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ABSTRACT 

There is increasing attention and interest being paid to artificial intelligence (AI). We can 

see AI applications in our everyday lives, including web search engines, recommendation 

systems, devices understanding human speech or input, self-driving cars, and automated 

decision-making systems (“Artificial intelligence” 2022). The extensive uses of AI cover all 

aspects of our lives. As we enter the era of cloud computing, the power of AI has been 

accelerated. We enjoy more customized information feeds AI provides, and it allows 

organizations to make smarter and faster decisions on a larger scale (Accenture 2022).  

There has been a variety of research investigating AI, its goals, and its uses as a tool in the 

field of IS. However, to our knowledge, no prior research has addressed people’s perception of 

the existence of AI and AI’s influences on our decisions. Although we choose to use AI to help us 

make better decisions, we need to reflect on how we perceive AI, its purpose, its practice, and its 

impacts on our decisions and our behaviors associated with its use.  

In this two-essay dissertation, we accomplish two primary goals. First, in Essay One, we 

propose the new concept of Artificial Intelligence Awareness (AIA), demonstrate how it can be 

applied to many subareas of IS, and develop several opportunities for future research related to 

AI uses. Second, in Essay Two, we develop the measure to capture AIA and test the model to 

show how it impacts thoughts, emotions, and even behaviors related to AI-powered smart 

technology uses in the context of the virtual assistant.  

 

 

 

 



iii 
 

DEDICATION 

This dissertation is dedicated to everyone who helped and guided me through the trials and 

tribulations of creating this manuscript. In particular, my parents, husband, and children stood 

by me throughout and always believed in me.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 
 

LIST OF ABBREVIATIONS AND SYMBOLS 

> Greater than 

< Less than 

=   Equal to 

ɑ Cronbach’s index of internal consistency 

AI Artificial intelligence 

AIA Artificial Intelligence Awareness 

AR Affective reactions in the AIA model 

AVE Average variance extracted: a measure of the amount of variance that is 
captured by a construct in relation to the amount of variance due to 
measurement error 
 

BR Behavioral reactions in the AIA model 

CFA Confirmatory factor analysis: to test whether the measure of a construct is 
consistent with a researcher’s understanding of the nature of that construct 
 

CR (1) Composite reliability/construct reliability or (2) cognitive reactions in the 
AIA model 
 

Df Degree of freedom: number of values free to vary after certain restrictions 
have been placed on the data 
 

F Fisher’s F ratio: A ratio of two variances 

HOC 

IS 

Higher-order construct 

Information Systems 

IT Information technologies 

LOC Lower-order construct 

M Mean 

MTurk Amazon Mechanical Turk 
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N Sample size 

p  Probability associated with the occurrence under the null hypothesis of a 
value as extreme as or more extreme than the observed value  
 

PLS Partial least squares 

r Pearson product-moment correlation 

R-squared Coefficient of determination: the proportion of variance in the dependent 
variable that is predicted from the independent variable 
 

SA Situation awareness 

SEM Structural equation model 

t Computed value of t-test 

VIF Variance inflation factor: a measure of the amount of multicollinearity in a 
set of multiple regression variables. 
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INTRODUCTION 

People behave differently when watched (Andrejevic 2002; McCarney et al. 2007; Nettle et 

al. 2013). For example, researchers of the Hawthorne Effect found that being watched increased 

productivity in the Western Electrical Company’s Hawthorne Works in Chicago during the 

1920s and 30s (McCarney et al. 2007). When workers knew that they were watched, they felt 

singled out and important, which resulted in increased productivity. Later, researchers 

discovered that even a picture of watching eyes could change people’s behaviors, significantly 

increasing the probability of donating (Nettle et al. 2013).  

Contemporary technologies have introduced new ways to watch people’s behaviors, from 

monitoring their search for the nearest restaurant to revealing their preferences by analyzing 

their searches for goods on Amazon. Some people may have already noticed that they see an 

advertisement or promotion information about a specific product after they mention it to their 

friends or their families. Many smart technologies automatically and ubiquitously produce 

digital traces of behaviors such as logs or search history, as well as of opinions, such as by 

recording conversations or requests (Reigeluth 2014). This data is gathered by popular 

technologies such as a smart speaker in the room, a smartphone in the pocket, or even chatting 

applications on a tablet. Those smart technologies enable listening, watching, and changing the 

everyday lives of their users. 

In this stream of research, we are interested in understanding how people act when they are 

aware that smart technologies, especially AI-powered smart technologies, are listening to or 

supporting them. We investigate people’s responses to AI-powered smart technologies that 

monitor, support, and report on their behaviors. Specifically, we are interested in understanding 

people’s perceptions and whether AI-powered smart technologies change their technology use 
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decisions and behaviors, such as whether they are more or less aware of AI-powered smart 

technologies are in the environment, whether their awareness changes according to the 

situation. We seek to understand people’s reactions towards AI-powered smart technology uses 

when they are aware that devices observe, report on, interrupt, or change their behavioral 

patterns. 

In this dissertation, we propose two essays that conceptually define Artificial Intelligence 

Awareness (AI awareness or AIA), offer a conceptual measure, and develop a model to test its 

relationships with other related constructs we have identified in the studies. Table 1 contains the 

summary of the essays.  

Table 1. Summary of Essays 

Title Research Question Contribution 
Technology that 
rocks the cradle: 
Introducing 
Artificial 
Intelligence 
Awareness 

1. What is artificial intelligence 
awareness (AIA)? 

2. What are the 
components/dimensions of 
AIA? 

3. What happens to people when 
they are at different levels of 
AIA? 

1. Based on situation awareness 
(Endsley 1995), we propose a 
new construct that helps us 
understand how people 
perceive AI-powered smart 
technologies in different 
situations. 

2. We demonstrate the 
application of AIA by 
presenting the AIA model in 
the context of virtual assistants.  

AIA: A measure 
and empirical 
investigation of its 
model and related 
constructs 

1. How do we capture peoples’ 
AIA? 

2. How does people’s AIA vary 
across different situations? 

3. What is the relationship 
between AIA and people’s 
reactions after they 
experience an incident caused 
by a virtual assistant? 

1. We develop a measure to 
capture AIA. 

2. We extend situation awareness 
beyond the work environment 
and investigate AIA and its 
model in different situations. 

3. With the support of the data, 
we show that people’s AIA 
changes from one situation to 
another. 
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The first essay in the dissertation defines AIA, its dimensions, and the nomological net, 

which it integrates into existing theories and constructs tied to technology uses. We view AIA as 

a special form of situation awareness (Endsley 1995) and investigate its impacts and influences 

in the context of AI technologies. We also develop a variance model and associated propositions 

in the first essay.  

The second essay builds upon the conceptualization of AIA from the first essay. We develop 

a measure to capture AIA and its three dimensions. With the help of the AIA measure, we are 

able to collect data on people’s AIA in different situations. The data reveals that there are 

differences in people’s AIA in different situations. We included three reactions in the AIA model: 

cognitive reaction, affective reaction, and behavioral reaction. We find that people’s reactions 

towards AI-powered smart technologies vary according to the situation. Overall, the second 

essay provides empirical evidence for AIA and its model.  
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TECHNOLOGY THAT ROCKS THE CRADLE: 
INTRODUCING ARTIFICIAL INTELLIGENCE AWARENESS 

 
It is 10:30 a.m. Anna leaves her house to get her groceries through drive-up services. Her 

phone beeps as soon as she gets into the driver’s seat. She takes out her phone, wondering 

whether she has a message from her colleague. On the screen, a notification shows that it will 

take 10 minutes to get to her favorite supermarket, with a suggestion of the best route to get 

there. Just as she pulls into the parking lot, her phone chimes again. It is a greeting from the 

supermarket. The message notifies her that her drive-up order is ready, and the employee is 

bringing her groceries to her car. It is almost like magic that her phone knows her schedule, 

and the store knows her location. 

Many people have experiences similar to Anna’s. While some people know explicitly that 

the location-tracking features of their phones are on, others might not notice the location-

tracking feature until they receive driving route suggestions. After realizing that the location-

tracking feature is on, some choose to turn it off due to privacy concerns. Others are not 

bothered by this feature because they want to be timely. From these examples, we see that 

people have different relationships with technology: some are comfortable with technologies 

monitoring them, whereas some are not. Forty-six percent of teenage app users turn off 

location-tracking features (Zickuhr 2013). Individuals react differently regarding technologies’ 

roles in and impacts on their lives. 

This study explores whether people know and how they perceive the fact that IT is listening 

to, monitoring, influencing, and interacting with them. IT not only mediates people’s lives; it 

constitutes their lives (Burrows 2009). Information becomes a part of how people live, how they 

do things, how they are treated, what they encounter, and their way of life (Beer 2009). For 

example, weather information helps to determine what they wear and how they get to work. 
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Digital coupons help them to decide where to eat or shop. Their online profiles suggest whom 

they should date. 

Meanwhile, IT also causes problems such as stress, Internet addictions, and digital 

distractions (Chen et al. 2020). Digital distractions at work, such as receiving and sending 

personal emails, or in the classroom, such as browsing on social networks, can lead to poor 

performance and can even cause legal issues (Blanchard and Henle 2008; Chen et al. 2020). 

Another problem is one’s digital footprint. As people spend more and more time on their 

devices, they leave a trail of data behind them on the Internet (“Digital footprint” 2022). By 

interacting with these devices, one produces passive digital footprints. The data one produces 

unintentionally are collected by those devices for various purposes. Technology companies may 

use or sell the data collected without explicitly notifying their users, which causes privacy issues.  

We have recognized the effects of technology penetration and seek to understand whether 

people change their decisions or alter their behaviors when they realize that technologies 

observe, report on, interrupt, or change their behavioral patterns. The term digitalization also 

describes the phenomenon of technology penetrating society and depicts the changes caused by 

the connection among individuals, businesses, and things (Bharadwaj et al. 2013). The term 

further relates to how technology profoundly impacts people’s everyday lives (Püschel et al. 

2016).  

In this study, we narrow our focus to how AI-powered smart technology affects people’s 

decisions or behaviors. According to Beer (2009), smart technology not only gathers and holds 

information but also uses it in various ways. For instance, people use virtual assistants to 

retrieve information; they use smart doorbells to talk to delivery people; they use smart 

thermometers to control the temperature even while away. Smart technologies are interesting 
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because it has become difficult to distinguish between the self and the technology since such 

“ubiquitous computing leaves you feeling as though you did it yourself” (Weiser 1993).  

People nowadays use technology at an extensive level. Many aspects of their lives heavily 

depend on it. Smart technologies become an inevitable part of their lives, sometimes without 

their conscious acknowledgment. However, as there are many different types of smart 

technologies and the definition is broad, we narrow our attention to AI-powered smart 

technologies. These technologies have defining characteristics: an artificial intelligence 

component, a machine learning component, or some pre-set conditions (Sun 2019). We 

investigate people’s awareness of the increasingly popular smart technology, AI-powered smart 

technology, due to its growing ubiquity and invisibility. 

We pursue several research objectives regarding AI Awareness (AIA). Our first research 

objective is to define and situate AIA within sociotechnical systems. First, we seek to define AIA, 

answering the question of what AI Awareness is. Second, we seek to theoretically understand 

people and their awareness of AI, by identifying the components of AIA. Third, we seek to 

explore the outcomes in AIA, by examining what happens when people are at different levels of 

AIA. 

Our second research objective is to develop a rich understanding of AIA in the context of 

technology use. As stated before, our focus is on a particular device powered by AI: virtual 

assistants. We demonstrate the application of AIA by evaluating virtual assistants in different 

use contexts. First, we ask how to capture people’s AIA in order to understand their awareness 

of the AI-powered smart technologies in their lives. Second, we turn our attention to the use 

context, asking how people’s AIA varies across different situations. Third, we elaborate on the 
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implications of AIA, by asking what the relationship is between AIA and people’s reactions 

after an incident caused by AI-powered virtual assistants. 

Our work will make both theoretical and practical contributions to the IS field. On the 

theoretical side, scholars often examine IT-related decisions and behaviors under the 

assumption that participants in the study are aware of the target technologies’ existence, 

purposes, and practices. The concept of AIA suggests that not all people are equally aware of the 

existence of AI around them, and their awareness can vary from one context to another. We can 

explain when people make meaningful decisions or behave differently in different contexts by 

studying their AIA levels. Using virtual assistants as examples, we illustrate how AIA can be 

contextualized to a particular technology, and we provide the conceptual foundation for future 

works on this important concept. 

We view AIA as a concrete, contextual, and measurable construct that can be easily adapted 

to other smart technologies and to other use contexts. In practice, the AIA concept can help 

inform us about people’s decisions and behaviors regarding IT uses—for instance, the continued 

use of AI-powered smart technologies or the discontinued use of them. Based on previous 

research, the longer one has a smart speaker, the less he or she will use it (Lopatovska et al. 

2019), which is due to the limited cognitive resources an individual has at his or her disposal 

(Chen et al. 2020; Sim et al. 2012). The limited cognitive resources result in their low awareness 

towards AI-powered smart technologies. When people have high levels of AIA, their awareness 

towards smart speakers is high. We can make people more mindful of smart speakers’ uses in a 

given context by increasing their awareness of the devices. 

This essay is organized as follows. The first section is a literature review with four parts. We 

first review findings on technology awareness in previous IS research. Second, we explain why 
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we need AI Awareness. Third, we review the concept of situation awareness (SA) and how we 

can use SA as the theoretical frame for building AIA. Fourth, we discuss the similarities and 

differences between SA and AIA. In the second section of the essay, we describe the conceptual 

domains and themes of AIA. We propose the conceptual definition, scopes, and dimensions of 

AIA. Then, we compare AIA with other similar concepts in IS. In the third section, we narrow 

down our focus to AI-powered virtual assistants in particular. We present the AIA model, the 

constructs in the model, their interrelationships, and the associated propositions. We then 

include the research agenda as the fourth section. Finally, the implications are discussed. 

 

Literature Review 

Awareness of technology in IS research 

Awareness was studied in the IS field as early as thirty years ago (Goodhue and Straub 

1991). In the Innovation Diffusion Theory, awareness refers to the target population’s 

consciousness and general perceptions of innovation (Rogers 1995). Awareness is the first stage 

of an innovation diffusion process in the innovation model. Awareness is followed by attitude 

formation, decision, implementation, and conformation. After people are made aware of a new 

idea, they may intend to try it out as a result. Similarly, we believe that people need to have an 

awareness of AI-powered smart technologies before they can use them mindfully. 

In the information security context, awareness has a crucial impact on one’s beliefs about 

information security (Goodhue and Straub 1991). Through computer literacy, awareness informs 

people of the danger of potential abuse. The Security Awareness, Training, and Education 

Program (Hu and Dinev 2005) states that a specific form of awareness is important in the 

security setting: the awareness of the computer’s operating state. People were recommended to 
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maintain a high degree of recognizance of the computer’s operating state (Stafford and 

Urbaczewski 2004). The concept of awareness here refers to one’s consciousness of new 

technology and one’s general perceptions of that technology. 

A similar term related to AI awareness is technology awareness, which first appeared when 

IS scholars studied the downsides of technologies (Dinev and Hu 2007). The authors 

conceptualized technology awareness as one’s raised consciousness of learning about issues and 

strategies regarding technology, which indicates one’s interest in technological matters. It 

focuses on the awareness of negative technology issues, such as the potential risks and outcomes 

of minimal security protection. The difference between AI awareness and technology awareness 

is that technology awareness is constructed around awareness of potential problems and their 

possible solutions, whereas AI awareness discusses both positive sides and negative sides of 

technology.  

In a study by Kong et al. (Kong et al. 2021), the term AI awareness is used to indicate 

employees’ perception of the implementation of AI machines in the workplace. The results show 

a positive relationship between AI awareness and job burnout. This version of AI awareness 

describes one’s anxiety towards AI and the anticipation of being replaced by AI robots. The 

participants treat AI as a threat to their careers and feel vulnerable to this technological 

advancement. However, we believe that AIA should have both positive and negative effects on 

individuals.  

Awareness is not a static variable (Sim et al., 2012), and it changes in different contexts. 

More recently, Correia and Compeau (2017) introduced the concept of Information Privacy 

Awareness (IPA) based on situation awareness. IPA refers to the knowledge of elements related 

to information privacy, the understanding of the elements in the environment, and the 
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projection of their impacts in the future. IPA discusses people’s awareness of threats and how 

this awareness allows them to conduct privacy-related behaviors. In the study, Correia and 

Compeau distinguish the differences among IP literacy, IP knowledge, and IP awareness. IPA 

goes beyond literacy or understanding; people need to understand technology, policies, and 

regulations in a situation so that they are able to think abstractly about the consequences of 

their actions in that particular situation (Correia and Compeau 2017). 

 

AIA: why do we need it 

To understand people’s dynamic relationships with AI-powered smart technologies and 

how they adapt themselves to an increasingly technology-mediated world, we need to recognize 

the roles and the influences of AIA. A massive number of automated communications between 

machines constitutes part of human lives (Hayles 2006). Those communications are often not in 

people’s everyday conscious existence. Therefore, we cannot assume that everyone is aware of 

them. Thrift (2005) has a similar opinion and introduces a concept called the “technological 

unconscious.” This term refers to the operation of robust and unknowable information 

technologies that form everyday life. The above studies are proof of people’s lack of awareness of 

technologies’ existence or functions. Therefore, it is not appropriate to assume that all people 

view all AI-powered technologies with the same level of awareness. 

AIA constitutes one’s perceptions and understandings of whether AI-powered smart 

technologies are present, his or her uses or applications of them, and how he or she uses them. 

People’s AIA helps explain their decisions and behaviors associated with technology use in a 

particular context. For example, individuals who are not tempted to buy or are bothered by 

smart speakers might have little awareness of the existence of smart speakers in their 



11 
 

environment. Therefore, they do not feel the urge to interact with smart speakers, let alone buy 

one. Individuals’ reactions may change as soon as their AIA towards smart speakers increases. 

Similarly, their usage patterns or interactions with smart speakers may change, gradually fading 

out as their AIA decreases. AI awareness is not a static variable, nor does it remain unchanged 

across different contexts.  

