indirect impact on intention to use and is mediated by perceived risk and benefit. Therefore, contrary to Spiekermann’s claim (2007), perhaps, risk does influence behavior depending on the type of technology and should be considered in the context of IEs. 
Although UC-AM is built based on strong theories in the area of technology adoption models, there are some limitations to its methodology. This model is tested based on people’s perception and acceptance of scenarios accompanied by graphics that are supposed to represent three ubiquitous computing services from different contexts: an intelligent fridge which autonomously places orders, an intelligent speed adaptation system (ISA) which brakes the car automatically when the route’s speed limit is passed, and a car that services itself and schedules a meeting with a garage if parts are about to wear out. People’s perceptions of these scenarios might differ from their actual usage of the system or experience of living in an AI-enabled environment. 
User adoption of highly automated cars as a kind of intelligent system and environment has been studied as well. Studies show low explanatory power of behavioral intention (20%) to predict acceptance of driver support using UTAUT to measure the acceptance of driver support (Adell, 2010) and automated road transport systems (Madigan, Louw, Dziennus, Graindorge, Ortega, Graindorge, & Merat, 2016). These findings show that UTAUT missed capturing other determinant factors. To address the gaps in UTAUT, Osswald, Wurhofer, Trösterer, Beck, and Tscheligi (2012) built the Car Technology Acceptance Model (CTAM) upon the UTAUT model. They introduced anxiety and perceived safety as new additional factors that should be considered for evaluation of in-car information systems. Hewitt, Politis, Amanatidis, and Sarkar (2019) applied CTAM to autonomous vehicles and called it the Autonomous Vehicle Acceptance Model (AVAM). They found that people’s intention to use autonomous vehicles decreases as the levels of automation increases based on SAE levels of automation (SAE International., 2018). 
User adoption of higher automation levels (SAE levels 3, 4, and 5) was investigated by Detjen, Faltaous, Pfleging, Geisler, and Schneegass (2021). Based on the findings of previous studies and the gaps of existing models, they found five categories that explain acceptance of autonomous vehicless: Security & Privacy, Trust & Transparency, Safety & Performance, Competence & Control, and Positive Experiences. 
Table 2 shows all the predictive factors identified in previous studies in user adoption of IEs. Among all, usefulness, ease of use, sense of being in control, affect, and perceived risk are the most common factors across the reviewed papers. 
4. Existing gaps and future considerations 
Adoption and acceptance models provide a solid base for understanding and investigating technologies. In all of the theories noted above, behavior (usage and adoption) is a result of beliefs and affective reactions about a technology in a specific context. Each of the existing theories uncovered determinant factors in individuals, situations, tasks, and society that can be used as a base for future studies. However, these theories may not be able to describe and predict user acceptance and adoption of IEs. Below, we identify the drawbacks of the current studies. 

Place Table 2 here. 