We believe that whether and how much people perceive the existence of smart technologies 

influences their decisions and behaviors associated with smart technology uses. For instance, 

during the COVID-19 pandemic, many people do not feel safe talking to a delivery person or 

other person who comes to their door. Smart doorbells give them the option to give instructions 

to the delivery person without opening the door or having any physical contact. People with high 

AIA are highly aware of the existence and the functions of their smart doorbells. Since we 

investigate people’s decisions and behaviors regarding AI-powered smart technologies, we need 

to realize that AI is not static either. Alexa and Siri are examples. They have evolved and become 

much better at listening to us and learning our patterns. Therefore, we need an updated 

conceptualization (Compeau, Correia, and Thatcher 2021). AIA is an updated construct to help 

us understand people’s awareness and perceptions of AI-powered smart technologies in a 

changing world.   

People sense or perceive AI-powered smart technologies differently when they are at 

different levels of AIA. Their awareness can be greatly affected by the context or environment 

they are in. Individuals with low levels of AIA do not recognize AI-powered smart technologies 

in the same way as people with high levels of AIA. Whereas people with high levels of AIA are 

acutely aware of the presence and the purposes of AI-powered smart technologies, people with 

low levels of AIA rarely recognize their existence. Therefore, their decisions and behaviors 
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associated with technology use reflect little thought. As AI-powered smart technologies 

increasingly blend in with the environment, they become less visible and less intrusive. People 

gradually lose their awareness of the physical presence of technologies. Thus, it becomes hard 

for them to tell whether or when those technologies are collecting data and how it is used. We 

hope that, by revealing people’s AIA levels, we are able to separate those who have high AIA 

from those with low AIA when we investigate their decisions and behaviors. 

 

Situation awareness 

We draw on the concept of situation awareness (SA) to develop a general framework for 

AIA. The theory of SA has been introduced in IS research, mainly in Information Privacy 

(Correia and Compeau 2017; Sim et al. 2012). SA helps capture an individual’s level of 

awareness and its effects on information privacy (Sim et al. 2012). Information privacy situation 

Awareness (IPSA) and information privacy awareness (IPA) are both specialized forms of SA, 

with a focus on privacy-related issues (Correia and Compeau 2017; Sim et al. 2012). In this 

study, we treat AIA as a specialization of SA, emphasizing AI-powered smart technologies. We 

believe that the use context is an important factor in contributing to people’s different levels of 

awareness, leading to various decisions and behaviors. AIA captures the situational factor in the 

use context and the fluctuating nature of awareness traditionally neglected in the IS field. 

Situation awareness (SA) refers to “the perception of the elements in the environment 

within a volume of time and space, the comprehension of their meaning and the projection of 

their status in the near future” (Endsley 2000, p3). Projection refers to one’s ability to anticipate 

future events based on his or her knowledge and understanding (Endsley 1995). People can 

implement previous knowledge to make inferences about the future. In the study of Information 
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Privacy Awareness (IPA), projection indicates one’s future implications or risks regarding the 

private information collected based on their current knowledge and understanding of this issue 

(Correia and Compeau 2017). In this essay, we view projections as people’s evaluations and 

predictions regarding or concerning AI-powered smart technology in a situation. There are two 

components in the evaluation: cognitive evaluation and affective evaluation. Cognitive 

evaluations indicate that people weigh the concerns and risks of AI-powered smart technology 

(Dinev and Hart 2006). Affective evaluations contain one’s emotions towards AI-powered smart 

technologies. Our reason for including affective evaluations is that people’s interactions with 

technologies are emotionally charged, and these interactions influence their future behaviors 

(Clayton 2003). We believe that cognitive evaluations, affective evaluations, and predictions are 

important factors determining people’s decisions and future uses regarding technology.  

The dynamic nature of real-world situations implies that the situation is always changing, 

and therefore so should one’s situation awareness. SA is typically defined in operational terms 

for people who need it for specific reasons. For example, a surgeon has a great need for SA of 

their coming surgeries. Although the elements of SA are different across domains and situations, 

the mechanism behind SA is generally applicable. When Endsley (1988) first introduced SA, she 

focused on building it and how awareness influences people’s reading of the environmental 

stimuli to solve problems in a timely and efficient manner. As a specialized form of SA, we argue 

that AIA reflects the extent to which a person perceives the presence, purposes, and practices of 

AI-powered smart technologies in a given context. 
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SA and AIA: similarities and differences 

Similarities 

Both SA and AIA help explain a user’s behaviors vis-à-vis a situation. SA helps guide 

people’s behaviors in complicated situations, such as operating aircraft, controlling air traffic, or 

maintaining orders for large railway stations (Endsley 2000). As people face a complex system 

of machinery, they need SA to assist them in order to make the right decisions. People more or 

less recognize the existence of technologies when facing a system of smart technologies daily. 

Moderate to high levels of AIA could assist them in recognizing and utilizing AI-powered smart 

technologies effectively. People’s AIA is not static, and it changes with context. Their awareness 

of AI-powered smart technology in one particular context and the degree of that awareness 

impact their decisions regarding AI-powered smart technology uses and guide their actions. 

 

Differences in purpose 

Although AIA is a form of SA, the two concepts differ in many ways (see Appendix A-Table 

A1). The first difference lies in the purposes of the two concepts. Before SA-related research, 

people could not explain how to gather accurate information to reach sound decisions in a 

changing environment. It was unclear how a system design could support one’s ability to obtain 

essential information under dynamic conditions (Endsley 2000). SA reveals a way to enhance 

people’s abilities by paying attention to the crucial information in the environment. Studies on 

SA have focused on system designs and typically been conducted in organizational settings 

(Endsley 2000). The purpose of SA is to help people make good decisions and enhance 

performance. Attending to critical cues in a dynamic situation proves important to 

organizations’ ability to improve their employees’ performance via SA training. 
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There are three purposes of AIA. The first is to reveal the changes in people’s awareness of 

AI-powered smart technologies across contexts. We focus on how an individual’s AIA varies and 

how it influences their technology uses in a given context. AIA shows that people make different 

decisions and engage in different behaviors because they are at different levels of AIA. Their 

awareness varies from one situation to another, which leads to inconsistencies in their 

behaviors. For instance, at workplaces, some people can be highly aware of the live cameras and 

smart speakers in the conference room during a virtual conference. However, they are less aware 

of the cameras or smart speakers in their own homes. They are not highly aware that cameras 

are watching them or that smart speakers are constantly listening to them when they are home 

or at a friend’s house. AIA can capture such differences in awareness levels. 

The second purpose of AIA is to separate meaningful decisions from unconscious ones. It is 

crucial for researchers and practitioners to make this distinction. It is not common for a 

researcher to measure people’s technology awareness when investigating technology-related 

decisions or behaviors. However, awareness plays an important role in their decision-making. 

When people are highly aware of the target technology, they are mindful while around it or 

using it. They are very creative regarding their uses and aware of multiple perspectives of the 

target technology, as in IT mindfulness (Thatcher et al. 2018). AIA serves as a dividing 

mechanism that separates meaningful and unmeaningful mental states of AI-powered smart 

technology uses, as people with no or little awareness of the target technology fail to consider or 

use the target technology in a meaningful way. 

The third purpose of AIA is to direct or even influence people’s decisions due to an 

increased AIA under certain contexts. People with moderate to high levels of AIA have clearer 

perceptions of the existence of AI-powered smart technologies in a given context. Therefore, 
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they are more likely to notice whether such technology is in the environment or available for 

interactions. They know the purposes and the practices of AI-powered smart technologies. 

People gain more control over the decisions and actions associated with AI-powered smart 

technologies if they remain at a high level of AIA. They are able to use the technologies in more 

creative ways. Therefore, the last purpose of AIA is to direct or to influence people’s decisions if 

we can increase their AIA. 

 

Differences in structure  

The second difference between SA and AIA is that SA consists of three hierarchical levels of 

knowledge, with each level built on the previous one (Endsley 2000). The three nested levels are 

highly inter-correlated (Endsley 1995). While SA views these dimensions as levels of knowledge 

that build on one another, we contend that, in AIA, these dimensions coexist. In our view, the 

interrelated dimensions work cooperatively (Sim et al. 2012) to establish a certain level of AIA. 

The three dimensions are the presence of the AI-powered smart technology, one’s purposes with 

the AI-powered smart technology, and one’s practices using it. We focus on capturing and 

assessing one’s AIA in a given situation. Take a smart doorbell as an example. We believe the 

three dimensions (the presence of a smart doorbell, people’s purposes for the smart doorbell, 

and their practices using the device) coexist. As long as they know what a smart doorbell is, they 

have some understanding of the device. Though lacking a full understanding, they can still use it 

without fully utilizing all the features. Thus, a certain level of AIA is a mix of the three 

components. Our focus is on the actual behaviors or decisions related to technology uses, not the 

accuracy of people’s perceptions. We capture one’s AIA through the three dimensions. Although 

these dimensions might not be equally weighted, each dimension is essential for AIA. 
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Differences in applied population 

The third difference between SA and AIA is the applied population. SA focuses on people 

who operate a complicated machinery system and those who need SA for their work (Endsley 

1988). SA helps these people to make accurate decisions and achieve high performance. On the 

other hand, AIA can be applied to a greater population: smart technology users at large. We 

investigate people who own or operate AI-powered smart technologies, regardless of their use 

intentions. Our target population does not need to achieve an expert-level knowledge of this 

technology. 

 

Differences in outcome expectation 

The fourth difference between SA and AIA lies in the outcome evaluations. In the SA theory, 

people need to solve problems and make the right decisions to fulfill their job requirements 

(Endsley 2000). Therefore, desirable behaviors, outcomes, and performance evaluations exist in 

SA. Organizations and companies expect their employees to perform well based on certain 

standards. It is easy to evaluate the decisions and behaviors that are the outcomes of SA; 

however, it is difficult to assess the decisions and behaviors associated with personal smart 

technology uses because people use such technology for various purposes. AI-powered smart 

technology uses covers many aspects of people’s lives, from home to office, from public areas to 

private places. In the future, there will be regulations concerning company AI uses and data 

collection (Candelon et al. 2021). However, there is not currently a unified standard regarding 

personal AI-powered smart technology uses. 
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The Conceptual Domain and Theme of AIA 

Conceptual definition of AIA 

AIA, in this study, is tied to AI-powered smart technology uses in a given context. AIA is the 

extent to which a person perceives the presence, purposes, and practices of AI-powered smart 

technologies in a context. Awareness acts like the background radar of consciousness, 

continually monitoring the environment (Brown and Ryan 2003). Being aware means realizing 

something. 

One’s AIA levels do not remain the same. The changes, such as a decrease or an increase, 

can happen either slowly or relatively quickly. When people engage in autonomous technology 

uses, they form deep and non-reflective routines over time (Jasperson et al. 2005). Their 

awareness of AI-powered smart technology is thus relatively low due to the little cognition 

involved. Their AIA remains low during this process. However, their awareness of AI-powered 

smart technologies can increase suddenly when they experience interventions or interruptions. 

The interference will disrupt their routinized uses and force them to pay attention because 

attention is a hyped form of awareness (Westen 1999). The increased AIA breaks them away 

from their deep and non-reflective mental scripts. For instance, some people use smart speakers 

to check the weather and local traffic conditions every morning. Their smart speaker AIA 

decreases due to autonomous use but would increase immediately once they experience a failure 

to retrieve weather information one day.  

We investigate what contributes to a sudden increase of AIA and what comes after it. People 

with moderate to high levels of AIA have heightened states of clarity and sensitivity to the three 

dimensions of AIA compared to those who are at a lower-level AIA. This elevated awareness 
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would lead to projections of AIA because awareness enables the identification of needs, 

conflicts, and existential concerns (Brown and Ryan 2003). Being at different levels, AIA helps 

us differentiate thoughtful, meaningful, and mindful decisions and behaviors from subliminal 

decisions and autonomous actions. To clarify the essential characteristics of AIA, we follow the 

recommendations of Suddaby (2006) and Mackenzie et al. (2011) and their approaches to 

defining characteristics. 

 

Scope 

In this section, we will examine the conditions under which AIA applies. First, we consider 

whether AIA is a construct for an individual or a group. Second, we address whether it can be 

applied to all smart technologies. Finally, we consider whether AIA is a state or a trait. 

 

Is AIA applicable to individuals or groups?  

The unit of analysis of the current study is a person. We study to what extent individuals 

realize the presence, purposes, and practices of AI-powered smart technology and how that 

realization impacts their decisions and behaviors. Therefore, AIA in this study focuses only on 

individuals. Organizations and companies are made up of people, so individuals in the 

organization can form a collective AIA at the group or organizational level. Other concepts can 

be interpreted at both the individual level and organizational level. For example, mindfulness 

can be a trait at a personal level: a state of alertness and a high level of awareness (Langer 1996). 

Researchers also find collective mindfulness at the team level in a study on software 

development teams (Vidgen and Wang 2009). We believe that a collective AIA exists, which is a 

group’s awareness of the presence, purposes, and practices of AI-powered smart technologies. 
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We expect that moderate to high levels of collective AIA play a crucial role in an organization’s 

decisions and behaviors concerning smart technology use. 

 

Is AIA applicable to all smart technologies? 

The definition of smart technologies is broad. Some refer to them as electronic devices or 

any systems that can be connected to the Internet or can be used interactively (Foroudi et al. 

2018). Others assert that smart technologies have an artificial intelligence or machine learning 

component. Smartness indicates that an entity can perform and control functions that attempt 

to produce useful results through activities via physical, informational, technical, and 

intellectual resources (Alter 2020). Smart technologies can process, interpret, or even learn 

from the information. In this essay, we view smart technologies as entities with an AI 

component. Therefore, the concept of AIA may apply to a range of smart technologies with AI 

components, from smart speakers to wearable devices. 

 

Is AIA a state or a trait? 

We conceptualize AIA in two forms: trait and state. As a trait, AIA is relatively stable within 

individuals, implying that to some degree, people have more or less awareness of how AI-

powered smart technology, in general, supports or changes their behaviors under any given 

context. As a state, AIA can change with use contexts or with specific smart technologies. We are 

interested in the influences of use contexts, so we focus on the state-level AIA. In practice, the 

state-level factors are more useful since practitioners can design environments or contexts that 

maximize the uses of the state predictors (Goel et al. 2011). While a trait should exert a relatively 

stable influence across time and space, AIA as a state predictor could exert a much more 
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variable influence, depending on the technology’s novelty, social norms towards its use, or even 

a user’s “trait-like” awareness of smart technologies.         

Studying context-specific state variables is more accurate and more suited (Thatcher and 

Perrewe 2002) to the current study. Studying state variables may emit more variances because it 

suggests substantial within-person variability in moment-to-moment awareness of specific 

smart technologies. One’s state-level AIA can be temporally raised or tuned down depending on 

use contexts. Therefore, we plan to address such changes by studying state-level AIA scenario by 

scenario. 

 

Dimensionality 

We have listed the dimensions of AIA in Table 2. Overall, three dimensions help us capture 

AIA: the presence of AI-powered smart technology, its purposes, and its practices. AIA is a 

second-order construct. We will use virtual assistants as examples for the demonstrations in the 

following section.  

Table 2. Dimensions of AIA 

Dimensions of AIA Conceptual Definition Operational Definition 
The presence of AI-powered 
smart technology 

Being aware of the existence 
of AI-powered smart 
technology (or technologies) 
in a situation.  

To what extent one realizes 
that AI-powered smart 
technology is there. 

The purposes of AI-powered 
smart technology 

Being aware of how features 

of AI-powered smart 

technology (or technologies) 

could be used in a situation.  

To what extent one can tell 
how these features can be 
used in a situation. 

The practices of AI-powered 
smart technology 

Being aware of how AI-
powered smart technology 
(or technologies) are being 
used in a situation.  

To what extent one has prior 
experiences using AI-
powered smart technology in 
a situation. 
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The presence of AI-powered smart technology refers to one’s being aware of the existence of 

AI-powered smart technology in a situation. The presence of AI-powered smart technology is 

the foundation for AIA since the definition of awareness indicates one’s knowledge and 

understanding of something’s existence (Merriam-Webster Dictionary 2021). The concept of 

presence indicates whether people note AI-powered smart technology in a situation. It also 

includes people’s perceptions of whether such technology is available for use or interaction. We 

have adapted this definition of the presence of AI-powered smart technology from a study 

concerning one’s knowledge of others’ presence in a virtual world (Goel et al. 2011). In the case 

of the virtual assistant, presence here means that one knows about the existence of Siri or Alexa 

in a situation.  

The purposes of AI-powered smart technology refer to one’s awareness of how features of 

AI-powered smart technology may be used in a situation. Three major features of virtual 

assistants have been identified: the dialog function, the web search function, and the chat 

function (Jiang et al. 2015). Individuals use the dialog function to issue specific commands such 

as “call Mom” or “turn on Spotify.” The web search function enables individuals to search and 

retrieve information, just as if they were typing keywords and searching on the Internet. The 

chat function allows informal communication with virtual assistants, almost like casual chatting 

with a friend. Some people use virtual assistants because, when doing so, there is no need to 

stand up or use their hands to control the appliance. Others use virtual assistants because they 

feel lonely and want to chat. Some people use virtual assistants because they are less tech-savvy. 

They feel that issuing commands with words is easier than operating the actual devices. Certain 

populations use virtual assistants because they have restricted mobility (Goernemann and 
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Spiekermann-Hoff 2020). The purposes for a virtual assistant in a given situation largely 

depend on people’s awareness of its features.  

One’s actual AI-powered smart technology uses make up the practices of AI-powered smart 

technology. The practices of AI-powered smart technology refer to one’s awareness of how AI-

powered smart technology is being used in a situation, which comes from one’s use experiences. 

One’s actual usage of technology depends on his or her beliefs. Palak and Walls (2009) have 

studied teachers’ technology practices related to their beliefs. They state that teachers use 

technology only in ways that support their beliefs about teaching, regardless of what technology 

could enable them to do. Another example is that many people try to avoid using voice input in 

public because they think it inappropriate (Easwara Moorthy and Vu 2015; Efthymiou and 

Halvey 2016). 

In order to have high virtual assistant AIA, individuals need to perceive the presence, 

purposes, and practices of virtual assistants. Their perceptions of the three dimensions must be 

high. However, when people have low virtual assistant AIA, the causes vary. They may have little 

perception of the presence of a virtual assistant, or they may have little knowledge of how its 

features could be used. A Pew Research survey investigated smart speaker owners (Auxier 

2019). The survey reveals that 58% of smart speaker owners do not want their speakers to 

further take their interests and preferences into account. The other 42% say that they want their 

speakers to do a better job by adapting to their interests and preferences in the future. 

Undoubtedly, the participants this Pew Research study are aware of the presence of their 

devices.  

However, not every participant in the study is clear about the smart speaker’s features. In 

the same survey, participants are asked the same question again, but with a description of how 
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smart speakers operate: “whether they would like their smart speakers to do a better job of 

taking their interests and preferences into account in the future, even if that meant it would 

need to collect more personal information about them.” This time, only 33% say that they would 

appreciate a more customized setting. There is a clear 9% drop after some of them realize how 

their smart speaker’s feature works. Hence, we can say that 9% of the participants have low 

virtual assistant AIA, especially regarding the smart speaker’s features. When they realize how 

smart speakers work, their virtual assistant AIA rises, and they make a different decision 

regarding withholding further information from their smart speakers. 

 

Similar concepts related to AIA 

In this section, we compare AIA to similar concepts to improve our comprehension by 

highlighting essential details, making meaningful connections, and differentiating these 

elements. We believe that AIA always exists as a precursor to several concepts, such as IT 

mindfulness. For example, one needs to be aware of the existence and the features of their 

virtual assistant before being creative about its uses.  

The four concepts listed in Table A2 in Appendix A are tech-savviness, IT mindfulness, IS 

habits, and cognitive absorption. We choose these four concepts because they are all popular 

concepts associated with technology use in the IS domain, and they all relate to AIA in some 

ways.  

The first concept is tech-savviness, which is strong knowledge about modern technology 

(Cambridge Dictionary 2020). If one is tech-savvy, they can use and respond creatively to new 

technologies. When we describe a person as tech-savvy, we believe that they have a high 

awareness of modern technologies in general. As for such a person’s AIA, it can range from low 
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to high because it is a state. It is not limited to new technology or creative uses but also pertains 

to existing technology and regular applications.  

The second concept is IT mindfulness. IT mindfulness refers to a mindset resulting from 

one’s awareness of the context, one’s openness to, and one’s value-adding applications of 

information technologies (Thatcher et al. 2018). IT mindfulness is a dynamic IT-specific trait, 

focusing on present uses. With IT mindfulness, people are alert to distinctions and open to 

novelty. They pay attention to the details. They are aware of multiple perspectives on how to use 

IT. Mindfulness can expand people’s actions or adjust their actions to match the environment 

(Sun et al. 2016). People who have IT mindfulness express interest when they experience IT 

features and failures. People who have IT mindfulness are willing to engage in meaningful IT 

uses. Mindfulness suggests a state of alertness and a high level of awareness (Langer 1989). 

Hence, people who have IT mindfulness show high levels of awareness of IT and exhibit creative 

IT uses. IT mindfulness is consistent with high-level AIA; IT mindfulness is one of the outcomes 

of high-level AIA.  

There are also some differences between IT mindfulness and high-level AIA. People with IT 

mindfulness are at high state-level AIA; however, people who have high-level AIA do not 

necessarily engage in meaningful or creative IT uses, even though they are fully aware of the 

presence, the purposes, and the practices of AI-powered smart technologies. High-level AIA 

leads to projections of smart technologies. People can evaluate technology uses cognitively and 

affectively when they have high AIA. It is up to the users’ decisions and choices to emit any 

actions. Meaningful IT uses are one of the options that having high AIA offers to users.  

The third concept is IS habit, a stable IT-specific trait. This concept is the extent to which 

people tend to use IT automatically. In other words, the same user responses occur when users 



26 
 

are given a stable supporting context as a result of past automatic behaviors (Limayem et al. 

2007). Due to the lack of intention and active thinking, IS habit is a behavioral tendency 

(Ouellette and Wood 1998). It can be one of the outcomes of low AIA. People do not consider the 

presence, the purposes, or the practices of AI-powered smart technologies when they engage in 

automatic uses, let alone experience projections of AIA; only moderate to high AIA can lead to 

projections. People are likely to engage in meaningful uses or be attentive to IT uses as they 

reach moderate to high AIA.  

The last concept is cognitive absorption, which is one’s deep involvement with software 

(Agarwal and Karahanna 2000). This concept is a state showing the formation of user beliefs 

and usage intention. When people experience cognitive absorption, their focuses become 

narrow. Their attention is occupied with the current tasks at hand. When people engage in 

cognitive absorption, they ignore major stimuli in the environment (Sun et al. 2016). As related 

to AIA, one’s awareness of AI-powered smart technology can be broad or narrow, depending on 

whether it is a trait or a state.  

AIA can be as broad as awareness of all AI-powered smart technologies, or it can be as 

narrow as awareness of one feature of the target smart technology in a given context. For 

example, an individual can be aware of smart speakers from different brands. He can know the 

latest models, unit prices, and pros and cons of each brand’s smart speakers. He also could have 

a high level of awareness of one particular model from one specific brand in one given context. 

This is his narrow, state-level awareness. His general awareness of smart speakers (trait-like) 

and heightened awareness for that specific model (state-level) coexist. We contend that one 

needs to be at least aware of the software before cognitive absorption takes place. Therefore, 

awareness of technology must take place before cognitive absorption. People persistently seek 
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information to understand technologies, becoming deeply involved with them, and even losing 

track of time (Agarwal and Karahanna 2000). Therefore, cognitive absorption can happen due 

to moderate to high AIA. 

 

AIA Model and Propositions 

In this section, we discuss the AIA model and the propositions around the constructs in 

detail. We choose one AI-powered smart technology as the representative for this study: virtual 

assistants, which are software agents that can complete many daily tasks for their users by 

engaging with them via natural language (Harish et al. 2016; Pais et al. 2015). People use 

alternative names for this technology, such as smart assistant, virtual assistant, voice assistant, 

intelligent personal assistant, personal virtual assistant, and virtual assistant bot (Burns and 

Igou 2019; Chung et al. 2017; Lopatovska et al. 2019). Despite the differences in name, virtual 

assistants are all powered by artificial intelligence and categorized into two types: built-in and 

stand-alone. Examples of the built-in type are Siri for Apple products and Cortana for Windows-

based computers. The stand-alone type includes Alexa speakers and Google assistant devices 

(Chung et al. 2017).  

There are several reasons that we find virtual assistants a well-suited technology for 

studying AIA. First, virtual assistants have been commercially available for only a few years 

(Yang and Lee 2019). As they are increasingly diffused among individual users, we would like to 

know more about how people interact with them. It is informative to investigate how different 

levels of AIA impact individual uses. Second, since there are many virtual assistants on the 

market (Siri on Apple devices, Cortana on Microsoft devices, Alexa on Amazon devices, to name 

a few), there are many different feature sets and user interfaces available. People who have used 
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virtual assistants for a length of time are likely to have quite different user experiences, which is 

vital to our study because we expect to see variances in the awareness of virtual assistants.  

The third reason we choose virtual assistants relates to how the devices work. Virtual 

assistants work in a way that enables users to accomplish tasks or search for information using 

voice or texts (Chung et al. 2017; Hoy 2018; Moriuchi 2019). When users operate them, they do 

not need to have physical contact with the devices. People can forget about their devices’ 

existence when they no longer need to touch the device to make it work. Yet even when not in 

use, virtual assistants still listen to the users. They collect data and store use information with or 

without users’ knowledge (Javed et al. 2019). Therefore, not every user is aware that the devices 

are there or that they are being listened to all the time. We are interested to see the variations in 

users’ awareness towards virtual assistants and how these different levels of awareness affect 

their interactions with virtual assistant use. 

 

Model overview 

Figure 1 presents the proposed model for AIA with propositions: the sudden increase of AI 

awareness and people’s reactions associated with it. After receiving stimuli in the environment, 

people experience an increase in awareness towards AI-powered smart technologies, and they 

are more likely to experience projection and have some reactions afterward. As time goes by, or 

as people grow more familiar with AI-powered smart technologies, their AIA decreases. It is less 

likely that they will engage in projections of AI. People engage with both cognitive and affective 

evaluations of AI-powered smart technologies during the projection phase.  

The evaluations lead to three types of reactions: cognitive, affective, and behavioral. Not 

everyone experiences the three types of reactions at the same time. People likely experience at 
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least one of them as the result of heightened AIA and projections. A feedback loop exists in the 

model, from the evaluations back to the stimuli. We believe that after people experience 

cognitive, affective, or behavioral reactions, these reactions all become part of their experiences 

with AI-powered smart technology. Since specific moments of interactions with technologies 

shape their future interactions (Goernemann and Spiekermann-Hoff 2020), users become more 

sensitive to similar stimuli based on their prior experiences.  

Figure 1. AIA Model with Propositions 

  

In this model, we take the positive perspective to study the increase of AIA by stimuli, the 

ways that people engage in projections of AI-powered smart technology under its influence, and 

their reactions after the incident. The decrease of AIA over time and how that affects people’s 

decisions and behaviors will be explored in future work. 

 

The relationship between stimuli and AIA 

When people have low levels of AIA, they hardly notice the presence of their smart 

technologies, let alone experience any projections or evaluations. However, their state-level 

awareness is not static. It may increase abruptly when they experience stimuli from the 
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environment, such as news reports stating that smart speakers record private conversations or 

that Alexa is activated unsolicited. After reading these reports, people with low virtual assistant 

AIA will become immediately aware of their virtual assistants. They will engage in projections of 

the virtual assistant as they read the news and may choose to unplug their smart speakers 

immediately. 

There are different types of stimuli. One example is technology-related incidents, such as 

failures, successes, or technology interruptions. As people interact with virtual assistants, they 

may not pay close attention to them. However, once people experience technological failure or 

make a serious mistake, they will turn their attention to the technology (de Guinea and Markus 

2009). For instance, when users do not activate Alexa, it sometimes utters unnecessary and 

lengthy monologues or beeps unexpectedly. Or it plays an advertisement for “Music Unlimited” 

if users request a song that is not in the library. When people experience interruptions or 

failures, their AIA increases compared to their AIA during routine uses.  

Some stimuli are people-triggered incidents, such as when everyone around a person uses a 

smartphone or owns a piece of wearable technology. That person would likely have heightened 

AIA towards smartphones or smartwatches compared to those who have no such stimuli in the 

environment.  

Finally, the stimuli can also be event-related incidents. People’s AIA can increase as a 

special event occurs. During the COVID-19 pandemic, people are turning to the help of smart 

technologies to fulfill their job requirements, such as video conferencing, or to satisfy their 

everyday needs, such as entertainment and social interaction. Under this circumstance, many 

people are highly aware of the existence of AI-powered smart technologies and how to use them. 

Hence, event-related incidents can trigger an increase in AIA.  
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We are interested in studying the types of stimuli that attract people’s attention and trigger 

their AIA to increase. One study by Louis and Sutton (1991) states that people engage with 

conscious processing as a result of three types of stimuli: when a given context is novel (i.e., 

one’s first uses of IT), when an individual notes a discrepancy between reality and expectation 

(i.e., IT interruptions or failures), and when an individual deliberately focuses on his or her 

behaviors (i.e., pressing the “no” button when asked to share location information). Sun (2012) 

also identified three motivating triggers: novel situations, discrepancies, and deliberate 

initiatives. The first type of stimuli does not apply in the current study, since we set the study in 

a familiar technology use setting. Therefore, we believe that: 

Proposition 1a: People are more likely to experience an increase in AIA when a discrepancy 

between reality and expectation of smart technology uses occurs. 

Proposition 1b: People are more likely to experience an increase in AIA when they 

deliberately focus on smart technology uses. 

 

The relationship between AIA and projection 

AIA either increases with a stimulus or decreases as time passes. As people become more 

familiar with smart technologies, their AIA decreases, and they develop habits of use, leading to 

more autonomous uses instead of exploratory uses (Jasperson et al. 2005). In the AIA model, 

we study a sudden increase of AIA by stimuli, how people engage in projections, and their 

reactions to the incident.  

Projection means one’s evaluations of AI-powered smart technology uses in a situation. 

There are two components in the projection: cognitive evaluation and affective evaluation. Prior 

studies have investigated cognitive and affective evaluations from the perspective of motivators. 
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Cognitive evaluations result in extrinsic rewards, whereas affective evaluations lead to intrinsic 

rewards. Motivation Theory states that both extrinsic rewards and intrinsic rewards can 

motivate individuals to use new technologies (Davis et al. 1992; Venkatesh et al. 2003). 

Cognitive evaluations refer to people’s concerns or consideration of risks associated with AI-

powered smart technology uses (Dinev and Hart 2006). Affective evaluations refer to one’s 

emotional responses (relatedness, emotional energy, and dependence) when thinking of 

themselves concerning the AI-powered smart technologies with which they interact (Carter et al. 

2020). Affective evaluation is adapted from IT Identity Theory (Carter et al. 2020; Carter and 

Grover 2015). As reflections of IT identity, those emotional responses help to differentiate one’s 

reactions to different technologies (Carter et al. 2020). We believe that affective evaluation 

impacts people’s preferences towards technologies. If they identify themselves with certain 

technology, they find opportunities to engage with it.  

Not everyone experiences cognitive and affective evaluations at the same time. An 

individual might only experience one as the result of heightened AIA. As a virtual assistant 

recommends music or products to users, some people may feel enthusiastic or connected with it 

but not engage in cognitive evaluations. Some might consider the pros and cons of the 

recommendations but not engage much in affective evaluations. They may question why virtual 

assistants know their preferred music genres or know their favorite shops (Goernemann and 

Spiekermann-Hoff 2020). Those are the results of the projections that follow an increase in AIA. 

Therefore: 

Proposition 2a: People are more likely to experience cognitive evaluations as their AIA 

increases. 
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Proposition 2b: People are more likely to experience affective evaluations as their AIA 

increases. 

 

The relationship between projection and reactions 

In the AIA model, cognitive reactions, affective reactions, and/or behavioral reactions occur 

at the end of projection following heightened AIA. After people experience failures or 

interruptions during their uses of technology, they react to the situations. Cognitive reactions 

refer to people’s thoughts on AI-powered smart technology uses in response to the incident, 

ranging from positive feedback to criticism. On the other hand, affective reactions are their 

emotions relating to technology uses in response to the incident. For example, people might feel 

insecure, confused, or angry after realizing that their virtual assistants consistently listen to 

them. Behavioral reactions are people’s actions towards AI-powered smart technology after the 

incident, from discontinuing use to exploring new uses. As in the previous example of virtual 

assistants listening to them, some people might unplug their smart speakers immediately as a 

behavioral reaction. All three reactions may or may not happen at the same time. Therefore,  

Proposition 3a: People are more likely to experience cognitive reactions at the end of 

projection. 

Proposition 3b: People are more likely to have affective reactions at the end of projection. 

Proposition 3c: People are more likely to emit behavioral reactions at the end of projection. 

 

The relationship between reactions and stimulus 

The reactions later become part of people’s experiences with AI-powered smart 

technologies and make them more sensitive to similar stimuli in the environment. They notice 
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whether AI-powered smart technologies exist, observe how other people use them, and learn 

about their features. The specific moments of users’ interactions, both positive and negative, 

play an impactful role in users’ impressions and shape their future interactions with 

technologies (Goernemann and Spiekermann-Hoff 2020). In this way, people’s recollections of 

reactions and responses help them become more aware of similar stimuli. Therefore, we propose 

that: 

Proposition 4: Reactions make people alert to the stimuli associated with AI-powered smart 

technology in the environment. 

 

Research Agenda for AIA 

Future directions 

Much prior literature has investigated the relationship between humans and technologies. 

These studies either focus on the bright side of IT uses, such as mindful uses, or they study the 

dark side of technology, such as unhealthy IT uses. The purpose of the current study is to 

emphasize the existence and the role of smart technology in people’s lives. AI-powered smart 

technology coexists with people. Smart technology co-constructs the environment with people as 

it assists them, monitors them, listens to them, interacts with them, and even manipulates them. 

The consideration of AI awareness is important when we examine people’s relationships with 

smart technology. A wide range of IS topics relating to the adoption, continuation, and 

discontinuation of IT use can benefit from including the concept of AIA or a larger concept such 

as people’s general awareness towards IT. This section outlines potential directions and 

opportunities for examining AIA and its impacts in IS research. 
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Potential opportunities for incorporating AIA into IS research 

We address the sustained awareness in the use contexts in the realm of the study. We do not 

discuss the formation of AIA. It will be interesting to examine the construction of AIA at the 

smart technology adoption phase. There may be different factors contributing to one’s formation 

of AIA as they face a new smart technology, or when he or she adopts a mainstream technology 

versus a less popular technology.  

Another potential topic for future exploration is Information Technology Awareness (ITA). 

As the name suggests, ITA focuses on information technologies in general. It is not limited to 

one particular type of information technology or smart technologies. We view it as a bigger 

concept and a more sophisticated perception than AIA. Some medical and physical research 

(Brown and Ryan 2003; Dane 2011) suggests that some people are more predisposed to be 

mindful. If we view ITA as a trait, we will be able to explore individual differences and what 

might contribute to those differences. It is also possible that a group of people could form an 

ITA as a collective trait. A collective ITA can be the extent to which an organization perceives the 

presence, purposes, or practices of information technologies. We can study how ITA, as a 

collective trait, influences organizational decisions or behaviors regarding IT uses. We can also 

probe what might contribute to the formation of a collective ITA.  

It is promising to record and examine AIA and its gradual changes over a duration of time. 

As AI-powered smart technology is designed, constructed, and used by people, it interacts with 

and co-constructs the world with people. We can trace not only people’s AIA over time but also 

how their evolving awareness changes the design, use, or practices of smart technologies. 

Evidence suggests that the longer people own smart speakers, the less often they use them 

(Lopatovska et al. 2019). Although the mechanism of this phenomenon is still unclear, 
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researchers propose some possible explanations: some users might question whether this 

technology is vital enough to merit long-term adoption; some choose to use a virtual assistant 

for its novelty; some doubt that it bridges existing gaps in users’ information, entertainment, 

educational, social, or other needs (Lopatovska et al. 2019). For various reasons, people’s use of 

virtual assistants diminishes over time. 

We believe that the long-term decreasing smart technology usage pattern is consistent with 

the awareness pattern. In general, people are highly aware of smart technology at the beginning 

usage phase, and then their awareness decreases as time goes by. People likely stop using the 

smart technology when their awareness wanes down to a certain level, or they only engage in 

minimum automatic uses, such as using an Apple watch to check the time. However, if one can 

maintain moderate to high AIA for a long time, one should be able to use smart technologies in a 

meaningful way or mindful way for a long time. We believe that a longitudinal study concerning 

AIA and smart technology uses would provide us with a more explicit picture of the awareness 

patterns, as well as the usage patterns.  