First, the existing models and theories were built to understand the adoption of simpler technologies which do not represent current sophisticated, multi-purpose, embedded, intelligent, and intuitive technologies and their ecosystems. In IEs, users are surrounded by many computing and communicating devices. These complex environments introduce new evaluation challenges such as invisibility (implementing computing devices into the environment), interoperability (ability of different systems to work together), and modulability (capability to adjust and accommodate changes in the environment and user’s preferences) (Malik, 2015), all of which require new assessment measures and considerations. 
Second, many of the previous models have been developed to test a technology in the workplace where an individual user’s attitudes may be less determinative of system adoption (Davis, Bagozzi, and Warshaw, 1989), regardless of the voluntariness of system use. Attitude is likely to be of greater importance in the domain of IEs because it probably holds more weight in the user’s decision to adopt the technology relative to workplace environments.
Third, many of the existing models have been tested by other studies in the early stages of new technology acceptance which does not account for the technology adoption journey and continuous usage. The main dependent variable in many of the models is intention to use a system, which is important in terms of its ability to describe system acceptance, but may not be enough to predict the actual long-term usage and market success. 
Fourth, the meaning of core constructs and factors should be reassessed and updated. New technologies introduce new functionalities and expand the applications and concepts. Kaasinen et al. (2013) discussed how concepts such as “value” or “benefit” might explain usefulness better, where the former addresses users’ appreciation of and motivation for the technology rather than a specific need.
Fifth, with new technologies and higher degrees of automation, new use cases and needs will be introduced to users. Kaasinen et al. (2013) discussed that users expect an intelligent environment should be able to help them with decision-making, keeping up with the popular trends, increasing their safety and personal freedom, acquiring higher social status, improving cost management, and other higher-level complicated tasks. New models need to consider the impact of automation on users and the challenges such as security, privacy, trust, transparency, etc. (e.g., Detjen et al., 2021) in highly automated environments which might not have been determinant factors for previous/older technologies. 
Sixth, most of the models and theories do not provide sufficient information for designers and developers about the system design considerations in order to increase user acceptance for new systems. For example, many of the existing IEs require users to understand the basic computing technologies and skill factor which is closely related to the previous experience and self-efficacy is also important in the design of IEs.
Seventh, many of the models have been tested with samples that lack in diversity of possible user characteristics. Some studies (e.g., Lee, 2014; Morris, and Venkatesh, 2000) showed that the predictive factors of technology adoption are different for older and younger people. 
Finally, reviewing the core constructs of the technology adoption models shows that only a few factors are consistent across the models. This suggests little overlap and diverse views of each model. Social influence, usefulness, and ease of use are the three factors that have been repeated the most by the technology adoption models (Table 1). Among factors specific to IEs, usefulness, ease of use, sense of being in control, enjoyment, and attitude, and perceived risk highlighted by the studies (Table 2). Limitations in the design and methodology of these studies raise this question (e.g., laboratory studies or expert interviews) that are these the most important factors that we should focus on? What are the other determinant factors in user adoption of IEs?
5. Toward a new model for intelligent environment adoption
With the identified lessons and gaps, we propose a conceptual model (Figure 2) that summarizes the insights from the reviewed studies and . The goal of this preliminary model is to show where the current IE adoption research stands and what directions are open for future studies. 
 



     The literature review showed little agreement on the last theme,
 task specific factors
. 
Different aspects of use (consuming, communicating, etc.), types of usage (general or specific use), and types of functions (shared and personal) with respect to technology adoption
 have been briefly discussed in different studies.      The place and impacts of the last two themes (societal and task specific factors) require more investigation.
Place Figure 2 here.
6. Summary and implications 
The ubiquitous, immersive and pervasive nature of IEs goes beyond a simple apparatus or an artifact that at the highest level engages users with, but is a space that users exist within. These properties of IEs make them different, and perhaps, their adoption is not able to be understood through a single existing technology adoption model or even a synthesis of several. This study aimed at understanding what theories and factors can best explain user adoption of IEs. To this end, nine prominent and widely used technology adoption theories were discussed. The discussion followed by introducing studies and IE adoption models that attempted to uncover predictive factors that can explain user adoption of IEs.
Each adoption theory provides a solid base for future studies to understand different angles of technology adoption and can be borrowed and applied to the area of IE adoption. Perceived usefulness, ease of use, and social influence have been determined as predictive factors of technology adoption by a number of the theories. In the area of IE, our literature review shows that the studies emphasized on perceived usefulness, ease of use, perceived control or self-efficacy, affect and enjoyment, and perceived risks as the prominent factors, regardless of the type of the environment and goals. The extracted factors from the literature require more studies to bridge the gap between these high-level concepts and design considerations. Field studies, usability testing, and other methods should be applied to understand the role of these factors, their importance, and 
their connection to one another
.     
However, the existing technology adoption theories lack in many aspects. The current theories have been built based on user interaction with simple technologies in the workplace where factors such as perceived risks, privacy, security, voluntariness, and control may have different meanings and perceived importance in comparison to other spaces such as homes. In addition, new meanings and expectations can be associated with the same constructs or their concepts can be expanded as we are discussing more complex and automated technologies. Another huge critique over the existing models is that they provide very limited information on how the technology can be improved and what design considerations should be taken. The narrow scope of research in the types of recruited participants or stages of adoption is another shortcoming that opens doors for more investigations to uncover determinant factors in acceptance and adoption of IEs.
Based on the advantages and limitations discussed around existing theories, this paper presents a new preliminary model to understand, describe and predict user acceptance and adoption of IEs. The conceptual components of the present model may not include the entire set, but this preliminary model may serve as a good starting point to provide a legitimate framework for research on acceptance and adoption of IEs. The themes and their components of this model are supported by the literature reviewed in the present paper. The quantitative relationship between the themes and their components should be validated with further empirical research, revealing more critical factors and plausible mediating effects.
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