We have narrowed our research to only one type of smart technology—virtual assistants. It 

would be interesting to see what AIA means and what it suggests in the context of other AI-

powered smart technologies. For example, smart cars or auto-pilot cars, as an emerging smart 

technology, have gained much attention and recognition (Wu 2019). With different smart 

technologies, we can generate different sets of research questions. How would people’s AIA on 

smart cars impact their behaviors regarding driving? How does their AIA on smart cars affect 

their decisions around purchasing a smart vehicle? We can even examine previous research 

questions with the new angle that smart technology awareness offers us.  
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The last topic for future directions concerns what AIA means to policymakers. What we 

have investigated in this essay is limited to the perspective of a user. However, we are not clear 

on what AIA brings to the table for policymakers. Since AIA has never been used in this area, it 

is worth exploring policymakers’ approaches to regulating technology and thinking about future 

laws’ structures after they take into account people’s awareness towards AI-powered smart 

technologies. 

 

Implications 

We have defined and advanced the understanding of AIA and how the concept of AIA 

facilitates IS research in the following ways. First, AIA informs us that people have different 

levels of awareness regarding AI-powered smart technology in different contexts. Such varied 

AIA levels explain why the same person engages with the same smart technologies differently at 

different times or situations. Second, we contend that AIA can be used to separate meaningful 

decisions from unconscious ones. When people have little AIA, their decisions regarding AI-

powered smart technology use can be less apparent or meaningful to them than those who have 

moderate to high levels of AIA. Therefore, people’s awareness levels can help us distinguish 

meaningful decisions and behaviors from automatic uses.  

Third, we would like to foster AIA among people in order to maximize the benefits of AI-

powered smart technologies. We can find ways to increase awareness of certain AI-powered 

smart technologies and make people more mindful when using these technologies in specific 

contexts. While we cannot force everyone to use AI-powered smart technology in the same way, 

we can help them be aware of their choices and options so that they can grasp opportunities to 

use AI-powered smart technology mindfully. 
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Our study has several theoretical and practical insights. First, it is the first study to propose 

the concept of AI awareness (AIA). By adapting SA and its theory, we can present a 

comprehensive view regarding people’s awareness at different levels, both for virtual assistants 

and AI-powered smart technology in general. Second, we believe that studying AIA is more 

significant than a concept development. It provides an alternative approach for addressing 

human-technology interactions; however, some interactions are meaningful, some are not. 

Hence, we strongly suggest that researchers take people’s awareness of smart technology into 

account when investigating people’s decisions and behaviors associated with smart technology 

uses. Third, this study investigates the proposed research model on awareness of virtual 

assistants and identifies the outcomes of virtual assistant AIA.  

Focusing on virtual assistants does not limit the scope in which AIA’s concept can be 

applied. We believe that a wide range of IS topics relating to smart technologies will benefit from 

including the concept of AIA. This study sets a foundation for future researchers to incorporate 

AIA in their studies by adopting the measurements developed from this line of studies. Finally, 

AIA can assist practitioners and policymakers in practice when policymakers design policies and 

smart technology usage guidelines. We believe our AIA framework can be an influencing factor 

to be weighed in when making cybersecurity policy or regulation. Our AIA model can provide a 

useful tool to create feasible procedures for implementing cybersecurity policy effectively. 
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AIA: A MEASURE AND EMPIRICAL INVESTIGATION  
OF ITS MODEL AND RELATED CONSTRUCTS 

 
Introduction 

There is no doubt that artificial intelligence is one of the most popular technologies today. 

More than half of U.S. households own a smart speaker. One hundred twenty-eight million 

people in the U.S. use voice assistants (Dickson 2022). According to a recent report by Statista, 

the global AI software market will grow 54% yearly and is expected to approach $22.6 billion in 

coming years (Statista Research Department 2020). The revenue from the AI software market is 

expected to approach 126 billion dollars by the year 2025 (Statista Research Department 2022).  

Many organizations see the benefits of embedding AI-powered smart technologies in their 

businesses. According to Gartner, 37% of organizations have already implemented AI in their 

businesses. The number of organizations employing AI over the past four years has increased by 

270% (Stamford 2019), and ninety-five percent of customer interactions are predicted to be 

handled by AI-powered chatbots by the year 2025 (Nirale 2018).  

As AI-powered hardware and software become cheaper and more available, we are 

beginning to see AI used in many tools and devices. We have AI-powered applications and 

predictions running on our computers, phones, and wearable technologies. We see AI-powered 

smart technologies embedded in our vehicles, household items, and workplace gadgets (Marr 

2020). The voice assistant, an AI-powered smart technology, is growing increasingly popular in 

cars and other settings where users prefer not to look at or interact with a screen (Dickson 

2022).  

While we are growing accustomed to the idea of AI-powered smart technologies and tools, it 

is becoming increasingly difficult for us to tell which technologies are powered by AI and which 
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are not. For example, organizations use chatbots to deal with customers. As the datasets used to 

train natural language processing algorithms continue to grow, we cannot distinguish whether 

we are dealing with a human or a robot during customer interactions (Marr 2020).  

There are increasing concerns regarding the working of AIA and AI-powered surveillance. 

AI applications depend on existing data to train algorithms to learn patterns and make 

predictions. In order to make more accurate predictions, companies use massive amounts of 

data from real customers without those customers realizing it. For example, Internet companies 

use our clicks to learn our preferences for news, websites, and products (Heikkila 2021). 

Companies and organizations purchase AI-powered workplace tools to monitor and analyze 

their employees in order to boost their performances (Cater and Heikkila 2021) and can monitor 

employees’ behaviors online or offline, from the number of emails sent, to the number of 

bathroom breaks, to even the length of those breaks. In February 2021, Amazon started tracking 

their delivery drivers with AI-powered smart cameras when they look away from the road or 

exceed the speed limit (Cater and Heikkila 2021; Palmer 2021). Not everyone is AI-savvy or 

understands how AI works. Therefore, Ponce Del Castillo, a senior researcher at the European 

Trade Union Institute, has said that employees need to understand the impacts and the risks of 

AI because they cannot see the automation processes produced by it (Heikkila 2021). 

We believe that awareness is not static. People are at different levels of awareness when 

situations change. Therefore, the purpose of this essay is to confirm a new construct that 

describes people’s awareness towards AI-powered smart technologies while taking situations 

into consideration. This new construct is called AI awareness (AIA). AIA demonstrates that 

people engage in different behaviors or make different decisions regarding AI-powered smart 

technologies because their awareness of AI-powered smart technologies changes. Even when 
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facing the same AI-powered smart technologies, people can make different usage-related 

decisions due to changes in their awareness. We have introduced AIA and its model in the first 

essay. For this essay, we have conducted one pilot study and two studies to present the evidence 

and the measures for AIA and to test its model. We plan to answer the following research 

questions: 

1. How can we capture people’s AIA?   

2. Does people’s AIA vary across different situations?   

3. What is the relationship between AIA and people’s reactions after an incident caused by 

AI-powered virtual assistants?    

The rest of the essay unfolds as follows. The second section offers a conceptual overview of 

AIA and its model. The third section introduces the development of the scale and presents the 

results from the Pilot Study. The fourth section uses Study 1 to further confirm the validity and 

reliability of the scale. The fifth section contains Study 2 and evaluates how people’s awareness 

changes across different situations. The sixth section discusses the implications and the 

limitations of the studies. Finally, the last section contains the conclusion of the essay. 

 

The Concept of AIA 

What is AIA? 

Before we discuss AIA and its model, we will first look at the definitions of AI and 

awareness. Merriam Webster.com (2021) defines artificial intelligence as “a branch of computer 

science dealing with the simulation of intelligent behavior in computers.” AI refers to the ability 

of machines to mimic human behaviors that require some cognitive components. AI falls under 

the umbrella term machine learning, and it requires substantial amounts of data and high 
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processing power (Syam and Sharma 2018). In the realm of this essay, we view AI-powered 

smart technologies as devices or systems that have an AI component and can be connected to 

the Internet or be used interactively (Foroudi et al. 2018).  

Awareness is one’s knowledge and understanding that something is happening or exists 

(Merriam Webster Dictionary 2021). Hence, the concept of AIA informs us about one’s 

knowledge and understanding of the existence of AI-powered smart technologies in the 

environment. The theory of awareness we have chosen is the situation awareness (SA) theory, 

which has been applied in many domains, such as aviation, emergency response, and traffic 

control (Endsley 1995). It has been used in the IS privacy domain before (Correia and Compeau 

2016; Sim et al. 2012). Based on the findings of SA in privacy research, awareness is not static, 

and it changes based on the situation (Sim et al. 2012). Therefore, we need to investigate the role 

of situations when we study AIA and its related constructs. We expect that one’s AIA, a specific 

type of awareness, changes according to the situations   

In this essay, we view AIA as a specialized form of SA. Specifically, it is SA in the context of 

artificial intelligence. There are three parts to SA: perception, understanding, and projection. 

Therefore, in our definition of AIA, we have captured perception as the presence of AI-powered 

smart technologies in a situation. We have viewed the understanding of AI-powered smart 

technologies as people’s knowledge on the purposes of the AI-powered smart technologies and 

their practices of them in a situation. As for the projection found in SA, we view it as a separate 

part of AIA. We believe that only when people achieve higher levels of AIA can they then move 

on to the projection phase of AIA. We view projection as people’s evaluations and their 

predictions of AI-powered smart technologies in a situation. The more they perceive and 



49 
 

understand AI-powered smart technologies, the more accurately they will be able to evaluate the 

technologies and predict possible future outcomes with them.  

AIA is similar to SA in that the more that people perceive and understand, the more likely 

they are to make good projections. Those projections will result in one’s making good and 

accurate decisions. We believe that this holds true for AIA as well.  The more people perceive 

and understand AI-powered smart technologies, the more they will make good projections 

regarding the uses and the futures of those technologies. However, since we focus on personal 

uses of AI-powered smart technologies, we are not evaluating one’s decisions or behaviors 

regarding them. In AIA, there is no right or wrong. This is in contrast to SA given that, in SA, 

many organizations try to train their employees to make good decisions. Hence, there are many 

possibilities involving personal uses of AI-powered smart technologies. What is more, people do 

not need to be AI experts to use AI-powered smart technologies. That fact brings another layer 

of uncertainty.  

AIA is one’s perceptions of the presence, purpose, the practice of AI powered smart 

technology in a situation. We have developed the concept of AIA based on SA (Endsley 1995). In 

SA theory, people can make decisions based on their knowledge, understanding, and projection 

of the elements in the environment (Endsley 2000). We believe that AIA is a special form of SA, 

specifically in the context of AI-powered smart technologies. There are three dimensions in AIA: 

the presence, the purpose, and the practice. 

The first dimension of AIA is the presence of AI-powered smart technology. Presence refers 

to one’s being aware of AI-powered smart technology in a situation. For example, when people 

walk into a conference room, they know there is a virtual assistant in the room, and they are able 

to interact with it. The second dimension of AIA is the purpose of AI-powered smart technology. 
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Purpose is one’s awareness of how features of AI-powered smart technology could be used in a 

situation. How people use AI-powered smart technologies largely depends on how aware they 

are of the features of such technologies. For instance, when people know the features of virtual 

assistants, they can issue commands, administrate searches, or chat with virtual assistants. The 

third dimension of AIA is the practice of AI-powered smart technology. Practice refers to one’s 

awareness of how AI-powered smart technology is being used in a situation.  

Besides the three dimensions of AIA, we also include one other important construct in the 

AIA model: projection. In SA theory, projection indicates one’s inference of the elements of the 

environment into the future (Endsley 2000). We see projection as one’s evaluations and 

predictions of AI-powered smart technologies in a situation. Individuals either weigh the 

concerns and risks of AI-powered smart technologies (Dinev and Hart 2006) or they evaluate 

their emotional attachments to them (Carter and Grover 2015). 

 

AIA model and hypotheses 

We chose one AI-powered smart technology as the representative for this study: virtual 

assistants, which are software agents that can complete many daily tasks for their users by 

engaging with them via natural language (Harish et al. 2016; Pais et al. 2015). Figure 2 presents 

the proposed model for AIA with hypotheses: the sudden increase of AI awareness and people’s 

reactions associated with that increase. After receiving stimuli in the environment, people 

experience an increase in awareness towards AI-powered smart technologies, and they are more 

likely to experience projection and have some reaction afterwards.  

As time goes by, or as people become more familiar with AI-powered smart technologies, 

their AIA decreases. It becomes less likely that they will engage in projections of AI-powered 
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smart technologies. People engage with both cognitive and affective evaluations of the 

technologies during the projection phase. The evaluations then lead to three types of reactions: 

cognitive, affective, and behavioral. Not everyone experiences the three types of reactions at the 

same time. People likely experience at least one of them as the result of heightened AIA and 

projections. A feedback loop exists in the model, from the evaluations back to the stimuli. We 

believe that after people experience cognitive, affective, or behavioral reactions, these reactions 

all become part of their experiences with AI-powered smart technology. Since specific moments 

of users’ interactions with technologies shape their future interactions (Goernemann and 

Spiekermann-Hoff 2020), people become more sensitive to similar stimuli based on their prior 

experiences. 

Figure 2. AIA full model 

 

In this essay, we have developed the scale for AIA and tested the core model (shown in 

Figure 3). There are two parts in the projection: cognitive evaluation and affective evaluation. 

Cognitive evaluations are people’s concerns or risks associated with AI-powered smart 

technology uses (Dinev and Hart 2006). Affective evaluations refer to one’s emotional responses 

(relatedness, emotional energy, and dependence) when thinking of themselves in relation to AI-
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powered smart technologies with which they interact (Carter et al. 2020). We believe that people 

will engage in either cognitive evaluations or affective evaluations as their AIA increases. 

Therefore, we believe that: 

Hypothesis 1: People are more likely to experience projection as their AIA increases. 

Figure 3: AIA core model with hypotheses numbers 

 

Cognitive, affective, and behavioral reactions occur at the end of projection following 

heightened AIA. Cognitive reactions are people’s thoughts on AI-powered smart technology uses 

in a situation, affective reactions are people’s emotions relating to technology uses in a situation, 

and behavioral reactions are their actions towards AI-powered smart technology in a situation. 

Although the three types of reactions are all due to heightened AIA and projections, they may 

not all occur at the same time. Therefore, 

Hypothesis 2a: People are more likely to experience cognitive reactions at the end of 

projection. 

Hypothesis 2b: People are more likely to have affective reactions at the end of projection. 

Hypothesis 2c: People are more likely to emit behavioral reactions at the end of projection. 
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The Development of the Scale for AIA 

Development of the measures for AIA 

Since AIA is a new construct based on SA and its theory, we view it as a specialized form of 

SA in the context of AI. Therefore, AIA is a multidimensional construct, with each dimension 

providing a unique content domain for the construct. We have used the guidelines and the 

decision tree for conceptualizing multidimensional constructs in IS research (Polites et al. 

2012). We decided to use the aggregate model-additive, as each dimension contributes 

separately to the meaning of AIA, with different weights. 

We followed a multistep procedure to develop the scale (Churchill 1979). Based on a review 

of the literature, we developed measures for the AIA scale. Specifically, we conducted an expert 

panel to establish the content validity of the new measures. We used four faculty members and 

one full-time research staff member to help to assess the clarity of the construct definitions and 

items used to capture the constructs. Items were refined and modified through the process. We 

operationalized AIA as an aggregate second-order construct, which featured reflective indicators 

at the lower level and formative dimensions (Polites et al. 2012). The dimensions are presence, 

purpose, and practices of AIA. A complete set of items is presented in Appendix B7. 

 

Development of the survey instrument 

We designed a 2 by 2 experiment that crossed scenarios (home or work) with two levels of 

familiarity with the locations (one’s own space versus another’s space). We conducted one pilot 

study and two studies to capture AIA using the 16-item scale in two different scenarios: AI-

powered smart technology uses at home and AI-powered smart technology uses at work. In 
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Study 1, we included two treatments in the home scenario: AI-powered smart technology uses at 

one’s own house versus AI-powered smart technology uses at a friend’s house.  

Additionally, we included another two treatments for the office scenario in Study 2: AI-

powered smart technology uses at one’s own office versus AI-powered smart technology uses at 

a new client’s office. Therefore, there are a total of four treatments in Study 2: AI-powered smart 

technology uses at one’s own house, at a friend’s house, at one’s office, and at a client’s office. 

We examined how people view general AI-powered smart technology uses, as well as incidents 

associated with virtual assistant uses in each scenario. Studying both general AI-powered smart 

technology uses and virtual assistant uses adds to the robustness of the findings and further 

illustrates the possibility that AI awareness can be applied to different types of AI-powered 

smart technologies in future studies. 

There are two reasons why we chose home and work scenarios. First, we believe that AI 

awareness is not a static variable across different contexts. People can exhibit variations in their 

AIA levels from one context to another, even towards the same types of smart technologies. As 

SA suggests, researchers should consider the variances that different contexts may bring to 

individuals (Endsley 1995). Therefore, we include both the home scenario and the office 

scenario. At home, people can choose whether or not to install certain technologies; however, 

they may not have as much choice at work. We expect that the different scenarios help us to 

confirm the differences in the AIA levels.  

Second, AI-powered smart technologies are becoming pervasive and intrusive in every 

aspect of our lives. It is beyond our control what smart technologies we deal with every day 

(Horowitz, 2020; Mihajlovis 2019). It is interesting to study AI-powered smart technology uses 

at other people’s homes or offices. It is very likely that AI awareness, as a dynamic construct, 
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influences people’s behaviors and decisions when they are at someone else’s home or office. 

That is why we bring in two treatments for each scenario in this study. Examining AIA under 

varied contexts provides us with more opportunities to understand AI awareness as a dynamic 

construct. It also helps us to set up baselines for future scenarios that include other AI-powered 

smart technologies. 

 

Summary of the studies 

There are altogether three studies in this essay, including the Pilot Study. In the Pilot Study, 

we assessed and validated the items for the AIA scale via web-based surveys. We recruited the 

participants for the Pilot Study from MTurk. In Study 1, we tested items for the AIA scale in the 

home scenarios only. We invited students from a public university in the southern United States 

to participate. In Study 2, we tested items in the office scenarios. We recruited participants from 

Prolific. In both studies, we examined how AIA explains people’s engagement in both cognitive 

evaluations and affective evaluations under different contexts. Then, we used the model to 

predict people’s cognitive, affective, and behavioral reactions at the end. In the following 

sections, we present the procedures for each study and the findings. 

 

Pilot Study: The Validation of the Scale for AIA 

Since we were interested in capturing people’s AIA in use situations, we expected that they 

had some prior experience with AI-powered smart technologies. We also had a filter question of 

whether they had used AI-powered smart technologies before. In the Pilot Study, 64 individuals 

who matched our sample description completed the survey via MTurk. Among those, 58 

completed the survey successfully and were paid $0.85 for their time. We include the 
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participants’ demographic information in Appendix B1. The data was collected and analyzed to 

identify measurement items that best represented the three dimensions of AIA. We also asked 

participants to rate whether the scenarios were realistic to them. Only one participant (1.7%) 

indicated that the scenario was not realistic to them.  

There were altogether 16 items to capture the three dimensions of AIA, with 6 items in 

presence, 6 items in purpose, and 4 items in practice. We performed reverse coding for cognitive 

concerns items and the last two of the Behavioral Reaction items due to the negative 

connotation embedded in the items’ wording.  

We conducted preliminary analysis on the data from the Pilot Study, including extreme 

value tests, non-response bias, skewness, and kurtosis (Tabachnick & Fidell, 2007). There was 

no extreme value, and the data is within the acceptable range regarding skewness and kurtosis. 

The acceptable range for skewness is from -2 to +2, and for kurtosis, between -7 and +7 (Byrne 

2010; Hair et al. 2010). We ran the non-response bias using comparison between early 

responses and late responses. We then ran the Harman’s single factor analysis to check common 

method bias issues (Podsakoff et al. 2003). The variances explained by the factors we had is 

below 30%. Therefore, there was no issue with common method bias. We include the pre-test 

results in Appendix B8. We treated both AIA and projection as first level reflective and second 

level formative constructs. The three types of reactions are treated as reflective constructs.  

We needed to check the loadings of the measurement items on the latent constructs 

explicitly displayed in the model; therefore, we chose PLS to perform the Confirmatory Factor 

Analysis (CFA). The fit of the measures is determined by its convergent and discriminant 

validities (Gefen and Straub 2005). We discuss the details of the validities in the next section. 
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In order to analyze the cause-effect relationships between the latent constructs AIA and 

projection, we chose partial least squares SEM (PLS-SEM) as the statistical method to run the 

model. The primary objective of PLS-SEM is to maximize explained variance in the dependent 

variables, even with increased model complexity. It has fewer restrictions on the data 

assumptions so that it can be applied to a broader range of inquiries (Hair et al. 2011). Hence, it 

can work with both smaller sample sizes and larger sample sizes. The recommendation for the 

minimum numbers of observations ranges from 30 to 100 cases (Sarstedt et al. 2014). PLS-SEM 

allows us to examine relationships between latent constructs and configure the associations 

between the indicators and constructs for the AIA model (Rodríguez-Entrena et al. 2018). We 

used SmartPLS3 as the statistical tool.  

There are two parts in a structural equation model with latent constructs: the measurement 

models and the structural model (Hair et al. 2011). The measurement models involve the testing 

of the relationships between the indicators (or items) and each latent construct. In the Pilot 

Study, we needed the measurement models to establish the validities of the measures we had 

developed. If our measures successfully captured AIA, we could move on to the test of AIA’s 

relationship with other latent constructs in the model. The structural model refers to the paths 

between the latent constructs. In this essay, we have two latent constructs: AIA and Projection. 

AIA is the exogenous construct. Endogenous constructs are latent target constructs that are 

explained by the exogenous construct via structural model relationships. Therefore, Projection is 

the endogenous construct in the structural model.  

We needed to run two-step assessments of the measurement models and the structural 

model (Hair et al. 2011). We did not move on to the second step until we were confident that we 

had captured AIA with our measures in the first step. 
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Analysis and results 

Reflective measurement model and analysis 

This section contains the results of the measurement models for the Pilot Study. As for the 

indicators for each dimension of AIA, we expected the indicators (0r items) to load to their 

corresponding dimensions. Therefore, we have used CFA to check the factor loadings for each 

item. There is no consensus as to what constitutes a “high” factor loading in general or specific 

research conditions (Peterson 2000). Based on the general literature in social and behavioral 

research, +- 0.30 is viewed as the minimal level and +- 0.50 as the practically significant level 

(Hair et al. 1998; Merenda 1997). Table 3 shows that two of the items in the Pilot Study had 

factor loadings less than the recommended value of 0.50 (Hair et al. 2010). Therefore, we 

removed those two items from purpose: pur1 and pur2. We focus mainly on the construct of 

AIA; in this part, we refine and validate the measures of AIA. We include the factor loadings for 

all the constructs for Pilot Study in Appendix B2. 

Table 3. Factor loadings for AIA items for Pilot Study 

 Presence Purpose Practice 

pre1 0.873   

pre2 0.894   

pre3 0.906   

pre4 0.776   

pre5 0.814   

pre6 0.796   

pur1  0.166  

pur2  0.481  

pur3  0.644  

pur4  0.640  

pur5  0.930  

pur6  0.777  

pra1   0.882 

pra2   0.811 
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pra3   0.880 

pra4   0.839 
 

The factor analysis also confirms reliability, discriminant validity, and convergent validity 

for each dimension of the AIA scale. Reliability is defined as the extent to which a measurement 

item is consistent and repeatable. A reliable instrument should yield the same results when 

administered repeatedly (Mark 1996). The most common methods to establish reliability 

include Cronbach’s Alpha and composite reliability (CR). The results for both Cronbach’s Alpha 

and CR are listed in Table 4. Cronbach’s Alpha ranges from 0.813 to 0.924, whereas CR ranges 

from 0.793 to 0.937.  The reliability threshold is 0.70 (Hair et al 2011). Hence, the construct of 

AIA’s reliability is established. 

Table 4. Construct Reliability Analysis (Cronbach’s Alpha and Composite Reliability) for Pilot Study 

 Cronbach's Alpha Composite Reliability 

Presence 0.924 0.937  
Purpose 0.813 0.793  
Practice 0.877 0.915 

 

We then followed the suggestions from Gefen and Straub (2005) to check the factorial 

validity of Presence, Purpose, and Practice, by running analyses on convergent validity and 

discriminant validity. Convergent validity is “the degree to which multiple attempts to measure 

the same concept are in agreement. The idea is that two or more measures of the same thing 

should covary highly if they are valid measures of the concept” (Bagozzi et al. 1991, p.425). 

Within the three dimensions for AIA, we expected that the items for each dimension would 

covary highly, showing that the items are measuring the same dimension. When the value of 

average variances extracted (AVE) is greater than the recommended value of 0.50, convergent 

validity is established (Fornell and Larcker 1981; Hair et al. 2011). However, the original 
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Purpose had an AVE score of 0.425 before we removed the poorly loaded items 1 and 2. Table 5 

shows the AVE values for each of the dimensions in AIA after we dropped the poorly loaded 

items from Purpose. After we removed the poorly loaded items from Purpose, the AVE score for 

Purpose increased to 0.609. Therefore, we are confident that the convergent validity for the 

dimensions of AIA is established. 

Table 5. Construct Convergent Validity (AVE) after dropping the poorly loaded items from purpose 

 Average Variance Extracted (AVE) 

Presence 0.714 

Purpose 0.609 

Practice 0.730 
 

We then moved on to the test of discriminant validity of the measures. Discriminant validity 

is defined as “the degree to which measures of different concepts are distinct. The notion is that 

if two or more concepts are unique, then valid measures of each should not correlate too highly” 

(Bagozzi et al. 1991, p.425).  Although the items are all related to the construct of AIA, they 

capture different dimensions of the construct: Presence, Purpose, and Practice. We expect to see 

that the items capturing one dimension are distinct from the items from a different dimension. 

Discriminant validity is established when the square root of AVE for one dimension is higher 

than its correlation with all other dimensions of AIA (Fornell and Larcker 1981). Table 6 

contains the square root of AVE for each dimension and its correlations with other dimensions. 

The square root of AVE for each dimension is provided in bold. 

Since Presence, Purpose, and Practice are three dimensions contributing to AIA, we expect 

them to covary to some extent because of their relationships with the construct (Polites et al. 

2012). That is why we observe some high correlations among the three dimensions in Table 4. 

The items for Practice and the ones for Presence covary at 0.720. The discriminant validity is 
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established, because each dimension has the highest item loading compared to the other 

dimensions. 

Table 6. Discriminant Validity—Fornell and Larcker Criterion for Pilot Study 

 Presence Purpose Practice 

Presence 0.845   

Purpose 0.631 0.781  

Practice 0.720 0.678 0.854 
 

Structural model analysis 

This is the second step in the analysis of the data from the Pilot Study, containing the 

results of the structural model. Before running the structural model analysis, we wanted to 

establish higher-order construct validity for AIA. We needed to check whether the three 

dimensions of AIA uniquely contribute to the formation of AIA, as we proposed in this essay. 

AIA is a higher-order construct based on three lower-level dimensions: Presence, Purpose 

and Practice. In order to establish higher-order construct validity for a formative construct, we 

check its variance inflation factor (VIF), outer weights, and outer loadings (Petter et al. 2007). 

Multicollinearity is evaluated based on the VIF statistics. Values larger than the recommended 

value indicate potential problems with a Type II error. All VIF values (see Table 7) are less than 

the recommended value of 5 (Ringle et al. 2015). Therefore, multicollinearity does not occur in 

AIA.  

We then check whether the outer weights are significant (Hair et al. 2016). A significance 

level suggests that the dimension is relevant and valid for the higher-level construct (Urbach et 

al. 2010). In this case, if the outer weights are significant, the dimension contributes to the 

measures of AIA in a substantive way. Unfortunately, both Presence and Purpose do not 

contribute significantly to the formation of AIA. When the outer weights are not significant, we 
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move on to check the outer loadings for them. The outer loadings for Presence and Purpose both 

reach the 0.50 threshold (Sarstedt et al. 2019). Hence, we can conclude that AIA has achieved 

higher-order construct validity. 

Table 7. Higher-order construct validity table for Pilot Study 
HOC  LOC  Outer 

Weights  
T Statistics  P Values  Outer 

Loadings  
VIF  

AIA  Presence  -0.215 0.395 0.347 0.627 2.171  
   Purpose  0.256 0.546 0.287 0.761 1.828  
   Practice  0.964 1.884 0.003** 0.976 2.513  
Projection  Affective 

evaluation  
0.730 5.484  0.000**  0.888 1.119  

   Cognitive 
evaluation  

0.486 4.088 0.000**  0.724 1.119  

*p < 0.05 
**p < 0.01 
 

The primary evaluation standards for the structural model are the R-squared and the level 

of significance of the path coefficient (Hair et al. 2011). Figure 4 contains the Pilot Study results 

for the structural models with AIA through Projection then leading to cognitive, affective, and 

behavioral reactions. Although the relationship between AIA and Projection is significant, the 

predictive power of AIA to projection is relatively weak because the R-squared for Projection is 

only at 0.149. Based on marketing research studies, 0.25 for endogenous latent variables in the 

structural model indicates a weak driver and 0.50 indicates a moderate driver (Hair et al. 2011). 

On the other hand, we can see moderate and significant relationships between Projection and 

the three types of reactions. Hence, there is a significant but rather weak positive relationship 

between one’s AIA and one’s Projection. We are confident that with the increase in one’s 

Projection we can see a substantial increase in one’s reactions towards AI-powered smart 

technology uses. 

 

Figure 4. AIA core model with results from Pilot Study 
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Overall, the Pilot Study helps us refine the measures for AIA by removing two poorly loaded 

items from Purpose. The results of the Pilot Study present initial evidence for the scale’s 

reliability as well as its convergent and discriminant validity. We are able to cut down the 

measures for AIA to 6 items in the dimension of presence, to 4 items in purpose, and to 4 items 

in practice. All of the hypotheses are supported by the Pilot Study. Appendix B presents 

additional tables and results from the analyses we have done for the Pilot Study. 

 

Study 1: AIA with Student Participants 

To further evaluate the validity of the AIA scale, Study 1 was designed to assess AIA in home 

scenarios. We asked college students enrolled in undergraduate-level management information 

systems courses to take the survey. We chose college students because this group has 

experienced accelerated technological growth and use of mobile phones (Carter et al. 2020). 

Voice assistants on smartphones have high trial rates within this group. One report shows that 

80.5% of people within the age group 18–29 have used a voice assistant on their smartphones 

(Kinsella 2019). Thirty-two percent of people who are between 18 and 29 say they have a voice-



64 
 

controlled smart speaker in their home (Auxier 2019). Thus, college students are the ideal 

participants with prior experience with AI-powered smart technology use in home scenarios.  

After the students read the consent and agreed to participate in the study, we presented 

them with the scenarios of using AI-powered smart technologies in their house or at their 

friend’s house. Each participant was randomly put into one of the home scenarios. We aimed (1) 

to evaluate and refine the scale’s internal validity and external validity across home contexts; (2) 

to further validate the construct’s discriminant and divergent validities; and (3) to check the 

relationship between latent constructs. Appendix C provides tables and detailed results for 

Study 1. We used SmartPLS3 to perform the same statistical analyses as in Study 1. 

 

Data collection 

During the fall 2021 semester, 1,200 students from a southern public university were 

invited to take the survey as an extra credit opportunity. The survey was available to them for 

one week. Students were provided alternative extra credit opportunities if they preferred not to 

participate in the study. More than 650 students took the survey. After removing those with 

incomplete or invalid answers, we had 531 usable responses. Each student who completed the 

survey successfully was awarded 5 bonus points towards their final grade.  

We conducted preliminary analysis on the data, including extreme value tests, non-

response bias, skewness, and kurtosis (Tabachnick & Fidell 2007). There was no extreme value, 

and the data is within the acceptable range regarding skewness and kurtosis (Byrne 2010; Hair 

et al. 2010). We ran the non-response bias by the comparisons between early responses and late 

responses (see Appendix C10). We then ran the Harman’s single factor analysis to check 

common method bias issue (Podsakoff et al. 2003). The variances explained by the factors are 
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27%.  Therefore, there was no issue with common method bias. We include the pre-test results 

for Study 1 at the end of the Appendix C in Table C9.  

The data from Study 1 included 52.9% men and 46.5% women, 99% of them between the 

ages of 18 and 24. Since they are mostly undergraduate students, only 2.3% have received 

postgraduate degrees. It is not surprising to see that 89.1% of them chose student as their 

occupation. The majority of them are Republican (68.4%), followed by 15.1% as independent 

and 9.4% as Democrat.  

The majority of them (58.8%) have used AI-powered smart technologies for more than 5 

years, with 46.3% of them claiming mainly to use AI-powered smart technologies everywhere in 

the house. There are 24.5% who mainly use AI-powered smart technologies in bedrooms, 

whereas 22.4% use the technologies in living rooms. 

 

Analysis and results 

As in the Pilot Study, we performed two-step analysis using PLS-SEM (Hair et al. 2011). The 

first step was to establish the validity of the measures of AIA through measurement model 

analysis. Then we moved on to the second step of running the structural model for the latent 

constructs. We present the results and the tables for Study 1 in the following sections. 

 

Reflective measurement model analysis 

The table below contains the factor loadings for AIA from Study 1. All factor loadings for 

AIA items are above the recommended value of 0.50 (Hair et al. 2016) after we delete items 

from Presence (pre 1.6) and Purpose (pur 1.4) for future analysis. Hence, we refine AIA to a 12-

item measure. 
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Table 8. Factor Loadings for AIA in Study 1 

 Presence Purpose Practice 

pre1 0.706   

pre2 0.755   

pre3 0.768   

pre4 0.732   

pre5 0.746   

pur1  0.780  

pur2  0.828  

pur3  0.802  

pra1   0.816 

pra2   0.804 

pra3   0.877 

pra4   0.811 
 

The results for both Cronbach’s Alpha and composite reliability were checked. The 

reliability threshold is 0.70 (Hair et al 2011). The Cronbach’s Alpha ranges from 0.725 to 0.905, 

whereas the composite reliability ranges from 0.845 to 0.926.  Hence, construct reliability for 

AIA is established. We include the tables of all the constructs’ reliability and CR in Appendix C4. 

When the value of AVE is greater than the recommended value of 0.50, convergent validity is 

established (Fornell and Larcker 1981). The only AVE that is below the suggested threshold is 

from Behavioral Reaction, which is 0.413. However, convergent validity is established for AIA 

and Projection. We include the table for convergent validity for all the constructs from Study 1 in 

the Appendix C5. 

An important part in the measurement model is discriminant validity. Table 9 contains the 

square root of AVE for the constructs and its correlations with other constructs. The square 

roots of AVE for the constructs are given in bold. Discriminant validity is established because 

each dimension has the highest item loading compared to other dimensions (Hair et al. 2011). 
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Table 9. Discriminant Validity—Fornell and Larcker Criterion for Study 1 

 Presence Purpose Practice 
Cognitive 
evaluation 

Affective 
evaluation 

Presence 0.742     

Purpose 0.498 0.804    

Practice 0.423 0.329 0.828   

Cognitive evaluation -0.254 -0.106 -0.126 0.866  

Affective evaluation 0.131 0.149 0.368 -0.029 0.822 
 

Structural model analysis  

AIA is a higher-order construct based on three lower-level constructs: Presence, Purpose 

and Practice. In order to establish higher-order construct validity, VIF values were first checked, 

and they are below the recommended value of 5 (Hair et al. 2016). There is no issue of 

multicollinearity. We then check whether the outer weights are significant (Hair et al. 2016). A 

significance level suggests that the dimension is relevant and valid for AIA (Urbach et al. 2010). 

However, the outer weight for Purpose is not significant (See table 10). Therefore, we check its 

outer loadings. However, the outer loading is only 0.322 and does not reach the 0.50 threshold 

for the lower-order constructs, either (Sarstedt et al. 2019).  

As a formative construct, we expect that each dimension of AIA will contribute uniquely to 

AIA. Low outer loadings suggest that Purpose does not contribute as substantively as the other 

two dimensions in AIA. According to the literature, formative indicators compete with one 

another to explain a higher-level construct (Cenfetelli and Bassellier 2009). Therefore, it is not 

unusual to see non-significant indicators in the formative construct. Since Purpose is an 

important dimension in AIA, helping us to capture people’s understanding of AI-powered smart 

technology uses in a situation, we decide to keep Purpose because we do not want to omit this 

unique part of AIA or change the meaning of AIA. Purpose helps us to maintain the content 
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validity of AIA. In order to avoid errors of omission, we keep Presence, since there is no problem 

of multicollinearity (Diamantopoulos 2011; MacKenzie et al. 2005) 

Table 10. Higher-Order Construct Validity for Study 1 

HOC LOC Outer 
Weights 

T 
Statistics 

P Values Outer 
Loadings 

VIF 

AIA Presence -0.424 2.269 0.012* 0.122 1.480 
 Purpose 0.182 1.143 0.127 0.322 1.361 
 Practice 1.056 17.933 0.000** 0.940 1.246 
Projection Affective 

evaluation 
0.952 30.231 0.000** 0.942 1.001 

 Cognitive 
evaluation 

-0.336 4.421 0.000** -0.309 1.001 

*p < 0.05 
**p < 0.01 
 

In the SEM, we find that AIA has no significant impact on Projection (shown in Figure 5). 

Therefore, the data suggest that people who have higher AIA are not likely to engage in either 

cognitive evaluations or affective evaluations. Then, as they engage in Projection, they are more 

likely to have significantly more numerous predicted cognitive, affective, and behavioral 

reactions towards AI-powered smart technology uses in home scenarios. 

Figure 5. AIA core model with results from Study 1 
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Study 1 helps us to further refine the measures for AIA by removing two more poorly loaded 

items, one from Presence and one from Purpose. Now, we finalize the measures for AIA with 12 

items, with 5 in Presence, 3 in Purpose, and 4 in Practice. We have mixed findings for the AIA 

model. Although the data supports our hypotheses on the relationships between Projection and 

the three types of reactions, the relationship between AIA and Projection is found to be non-

significant in the home scenarios. The relationship between Projection and Cognitive Reactions 

is the strongest, with R-squared of 0.304. On the other hand, the relationship between 

Projection and Behavioral Reaction is the weakest. This indicates that the AIA model does not 

predict people’s behavioral reactions well in the home scenarios. Appendix C presents additional 

tables and results from Study 1. 

 

Study 2: AIA at Home and at Work 

In Study 2, we recruited over 300 participants from Prolific. This website is known for its 

high-quality participant pool and fast and reliable responses (Peer et al. 2017; Palan and Schitter 

2017). In order to find participants intended for the second study, we used the Prolific screeners 

to find a representative sample, whereas we did not use any screener in MTurk for the Pilot 

Study. In Study 2, with the help of the Prolific screeners and our filter question, we were able to 

choose participants who (1) speak English, (2) are going to the office physically even during the 

COVID pandemic, and (3) have used AI-powered smart technologies before. It was important 

for us to have participants who actually go to their offices physically because we have designed 

scenarios containing AI-powered smart technology uses at the workplace. We aimed (1) to 

investigate the relationships between AIA, projection, and the three types of reactions in 
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different situations; (2) to examine whether people’s AIA levels change across different 

situations. 

 

Data collection 

We recruited a total of over 300 people from the Prolific website on two separate dates, 

December 2nd and December 10th, 2021. We cannot record a fully accurate number of 

participants because we removed responses under 6 minutes and responses with invalid codes 

during the data collection. By removing these invalid responses, Prolific allowed more 

participants to come in and take the available spots. In this round of the study, we presented 

each participant with one of the four treatments we designed: one’s own home, a friend’s home, 

one’s own office, or one’s client’s office. In other words, each participant had a 25% chance of 

being given the scenario of one’s own home, a friend’s home, one’s own office, or one’s client’s 

office.  

After removing the incomplete or invalid responses, we had 269 usable responses. We 

conducted preliminary analysis on the data for Study 2, including extreme value tests, skewness, 

and kurtosis (Tabachnick & Fidell 2007). There was no extreme value, and the data is within the 

acceptable range regarding skewness and kurtosis (Byrne 2010; Hair et al. 2010). We did not 

run non-response bias tests because both of the data collections were completed within 20 

minutes. We ran the Harman’s single factor analysis to check common method bias issue 

(Podsakoff et al. 2003). The variances explained by the factors are 35%.  Therefore, there was no 

issue with common method bias. We include the pre-test results at the end of Appendix D.  

The participants for Study 2 consisted of 53.2% men and 45% women, 90% of them 

between the ages of 18 and 34. About 60% have received an associate’s degree or higher, and 
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another 22.3% have received some college education but no degree. Among the participants, 

56% of them report their occupational field as either service, sales, or management 

professionals. The majority are either Democrat (34.6%) or something else (34.6%), following 

by 22.7% as independent and 8.2% as Republican. We also asked participants whether they were 

living with children. One hundred ninety-eight (73.3%) of the participants live with no children.  

We also had some questions regarding participants’ usage of AI-powered smart 

technologies. The majority (59.5%) have used AI-powered smart technologies for more than 3 

years, with 43.9% claiming to use AI-powered smart technologies mainly in the living room. 

There are 27.5% using AI-powered smart technologies mainly in the bedroom, whereas 23% of 

them use the technologies everywhere in the house.  

Table 11. Results for AI-powered smart technologies identified by home scenario participants 

 

Table 12. Results for AI-powered smart technologies identified by office scenario participants 
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Among the 269 usable responses, 134 participants were given the work scenarios, whereas 

135 participants were given the home scenarios. We asked participants to identify AI-powered 

smart technologies that they had used before. The top three most-identified AI-powered smart 

technologies in the home scenario were smartphones, smart TVs, then smart speakers and 

wearable technologies (shown in Table 11). The top three most-identified AI-powered smart 

technologies in the office scenario were smart thermostats, devices with tracking features, and 

voice control (shown in Table 12). 

 

Analysis and results 

We had viewed AIA as an aggregate second-order construct in the Pilot Study and Study 1. 

However, we made some changes in the analysis of AIA in this study. In Study 2, we ran the 

lower level of AIA as formative instead of reflective. This is the only change from the previous 

studies. We then moved to a higher order of the constructs as formative and then tested the 

models. We include the cross-loading table for Study 2 in the Appendix D Table D2, since 

Cognitive Evaluation, Affective Evaluation, Cognitive Reaction, Affective Reaction, and 

Behavioral Reaction use reflective indicators. 
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Formative measurement model and analysis 

We mapped AIA as a first level formative and second level formative aggregate construct. 

The items for each dimension of AIA were treated as reflective indicators in the Pilot Study and 

Study 1. However, after close examination, we believe that the items for each dimension of AIA 

are not interchangeable. Interchangeability is an important quality for reflective indicators 

(Petter et al. 2007). However, the items for each dimension are not redundant and capture 

different aspects of the dimension. For example, the items for Purpose capture different 

functions of AI-powered smart technologies. One of the items focuses on the predictive features 

of AI-powered smart technology, whereas another item focuses on the recommending feature.  

Furthermore, reflective indicators do not cause the changes in the latent variable. They 

reflect the changes in the latent variable. However, the changes and the values of formative 

indicators determine the changes and the values of the latent variable (Diamantopoupos et al. 

2008). We believe the items developed to capture Presence, Purpose, and Practice are formative 

indicators because they cause changes in each of the AIA dimensions. Therefore, we treat AIA as 

a first-level formative and second-level formative construct. We used SmartPLS3 as the 

statistical tool in Study 2, due to its ability to run both reflective and formative measurement 

models (Hair et al. 2011).  

We needed to focus on different aspects of the analysis in order to evaluate formative 

measurement models. We first assessed the level of collinearity in the formative measurement 

model. The cut-off value for multicollinearity is 5 (Hair et al. 2011; Ringle et al. 2015). Table 13 

presents the VIF values for the indicators of each dimension of AIA and reveals that each 

indicator is below the recommended threshold. There is no multicollinearity issue. 
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Table 13. Multicollinearity statistics (VIF) for formative indicators in Study 2 

 VIF 

Pre1 1.711 

Pre2 1.672 

Pre3 1.309 

Pre4 1.424 

pur1 1.124 

pur2 1.304 

pur3 1.329 

pra1 2.006 

pra2 1.787 

pra3 2.354 
 

After assessing the level of collinearity, we analyzed the significance of outer weights then 

interpreted the indicators’ absolute and relative contributions to each dimension of AIA (Hair et 

al. 2011). Table 14 contains the outer weights for each indicator of the three dimensions of AIA. 

The only significant outer weights are one item from Presence, one item from Purpose, and one 

item from Practice. The rest of the indicators are not significant. When the outer weight is not 

significant, we analyze and check the indicator’s outer loadings (Urbach et al. 2010). Therefore, 

we moved on to check the outer loadings of the indicators for each dimension of AIA. 

Table 14. Outer weights for indicators in Study 2 

 Original Sample P Values 

Pre1 -> Presence 0.275 0.187 

Pre2 -> Presence 0.169 0.306 

Pre3 -> Presence 0.814 0.000** 

Pre4 -> Presence 0.033 0.451 

pur1 -> Purpose -0.435 0.203 

pur2 -> Purpose 0.147 0.339 

pur3 -> Purpose 0.972 0.007** 

pra1 -> Practice 0.088 0.318 

pra2 -> Practice 0.656 0.000** 

pra3 -> Practice 0.237 0.115 
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pra4 -> Practice 0.189 0.093 
* p < 0.05 
** p < 0.01 
 

Table 15 contains the outer loadings for the indicators. We keep an indicator as long as its 

outer loading is greater than 0.50 (Hair et al. 2011). Only one indicator (pur1) from Purpose had 

outer loadings less than the desirable 0.50 threshold and was not significant. As stated earlier, 

formative indicators compete with one another to explain the higher-level construct (Cenfetelli 

and Bassellier 2009). Therefore, it is not unusual to see non-significant indicators in the 

formative construct. We see that pur1 covers a different aspect regarding people’s understanding 

of the functions of AI-powered smart technologies. It is different from pur2 and pur3. Hence, we 

have decided to keep pur1 because we do not want to omit this unique part of Purpose or change 

the meaning of Purpose. In order to avoid errors of omission, we keep pur1 since there is no 

problem with multicollinearity (Diamantopoulos 2011; MacKenzie et al. 2005). 

Table 15. Outer loadings for indicators in Study 2 
 Original Sample P Values 

Pre1 -> Presence 0.547 0.004** 

Pre2 -> Presence 0.515 0.011* 

Pre3 -> Presence 0.917 0.000** 

Pre4 -> Presence 0.508 0.007** 

pur1 -> Purpose -0.106 0.401 

pur2 -> Purpose 0.480 0.045* 

pur3 -> Purpose 0.909 0.002** 

pra1 -> Practice 0.694 0.000** 

pra2 -> Practice 0.943 0.000** 

pra3 -> Practice 0.813 0.000** 

pra4 -> Practice 0.676 0.000** 
* p < 0.05 
** p < 0.01 
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Structural model analysis 

AIA is a higher-order construct based on three lower-level constructs: Presence, Purpose, 

and Practice. In order to establish higher-order construct validity, we first checked VIF for 

multicollinearity issues (shown in Table 16). Then we examined whether the outer weights were 

significant or not (Hair et al. 2011). Only Presence did not reach the 0.50 threshold for the lower 

order constructs (Sarstedt et al. 2019). When the outer weights were not significant, we checked 

the outer loadings for Presence. Although the outer loading for Presence is less than 0.50, we 

still accept it because it is significant (Hair et al. 2016). 

Table 16. Higher-Order Construct Validity in Study 2 

HOC LOC Outer 
Weights 

T 
Statistics 

P Values Outer 
Loadings 

VIF 

AIA Presence 0.139 1.146 0.126 0.466 1.146 
 Purpose 0.331 2.654 0.004** 0.506 1.042 
 Practice 0.821 8.639 0.000** 0.934 1.179 
Projection Cognitive 

evaluation 
0.219 2.499 0.006** 0.254 1.001 

 Affective 
evaluation 

0.968 31.961 0.000** 0.976 1.001 

* p < 0.05 
** p < 0.01 

 

Figure 6 shows the results for the structural model in Study 2. There is a weak but 

significant relationship between AIA and Projection. We can also see significant impact on the 

three types of reactions from Projection. Hence, our hypotheses are supported by the data from 

Study 2. Since the R-squares range from 0.194 to 0.248, the explanatory power of the structural 

model is weak (Hair et al. 2011) 

Figure 6. AIA core model with results from Study 2 
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We also find the total mediating effects of Projection between AIA and the three types of 

reactions, with p-values less than 0.01 (see Table 17). Therefore, Projection acts as a complete 

mediator between people’s AIA and their reactions towards the incidents caused by AI-powered 

smart technologies.  

Table 17. Mediating effects in Study 2 

 
Original 
Sample 

Sample 
Mean 

Standard 
Deviation 

T 
Statistics P Values 

AIA -> Projection -> 
Cognitive Reaction 0.234 0.238 0.004 5.715 0.000** 
AIA -> Projection -> 
Affective Reaction 0.232 0.236 0.037 6.042 0.000** 
AIA -> Projection -> 
Behavioral Reaction 0.207 0.209 0.034 5.996 0.000** 

* p < 0.05 
** p < 0.01 
 

Post-hoc analysis 

We presented two scenarios in the survey: home and office. In each scenario, we provided 

participants with treatment of AI-powered smart technologies in either familiar or unfamiliar 

situations. Therefore, we had a total of four treatment groups. Each participant only received 
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one treatment. In order to examine the differences among treatment groups, we ran the 

multivariate tests.  We used IBM SPSS version 25 to perform the MANOVA and other tests in 

the post-hoc analysis. Table 18 contains the multivariate test results for the treatment groups. 

There is a statistically significant difference in AIA and related measures based on the treatment 

groups, F (24, 748.880) = 1.582, p < 0.05; Wilk's Λ = 0.866, partial η squared = 0.047. 

Table 18. Multivariate tests for treatment groups in Study 2 

Effect Value F 
Hypothesis 

df Error df Sig. 
Partial Eta 

Squared 
Intercept Pillai's Trace 0.989 2986.796 8.000 258.000 0.000** 0.989 

Wilks' Lambda 0.011 2986.796 8.000 258.000 0.000** 0.989 
Hotelling's Trace 92.614 2986.796 8.000 258.000 0.000** 0.989 
Roy's Largest 
Root 

92.614 2986.796 8.000 258.000 0.000** 0.989 

Group Pillai's Trace 0.139 1.584 24.000 780.000 0.038* 0.046 
Wilks' Lambda 0.866 1.582 24.000 748.880 0.038* 0.047 
Hotelling's Trace 0.148 1.580 24.000 770.000 0.039* 0.047 
Roy's Largest 
Root 

0.079 2.574 8.000 260.000 0.010* 0.073 

* p < 0.05 
** p < 0.01 
 

We then performed a one-way ANOVA and Tukey’s HSD post-hoc tests to see how 

treatment groups differ from each other. Table 19 contains the one-way ANOVA table, and Table 

20 is the multiple comparisons table from the Tukey’s tests. Based on the results of the ANOVA 

tests (Table 19), there is a statistically significant difference in AIA, purpose of AIA, and practice 

of AIA among different treatment groups.  

The Tukey’s test (see Table 19) allows us to further examine which treatment groups have 

significant differences regarding AIA and its dimensions. A significant difference between 

groups is detected in AIA, Purpose, and Practice. This indicates that people do see the functions 

and the practices of AI-powered smart technologies differently in different situations. As a 
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result, their AIA changes according to the situation. There are no significant differences in 

Presence between different treatment groups. This suggests that people’s perception of the 

Presence of AI-powered smart technologies does not change with the situation or context. In 

other words, people do not view the Presence of AI-powered smart technologies differently 

when they are home and when they are at the office. 

Table 19. One-way ANOVA for AIA and its dimensions 

 Sum of Squares df Mean Square F Sig. 
AIA Between Groups 778.096 3 259.365 5.701 0.001** 

Within Groups 12056.945 265 45.498   
Total 12835.041 268    

Presence Between Groups 63.416 3 21.139 2.200 0.088 
Within Groups 2545.751 265 9.607   
Total 2609.167 268    

Purpose Between Groups 52.710 3 17.570 3.632 0.013* 
Within Groups 1282.041 265 4.838   
Total 1334.751 268    

Practice Between Groups 185.969 3 61.990 5.013 0.002** 
Within Groups 3276.708 265 12.365   
Total 3462.677 268    

* p < 0.05 
** p < 0.01 
 

The multiple comparisons table (Table 20) shows that one’s AIA is significantly different 

when participants are in the home familiar situation and office familiar situation (p = 0.006). 

There is also a significant difference between participants in the familiar home situation and the 

unfamiliar office situation (p = 0.001). In Appendix D, we include the full comparisons table, 

with AIA and its dimensions as the dependent variables. 

Table 20. Multiple comparisons table for AIA in study 2 

Dependent Variable (I) Group (J) Group 
Mean 

Difference (I-J) Std. Error Sig. 
AIA HomeFamiliar HomeUnfamiliar 2.80180 1.16110 0.077 

OfficeFamiliar 3.83824 1.15679 0.006** 
OfficeUnfamiliar 4.41578 1.16553 0.001** 



80 
 

HomeUnfamiliar HomeFamiliar -2.80180 1.16110 0.077 
OfficeFamiliar 1.03644 1.16110 0.809 
OfficeUnfamiliar 1.61398 1.16980 0.513 

OfficeFamiliar HomeFamiliar -3.83824 1.15679 0.006** 
HomeUnfamiliar -1.03644 1.16110 0.809 
OfficeUnfamiliar .57754 1.16553 0.960 

OfficeUnfamiliar HomeFamiliar -4.41578 1.16553 0.001** 
HomeUnfamiliar -1.61398 1.16980 0.513 
OfficeFamiliar -.57754 1.16553 0.960 

* p < 0.05 
** p < 0.01 

 

Comparison between treatment groups 

In this part, we discuss and compare the results for the structural models with four 

treatment groups. First, we compare the model results for when people are in their own home 

and in a friend’s home (see Figure 7). We then compare the model results for when people are at 

their own office and at their client’s office (see Figure 8). Lastly, we compare the model results 

based on whether the situations are familiar to them or not familiar to them. The familiar 

situations include people in their own home and in their own office (see Figure 9), and the 

unfamiliar situations include people at a friend’s home and at a client’s office (see Figure 10). 

 

Figure 7. AIA core models with home situations comparison from Study 2 
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Figure 7 shows the comparison of the model results for people’s AIA, Projection, and 

reactions when they are assigned to the home scenarios in Study 2. The R-squares indicate how 

much variance the relationship explains. AIA is able to explain more variances in one’s 

Projection when he or she is at a friend’s house (R-square = 33%). This indicates that people 

engage in more cognitive evaluations or affective evaluations regarding AI-powered smart 

technologies when they are at a friend’s home. The reactions contain a list of people’s thoughts, 

feelings, and actions towards AI-powered smart technologies after the incident. People have 

similar emotional and behavioral reactions to the incident in both home scenarios. However, 

there is a large difference in their cognitive reactions. When people are in their own home, they 

are more likely to think AI-powered smart technologies are wonderful and useful despite the 

incident, compared to when they are at a friend’s house. 

 

Figure 8. AIA core models with office situations comparison from Study 2 

 

Figure 8 presents the comparison of the model results when participants are assigned to the 

office scenarios in Study 2. The Projection is higher in the unfamiliar office situation. This 
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indicates that people engage in more cognitive or affective evaluations regarding AI-powered 

smart technologies when they are in someone else’s office. They have fewer concerns about the 

AI-powered smart technology uses in their client’s office, or they feel more energized or 

enthusiastic about using those technologies in their client’s office after the incident. It is clear 

that more variances in people’s reactions are explained when they are in their own office. They 

think AI-powered smart technologies are wonderful; they feel those technologies are joyful; and 

they spend more time exploring those technologies after the incident when they are in their own 

office. They probably do not care as much about the incident in their client’s office because they 

do not own or use those technologies. 

 

Figure 9. AIA core models with familiar situations comparison from Study 2 

 

Figure 9 presents the comparison of the model results when people are in familiar 

situations, such as their home or their office. AIA is able to explain similar amounts of variation 

in Projection in both familiar situations (29% and 28%). However, when people are in their 

homes, they tend to have fewer reactions explained by the model, with R-squares for cognitive 
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reactions at 15%, for affective reactions at 10%, and for behavioral reactions at 15%. On the other 

hand, the R-squares for the three types of reactions in their office are 39%, 36%, and 26%. We 

believe that when people decide to adopt or use AI-powered smart technologies at home, they 

already have made some evaluations on their own. Since they have installed the technologies 

and have them at their home, they would use them despite the incident. Therefore, they tend to 

do less thinking or feel much more neutral about the incidents. These people probably fall into 

routinized uses without being explicitly aware of it. 

Figure 10. AIA core models with unfamiliar situations comparison from Study 2 

 

Figure 10 presents the comparison of the model results when people are in unfamiliar 

situations, such as at a friend’s house or in their client’s office. AIA can explain a similar amount 

of variance in Projection in both unfamiliar situations (33% and 35%). However, when people 

are at a friend’s house, they tend to have significantly fewer reactions explained by the model, 

with R-squares for cognitive reactions at 2% and affective reactions at 8%. On the other hand, 

the R-squares for the first two types of reactions in their client’s office are 15% and 26%. 
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Discussion 

In this essay, we have developed a scale to capture AIA and tested the core of the AIA model 

in different situations. We have conducted a Pilot Study, Study 1 with only home scenarios, and 

Study 2 with all four treatments from home scenarios and office scenarios. Each study 

contributes uniquely to help us to understand the dimensions of AIA and its associations with 

other constructs. We used the Pilot Study to develop and purify the scale and check the realness 

of the scenarios. With the data from Study 1, we were able to further refine the scale and focus 

on the AIA core model in the home scenarios. Finally, we ran all four treatment situations, 

including two home scenarios and two office scenarios, in Study 2. We ran AIA as a reflective-

formative construct in the Pilot Study and Study 1 and as a formative-formative construct in 

Study 2, which reveals the nature of the construct. All data supports that AIA is an aggregate 

second-order construct, with each dimension vigorously contributing to its formation. 

Study 2 demonstrates that people’s AIA does vary across different situations. One’s AIA is 

significantly different when one’s own house compared to when in the office. This confirms that 

awareness is a dynamic variable and changes with the situation (Sim et al. 2012). The data 

suggests that there is a positive correlation between one’s AIA and projection. People are more 

likely to experience projection as their AIA increases. This is consistent with SA, as projection 

builds on people’s perceptions and understanding of the elements in the environment (Endsley 

1995). The results also indicate that projection is a full mediator between one’s AIA and one’s 

reactions towards AI-powered smart technologies.   

We find that all the hypotheses are supported in almost all situations. The only exception is 

the insignificant relationship between AIA and projection in Study 1. There is still a positive 

relationship found between the two constructs, but the strength of the relationship is not 
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significant. We believe this may be a result of convenience sampling. The target population is 

people who have prior experience with AI-powered smart technologies. However, the sample 

from Study 1 is almost entirely students (99%). This group has higher homogeneity than we 

want in our intended target population.  Hence, the homogeneity of the sample might cause the 

inconsistency in the relationships between AIA and projections compared to other studies. 

 

Implications for Research 

The studies offer both theoretical and empirical contributions. As for the theoretical 

contributions, the studies have confirmed the existence of AIA, which we have developed based 

on SA theory (Endsley 1995). The results support that people’s AIA changes with situations, as 

SA indicates.  

With the rapid technological changes and large scale of technology-imposed changes to 

organizations and society, researchers need new constructs to address these phenomena 

(Compeau, Correia and Thatcher 2022). It is beneficial to have a new construct to help us 

understand how people use or engage with AI-powered smart technologies. AIA allows 

researchers to reflect on how people perceive the presence, purpose, and practices of AI-

powered smart technologies, affecting their actual technology uses or related decisions in 

different situations. The data contribute to a clearer understanding of awareness in the context 

of AI. Therefore, AIA provides us an alternative way to study AI usage.   

We are able to extend SA beyond the work environment and apply it to a broader 

population. Typically, SA is used to improve employee performance and reduce human errors in 

organizational settings (Endsley 1995). In our studies, people use AI-powered smart 

technologies at different places. They might use AI-powered smart technologies to fulfill their 
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job requirements; they might use them for leisure. Therefore, we are able to show how AIA, a 

specialized form of SA, directs people’s reactions to AI-powered smart technologies inside and 

outside work. In SA, people expect to perform very well, and they are either already experts or in 

the process of becoming experts. However, our intended target population can be anyone who 

uses AI-powered smart technologies. Hence, we believe the generalizability of the concept of 

AIA is broader.  

We also find some interesting results regarding the different situations of AI-powered smart 

technology uses. First, there is no difference regarding people’s perceptions of the presence of 

AI-powered smart technologies across all situations. In other words, people view the existence of 

the AI-powered smart technologies the same way no matter if they are at home or they are at 

work. There are two possible explanations for this. One is that as one’s work life and personal 

life are increasingly overlapping (Porters 2014), the boundaries between personal domain and 

work domain become blurred. There is an increasingly cross-domain adaptation (Burleson et al. 

2021). Another explanation is that the ubiquity of AI, cloud computing (August et al. 2014), and 

mobile devices (Goggin 2012) provides people the freedom to use technologies wherever they 

want (Burleson et al. 2021).  

The second finding that captures our attention is that people tend to have the largest 

number of predicted reactions to the incident in their office. They are more likely to ignore the 

incident, they still feel positively toward the technology after the incident, they spend more time 

exploring AI-powered smart technologies, and they are less likely to unplug the technologies 

after the incident. This is reasonable, because most people do not have a choice in what AI-

powered smart technologies are installed in their offices. Therefore, they do not have much 

choice but to continue using them after the incident.  
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Another interesting finding is that fewer variations in people’s reactions are explained in 

unfamiliar scenarios such as in someone else’s home or a client’s office (see Figure 9). We notice 

that people have less control in both situations. Psychological ownership provides a good 

explanation for this finding. As people develop feelings of ownership towards an artifact, there 

are potentially strong psychological and behavioral effects associated with those feelings. People 

try to control the artifact, become intimate with it, and use it (Pierce et al. 2003). In the 

situations where individuals are in someone else’s home or their client’s office, they do not own 

the AI-powered smart technologies or do not have the right to control them. Hence, they have 

fewer thoughts, feelings, and behavioral reactions towards those technologies. 

Lastly, we are able to demonstrate the reliability of the measures and the robustness of the 

model by testing them in three separate studies. In the Pilot Study, we recruited participants 

from MTurk. In Study 1, we used student samples from a southern university. In Study 2, we 

recruited participants from Prolific. Collecting the data of participants from a variety of sources, 

we are able to show that AIA exists among them, and the relationships in the AIA model are 

significant in almost all cases. Therefore, we are confident that the results of the studies can be 

applied to other populations as well. 

 

Implications for Practice 

This essay also offers some empirical contributions. Since organizations and companies 

invest a great deal in AI and AI-powered technologies, it is in their best interest that their 

employees make full use of those technologies. Many companies do not have the in-house skill 

sets or knowledge to leverage the capabilities of AI (Roe 2020). 
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In order to use these technologies to the fullest and avoid negative outcomes, employees 

need to know their functions and proper practices. There are possible negative outcomes 

associated with AI and its uses. For instance, AI and AI-powered smart technologies depend on 

the data collected to train the model and make predictions. Employees need to understand that 

AI only interprets the data that people feed it. In other words, the model can be only as good or 

as poor as the underlying data. AI cannot account for constant change or make adaptations (Roe 

2020). Hence, employees cannot blindly rely on AI models. Companies should delineate 

appropriate and inappropriate practices with AI so that employees can watch out for algorithm 

bias. Helping employees understand the purposes and the proper practices of AI-powered smart 

technologies can improve their AIA and thereby avoid potential negative consequences from AI 

uses.  

Because there is a significant difference between people’s AIA at home and at work, it is 

very likely that people’s AIA also changes with different settings in the office, such as closed 

office spaces and open public areas. Organizations need to take the situational factor into 

consideration when deciding where to install AI-powered smart technologies. They need to 

maximize the usages and the benefits of those technologies.  

As AI-powered smart technologies become increasing important in organizations, some 

jobs require employees to work in an environment with many AI-powered smart technologies. 

The measures of AIA provide organizations an opportunity to put employees with higher-level 

AIA in AI-savvy environments. Moreover, organizations can use AIA and its measures to 

understand their employees and those employees’ awareness regarding AI-powered smart 

technologies. They will thus have knowledge of their employees’ perceptions and 

understandings of those technologies in different environments.  
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AIA also provides a possible solution for addressing the problem of decreased technology 

use over time. Evidence shows that the longer people own smart speakers, the less often they use 

them (Lopatovska et al. 2019). Therefore, it is beneficial to make occasional efforts to raise 

employees’ AIA so that they stay alert to AI-powered smart technologies and continue using 

them actively. Organizations can increase their employees’ AIA towards the target AI-powered 

smart technologies by either providing them some stimulus or creating the right environment. 

In this way, organizations can create more value and benefits by implementing meaningful 

interactions with those technologies. 

 

Limitations 

Like any research study, this one is not immune to limitations. The first limitation comes 

from the design of the studies. We used factorial survey design and asked participants their 

opinions regarding AI-powered smart technology uses in different situations. Instead of 

capturing people’s actual thoughts, emotions, or behaviors, we only recorded people’s reports of 

their reactions towards AI-powered smart technology uses. It would be ideal if we could set up 

experiments and record people’s movements and reactions in a controlled environment, as an 

experimental design would help us to produce a verifiable conclusion about the relationship 

between input and output. However, there may be multiple factors that impact one’s decisions 

in real life, and even experiments would not capture that (Taylor 2006). With the help of 

factorial survey design, we are able to use several real-life vignettes to gather people’s possible 

reactions in four situations: familiar home, unfamiliar home, familiar office, and unfamiliar 

office. Despite the fact that we could not record participants’ real thoughts, emotions, or 

behaviors in the study in a controlled environment, the use of factorial design adds validity and 
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robustness to our studies by allowing us to include real-life events in different situations in the 

studies (Taylor 2006). 

The next limitation regards the list of people’s reactions in the study. We decided on three 

types of reactions that are general and nonspecific. However, there are many other possible 

reactions that can be found and explained in combination with another theory or model. For 

instance, after people experience the incident of their virtual assistant suddenly responding to 

their phone conversation, they might consider talking less about themselves in front of virtual 

assistants because they want to protect their identity (Shoemaker 2010). We believe that 

researchers can use the general reactions as a starting point and add specific reactions based on 

what their chosen theories or models have suggested. Another possible way to expand the list of 

reactions is to allow participants to identify some reactions on their own, because they are the 

ones who actually use those AI-powered smart technologies and react to the incidents. We can 

then include more reactions in the next round of data collection.  

The last limitation is the generalizability of the results of the study. Since we studied 

people’s awareness in use contexts, we sampled a group of people who had prior experiences 

with AI-powered smart technology uses. Therefore, the conclusions we draw from our studies 

may not apply to populations with no experience with AI-powered smart technologies. However, 

we see this as a potential topic for our future studies on AIA. It would be interesting to 

investigate how people develop AIA or how their AIA changes as they adopt certain AI-powered 

smart technologies. There is a great deal of rapid growth in AI and related technologies. We are 

confident that we will have numerous opportunities to investigate AIA in different populations 

and apply the concept of AIA to a range of areas. 
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Future Directions 

As for future studies, we need to first investigate the role of psychological ownership and its 

impacts on one’s AIA. The results of the data show that one’s AIA is significantly different in 

their own home compared to in the office scenarios. What is more, people’s reactions towards 

AI-powered smart technologies are very different when they are in a familiar situation compared 

to an unfamiliar situation, such as a friend’s house or a client’s office. We believe that 

psychological ownership can provide us some insight into how owning that technology affects 

one’s AIA. 

Another interesting future direction is to examine how AIA affects people’s reactions 

towards another individual using their AI-powered smart technologies. AI depends on data 

training. When one uses AI-powered smart technology, such as a smart TV, that technology 

relies on his or her watch lists or watching habits to generate a watch-later list or make 

recommendations. The information is intended to be accurate based on the data feed from that 

particular individual. It would be interesting to consider the relationship between one’s AIA and 

their level of comfort with other people using their AI-powered smart technologies, knowing 

that this will ruin their perfectly trained algorithm.  

The third possible future direction is to expand the investigation of use situations to more 

places, such as public libraries, train stations, or shops where people have used AI robots or AI-

powered technologies to provide information, monitor traffic, or assist them.  As we are now 

building smart cities, there will be an extensive usage of AI-powered smart technologies. How 

we perceive the existence of AI in public places and how we view the interactions we have with it 

there are possible topics that we can investigate with the help of AIA.   
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The last future direction we wish to mention here relates to the domains of technology uses. 

A recent study (Burleson et al. 2021) states that there is an increase in cross-domain adaptation. 

People are starting to use technologies in their personal domain at workplaces. As we ask 

participants to choose what AI-powered smart technologies they use at home or at work, we can 

see that people use smartphones, smart TVs, smart speakers, and wearable technologies most 

often at home, while people find smart thermostats, tracking devices, and voice control the most 

used at workplaces. It would be interesting to study how people’s AIA impacts their cross-

domain adaptation, such as for a technology first used at home then introduced to work, or vice 

versa. Does high-level AIA aid in this process, or does it impede the cross-adaptation? How does 

one’s AIA change in this process? There are a number of questions that we can explore in this 

cross-adaptation context. 
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APPENDIX A 

Table A1: Comparisons between SA and AIA 

 Situation Awareness AI Awareness 

Definition Refers to the perception of 

the elements in the 

environment within a volume 

of time and space, the 

comprehension of their 

meaning, and the projection 

of their status in the near 

future 

Is the extent to which a 

person perceives the 

presence, the purposes, and 

the practices of AI-powered 

smart technology in given 

contexts. 

Purpose Focuses on building 

awareness and on how 

awareness influences people’s 

reading of the stimuli from 

the environment.  

Studies how people’s 

awareness of AI-powered 

smart technology changes or 

is maintained in a situation.  

 Is useful for enhancing a 

person’s ability to pay 

attention to essential 

information cues in the 

environment. 

Sheds light on why people 

have different levels of 

awareness of the presence of 

AI-powered smart technology 

in different given contexts. 

 Is mainly for organizational 

use. 

Focuses on the personal use 

of technology. 

Component There are three hierarchical 

levels of domain knowledge: 

There are three dimensions 

of knowledge (non-

hierarchical): 

  

 Level 1 consists of perceiving 

the relevant elements of the 

environment.  

Dimension 1 is one’s basic 

perceptions of AI-powered 

smart technology in a 

situation. 

 Level 2 consists of 

interpreting and combining 

the information from Level 1 

with existing knowledge so 

that people can gain a 

Dimension 2 is the purposes 

of AI-powered smart 

technology in a situation. 
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coherent and comprehensive 

view of the situation.  

  

 Level 3 is one’s projection of 

what the environment will 

look like based on the 

information from the 

previous two levels. 

Dimension 3 involves the 

practices of AI-powered 

smart technology in a 

situation. 

  

Target Population People who need to operate a 

complicated system of 

machinery, deal with a lot of 

information, and make 

decisions in a stable 

environment. They are 

normally domain experts. 

People who own or operate 

AI-powered smart 

technology. 

Outcome People are expected to make 

the right decisions and 

generate good performances 

in those domains.  

When people have little AIA, 

they are less likely to evaluate 

or detect risks involved in the 

use of AI-powered smart 

technology in a situation. 

They are more likely to 

evaluate or detect risks 

involved in the use of AI-

powered smart technology as 

their AIA increases.  

 

Table A2: Concepts Related to AIA 

Similar 
Concept 

Definition Antecedent Reference 

Tech 
Savviness 

Knowing a great deal about 
modern technology, 
especially computers.  

  Cambridge 
Dictionary 2020 

IT 
Mindfulness 

An overarching mental 
mindset driven by 
individual awareness of the 
context of and openness to 
the value-adding 
applications of IT.  

Alertness to distinction 
Awareness of multiple 
perspectives 
Openness to novelty 
Orientation in the 
present 

Thatcher et al. 
2018 



100 
 

IS Habits  The extent to which people 
tend to perform behaviors 
using IS automatically 
because of learning. It has 
little to do with intentions.  
  
  

Satisfaction 
Comprehensiveness of 
usage 
Frequency of prior 
behavior 

Limayem et al. 
2007 
Ouellette and 
Wood 1998 

Cognitive 
Absorption 

A state of deep involvement 
with software to gain a 
deeper understanding of the 
formation of user beliefs 
and usage intention. 

Curiosity 
Control 
Temporal dissociation 
Focused immersion 
Heightened enjoyment 

Agarwal and 
Karahana 2000 
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APPENDIX B 

Table B1. Participant characteristics for Pilot Study 

Demographics  Frequency Percentage 
Age    
 25–34 24 42.1 
 35–44 17 29.8 
 45–54 9 15.8 
 55–64 5 8.8 
 65–74 2 3.5 
Gender    
 Female 28 49.1 
 Male 29 50.9 
Education    
 High school 6 10.5 
 Associate degree 6 10.5 
 Some college 12 21.1 
 College 28 49.1 
 Master’s 4 7.0 
 Doctoral 1 1.8 
Income    
 Less than $10,000 5 8.8 
 $10,000–$19,999 3 5.3 
 $20,000–$29,999 8 14.0 
 $30,000–$39,999 7 12.3 
 $40,000–$49,999 5 8.8 
 $50,000–$59,999 8 14.0 
 $60,000–$69,999 4 7.0 
 $70,000–$79,999 2 3.5 
 $80,000–$89,999 3 5.3 
 $90,000–$99,999 8 14.0 
 $100,000–$149,999 3 5.3 
 Prefer not to answer 1 1.8 
Length of AI-
powered smart 
technology uses 

   

 Less than one year 2 3.5 
 One to three years 12 21.1 
 Three to five years 17 29.8 
 More than five years 26 45.6 
Game score    
 Below five 12 21.1 
 Between five and ten 33 57.9 
 Above ten 12 21.1 
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Table B2. Factor Loadings in Pilot Study  

 
presence purpose practice 

Cognitive 

evaluation 

Affective 

evaluation CR AR BR 

pre1 0.873 0.544 0.605 0.228 0.282 0.348 0.310 0.234 

pre2 0.894 0.416 0.660 -0.021 0.229 0.200 0.098 0.136 

pre3 0.906 0.495 0.658 0.038 0.345 0.24 0.197 0.047 

pre4 0.776 0.569 0.663 0.147 0.146 0.177 0.183 0.100 

pre5 0.814 0.447 0.512 -0.173 0.177 0.074 0.061 -0.133 

pre6 0.796 0.515 0.503 -0.170 0.126 0.075 0.057 -0.103 

pur1 0.484 0.166 0.312 -0.210 0.044 

-

0.056 -0.107 0.023 

pur2 0.092 0.481 0.235 0.045 -0.027 

-

0.070 -0.061 

-

0.090 

pur3 0.528 0.644 0.530 -0.095 0.115 0.003 

-

0.047 0.039 

pur4 0.611 0.64 0.552 -0.147 0.230 0.083 

-

0.042 0.095 

pur5 0.469 0.930 0.566 0.255 0.289 0.212 0.254 0.074 

pur6 0.53 0.777 0.546 0.073 0.175 0.211 0.278 0.215 

pra1 0.642 0.655 0.882 0.378 0.267 0.256 0.231 0.285 

pra2 0.438 0.411 0.811 0.168 0.309 0.375 0.345 0.450 

pra3 0.716 0.520 0.88 0.154 0.197 0.170 0.101 0.262 

pra4 0.674 0.600 0.839 0.223 0.308 0.309 0.337 0.262 

Cc1 0.052 0.207 0.290 0.959 0.350 0.510 0.592 0.452 

Cc2 0.084 0.130 0.263 0.890 0.302 0.406 0.518 0.483 

Cc3 0.055 0.130 0.234 0.954 0.257 0.429 0.527 0.386 

Cc4 0.047 0.160 0.299 0.964 0.312 0.431 0.536 0.450 
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it1 0.291 0.256 0.254 0.330 0.910 0.591 0.565 0.376 

it2 0.225 0.252 0.207 0.336 0.913 0.621 0.571 0.36 

it3 0.253 0.316 0.325 0.261 0.866 0.729 0.696 0.480 

it4 0.209 0.382 0.372 0.352 0.858 0.687 0.635 0.454 

it5 0.293 0.084 0.224 0.216 0.817 0.551 0.494 0.426 

it6 0.255 0.175 0.279 0.193 0.862 0.549 0.456 0.474 

CR1 0.198 0.234 0.202 0.506 0.666 0.864 0.830 0.465 

CR2 0.183 0.106 0.307 0.317 0.605 0.872 0.710 0.646 

CR3 0.292 0.193 0.351 0.149 0.234 0.419 0.265 0.255 

AR1 0.132 0.160 0.198 0.542 0.603 0.826 0.922 0.459 

AR2 0.251 0.293 0.365 0.503 0.615 0.775 0.911 0.487 

AR3 -0.124 0.012 -0.067 -0.203 0.094 0.109 0.072 0.170 

BR1 0.080 0.159 0.326 0.524 0.469 0.583 0.512 0.895 

BR2 0.039 0.009 0.234 0.257 0.392 0.495 0.404 0.773 

BR3 -0.123 -0.09 0.005 0.026 0.204 0.340 0.221 0.335 

BR4 0.310 0.250 0.386 0.192 0.025 0.049 -0.019 0.352 

BR5 0.180 0.168 0.210 0.077 0.033 -0.017 -0.141 0.267 

 

Table B3. Construct Reliability Analysis (Cronbach’s Alpha and Composite Reliability)  

 
Cronbach’s Alpha Composite Reliability 

Presence 0.924 0.937 
 

Purpose 0.819 0.861 
 

Practice 0.877 0.915 
 

Cognitive evaluations 0.958 0.969 
 

Affective evaluations 0.937 0.949 
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CR 0.716 0.875 

AR 0.811 0.914 

BR 0.628 0.710 

 

Table B4. Construct Convergent Validity (AVE) 

 
Average Variance Extracted (AVE) 

Presence 0.714 

Purpose 0.609 

Practice 0.729 

Cognitive evaluations 0.888 

Affective evaluations 0.760 

CR 0.778 

AR 0.841 

BR 0.416 

 

Table B5. Discriminant Validity—Fornell and Larcker Criterion  

 

presen

ce purpose practice 

Cogni-

tive 

evalua-

tion 

Affective 

evalua-

tion CR AR BR 

presence 0.845 
       

purpose 0.631 0.781 
      

practice 0.720 0.678 0.854 
     

Cogni-

tive 

evalua-

tion 0.063 0.123 0.290 0.942 
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Affective 

evalua-

tion 0.290 0.286 0.323 0.326 0.872 
   

CR 0.216 0.173 0.283 0.475 0.722 0.882 
  

AR 0.208 0.214 0.306 0.570 0.664 0.878 0.917 
 

BR 0.127 0.153 0.385 0.487 0.481 0.598 0.499 0.645 

 

Table B6. Results for SEM Models for Pilot Study 

 
Original 
Sample 

Sample 
Mean 

Standard 
Deviation 

T 
Statistics  

P 
Values 

AIA -> Projection 0.386 0.432 0.138 2.807 0.003 
Projection -> Cognitive 
Reaction 0.736 0.747 0.067 10.976 0.000 
Projection -> Affective 
reactions 0.723 0.732 0.070 10.303 0.000 
Projection -> Behavioral 
reaction 0.587 0.586 0.111 5.306 0.000 

With control variables: age, gender, income, and education. 
 

Table B7. A complete list of items for the constructs in Pilot Study 

Construct Dimension Item 
code 

Item wording 

AIA 
(aggregate 
second 
order) 

Presence  When I am home (at my friend’s home, in my office, in 
my client’s office), 

  Pre1 I know there are AI-powered smart technologies even 
though I do not see them. 

  Pre2 I know that AI-powered smart technologies (e.g., virtual 
assistants) are listening to me. 

  Pre3 I am conscious that AI-powered smart technologies 
(e.g., smart devices with sensors) are monitoring me. 

  Pre4 I am immediately aware of the existence of AI-powered 
smart technologies. 

  Pre5 I know that I am surrounded by AI-powered smart 
technologies. 

  Pre6 I can detect AI-powered smart technologies. 
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 Purpose Pur1 I know that AI-powered smart technologies are 
collecting my data. 

  Pur2 I share only enough information to use AI-powered 
smart technologies in the ways I want to. 

  Pur3 I am aware of the predictive features of AI-powered 
smart technologies. 

  Pur4 I know the conversational features of AI-powered smart 
technologies. 

  Pur5 I know the recommending features of AI-powered smart 
technologies. 

  Pur6 I know how to prevent AI-powered smart technologies 
from collecting data if I want to. 

 
 Practice Pra1 I use several AI-powered smart technologies. 
  Prac2 I use AI-powered smart technologies to manage 

different things, such as creating predictive shopping 
lists, controlling room temperature through thermostat, 
using smart vacuum. 

  Prac3 I interact with different types of AI-powered smart 
technologies. 

  Prac4 I use AI-powered smart technologies without thinking 
too much about them. 

 
Projection 
(aggregate 
second 
order) 

Cognitive 
evaluation  

Cc1* I am concerned that the information I provide to 
virtual assistants could be misused. 

  Cc2* I am concerned that a person can find my private 
information via my virtual assistant. 

  Cc3* I am concerned about providing information to virtual 
assistants, because of what the companies or others 
might do with it. 

  Cc4* I am concerned about providing information to virtual 
assistants, because it could be used in a way I cannot 
foresee. 

 
 Affective 

evaluation 
 Thinking about myself in relation to virtual assistants, 

  It1 I am dependent on them. 
  It2 I am reliant on using them. 
  It3 I am energized by using them. 
  It4 I am enthusiastic about using them. 
  It5 I am linked with them. 
  It6 I am connected with them. 
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Cognitive 
reactions 
(reflective 
construct) 

  Previously, we said that virtual assistants are listening 
to you non-stop. Imagine that you notice it turning on 
the music when you are talking on the phone nearby. 
Please indicate the extent to which you agree with the 
following statements. 

  Cr1 Virtual assistants are so wonderful that I do not care 
about the incident that just happened. 

  Cr2 Virtual assistants are helpful despite the incident that 
just happened. 

  Cr3 Virtual assistants need a lot of improvements, before 
these types of incidents will happen again. 

 
Affective 
reactions 
(reflective 
construct) 

  We have described how virtual assistants are listening to 
you non-stop. Imagine you hear that your virtual 
assistant starts talking when you are on the phone with 
your friends (triggered accidentally by hearing the 
keywords). Please indicate the extent to which you agree 
with the following statements. 

  Ar1 Using virtual assistants is such a joyful experience that I 
do not care about the incident that just happened. 

  Ar2 Using virtual assistants is enjoyable despite the incident 
that just happened. 

  Ar3 Using virtual assistants is generally pleasant, but the 
incident is annoying. 

 
Behavioral 
reactions 
(reflective 
construct) 

  We have explained that virtual assistants are listening to 
you non-stop. Imagine that when you are watching TV, 
your virtual assistant starts reacting to phrases from 
your TV. Please indicate the extent to which you agree 
with the following statements. 

  Br1 I spend more time exploring different functions of 
virtual assistants despite the incident. 

  Br2 I ignore the incident and continue using virtual 
assistants as before. 

  Br3 I continue using virtual assistants, but limit them to the 
basic functions. 

  Br4* I unplug virtual assistants and only plug them in when 
needed. 

  Br5* I unplug virtual assistants and stop using them. 
* Indicates reverse coding item. 

 
 
Table B8. Pre-test results for Pilot Study 
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N Minimum Maximum Mean 
Std. 
Deviation Skewness Kurtosis 

Statistic Statistic Statistic Statistic Statistic Statistic 
Std. 
Error Statistic 

Std. 
Error 

pre1 57 1 5 3.58 .981 -.699 .316 -.232 .623 
pre2 57 1 5 3.54 1.166 -.495 .316 -.618 .623 
pre3 57 1 5 3.40 1.223 -.406 .316 -.692 .623 
pre4 57 1 5 3.53 1.071 -.568 .316 -.079 .623 
pre5 57 1 5 3.35 1.203 -.274 .316 -.854 .623 
pre6 57 1 5 3.30 1.195 -.217 .316 -.887 .623 
pur1 57 1 5 3.72 1.206 -.886 .316 -.121 .623 
pur2 57 1 5 3.70 .944 -.809 .316 .333 .623 
pur3 57 1 5 3.95 .990 -1.038 .316 .701 .623 
pur4 57 1 5 3.93 .904 -1.063 .316 1.388 .623 
pur5 57 1 5 3.44 1.282 -.359 .316 -.913 .623 
pur6 57 1 5 3.89 .880 -.930 .316 1.296 .623 
pra1 57 1 5 3.28 1.048 -.113 .316 -1.051 .623 
pra2 57 1 5 3.23 1.239 -.044 .316 -1.095 .623 
pra4 57 1 5 3.42 .999 -.276 .316 -.658 .623 
pra6 57 1 5 3.42 1.051 -.166 .316 -.858 .623 
Cc1 57 1 5 2.63 1.263 .299 .316 -1.109 .623 
Cc2 57 1 5 2.70 1.388 .229 .316 -1.250 .623 
Cc3 57 1 5 2.63 1.345 .211 .316 -1.378 .623 
Cc4 57 1 5 2.58 1.253 .238 .316 -1.156 .623 
IT1 57 1 5 2.86 1.407 -.061 .316 -1.475 .623 
IT2 57 1 5 2.88 1.452 .040 .316 -1.437 .623 
IT3 57 1 5 2.82 1.338 .101 .316 -1.179 .623 
IT4 57 1 5 3.28 1.333 -.305 .316 -1.100 .623 
IT5 57 1 5 3.19 1.329 -.415 .316 -1.105 .623 
IT6 57 1 5 3.32 1.311 -.468 .316 -1.018 .623 
CR1 57 1 5 2.49 1.241 .369 .316 -1.015 .623 
CR2 57 1 5 3.40 1.050 -.791 .316 .056 .623 
CR3 57 1 5 3.54 1.001 -.623 .316 .508 .623 
AR1 57 1 5 2.35 1.246 .784 .316 -.516 .623 
AR2 57 1 5 2.79 1.264 .028 .316 -1.216 .623 
AR3 57 1 5 3.82 1.182 -1.261 .316 .849 .623 
BR1 57 1 5 3.14 1.187 -.480 .316 -.653 .623 
BR2 56 1 5 2.61 1.275 .298 .319 -1.102 .628 
BR3 56 1 5 3.23 1.160 -.547 .319 -.628 .628 
BR4 57 1 5 2.82 1.283 .130 .316 -1.121 .623 
BR5 57 1 5 3.54 1.324 -.433 .316 -1.110 .623 
 
Table B9. Nonresponse bias test 

 
 

Mean 
Std. 

Deviation 
Std. Error 

Mean t Sig. (2-tailed) N 
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Pair 1 pree1 - prel1 15 -.46667 1.64172 .42389 -1.101 .290 
Pair 2 pree2 - prel2 15 -.53333 2.13363 .55090 -.968 .349 
Pair 3 pree3 - prel3 15 -.86667 1.68466 .43498 -1.992 .066 
Pair 4 pree4 - prel4 15 .26667 1.94447 .50206 .531 .604 
Pair 5 pree5 - prel5 15 -.66667 1.63299 .42164 -1.581 .136 
Pair 6 pree6 - prel6 15 -.46667 2.06559 .53333 -.875 .396 
Pair 7 pure1 - purl1 15 -.13333 1.68466 .43498 -.307 .764 
Pair 8 pure2 - purl2 15 -.40000 1.12122 .28950 -1.382 .189 
Pair 9 pure3 - purl3 15 -.46667 1.35576 .35006 -1.333 .204 
Pair 10 pure4 - purl4 15 .00000 1.36277 .35187 .000 1.000 
Pair 11 pure5 - purl5 15 -.20000 2.04241 .52735 -.379 .710 
Pair 12 pure6 - purl6 15 -.26667 1.53375 .39601 -.673 .512 
Pair 13 prace1 - pracl1 15 -.66667 1.63299 .42164 -1.581 .136 
Pair 14 prace2 - pracl2 15 -.93333 2.31352 .59735 -1.562 .140 
Pair 15 prace3 - pracl3 15 -.40000 1.59463 .41173 -.972 .348 
Pair 16 prace4 - pracl4 15 -.46667 1.99523 .51517 -.906 .380 
 
Table B10. Filter questions and control variables 

Instruction/ 

Question 

Construct 

or 

variable 

Type Item 

We will start the 

survey by asking you 

to play a game to 

identify the possible 

AI-powered items in 

the room. We 

strongly suggest you 

use a computer for 

this part. You can 

start the game by 

clicking on the green 

flag. 

Click ONLY the 

question marks for 

items that you 

believe would use 

artificial intelligence 

(AI). Do not click 

question marks for 

GameScore Priming 
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items that you feel 

would NOT use AI. 

Please read the 

consent form before 

you decide to 

participate in the 

study. 

Consent Filter 

question 

Consent form 

Yes 

No* 

In the home 

scenarios: 

We want to know 

your previous 

experience with AI-

powered smart 

technologies. From 

the items below, 

please choose any 

that you have ever 

used (you can choose 

more than one). 

Here, “smart” 

indicates that the 

item is programmed 

to be capable of 

some independent 

actions.  

Multiple 

choice 

Filter 

question 

Smart hub 

Smart speaker 

Smart TV 

Smart car 

Robot vacuum cleaner 

Smart thermostat 

Smart doorbell 

Smart camera 

Smart phone 

Wearable technologies 

I do not use any AI-powered smart 
technologies* 

In the office 

scenarios: 

We want to know 

your previous 

experience with AI-

powered smart 

technologies. Does 

your office have 

smart technologies 

that … (you can 

choose more than 

one). Here, “smart” 

indicates that the 

item is programmed 

Multiple 

choice 

Filter 

question 

Have a location tracking feature 

Automatically control or regulate the 
temperature 

Allow voice control 

Turn the lights on or off automatically 

Have facial recognition features 

Assist in office automation 

Others, please specify: 

None* 
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to be capable of 

some independent 

actions. 

When did you begin 

to use AI-powered 

smart technologies 

on a regular basis? 

Length of 

use 

Control Less than a year ago 

One to three years ago 

Three to five years ago 

More than five years ago 

I cannot recall 

What is your age? Age Control  18–24 

25–34 

35-44 

45–54 

55–64 

65–74 

75–84 

85 or older 

What is the highest 

level of school you 

have completed or 

the highest degree 

you have received? 

Education Control Less than high school degree 

High school graduate (or equivalent, 

including GED) 

Some college but no degree 

Associate’s degree (2-year) 

Bachelor’s degree (4-year) 

Master’s degree 

Doctoral degree 

Professional degree (JD, MD) 

What is your 

gender? 

Gender Control Female 

Male 
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Prefer not to say 

Prefer to self-describe 

Please indicate the 

answer that includes 

your entire 

household income in 

(previous year) 

before taxes. 

Income  Control Less than $10,000 

$10,000–$19,999 

$20,000–$29,999 

$30,000–$39,999 

$40,000–$49,999 

$50,000–$59,999 

$60,000–$69,999 

$70,000–$79,999 

$80,000–$89,999 

$90,000–$99,999 

$100,000–$149,999 

More than $149,999 

Prefer not to answer 

Do you have children 

living with you? ** 

Children  Control No 

One 

More than one 

Generally speaking, 

do you usually think 

of yourself as a 

Republican, a 

Democrat, and 

Independent, or 

something else? ** 

Political Control Republican 

Democrat 

Independent 

Something else 

* If this option is chosen, the participant will be directed to the end of the survey. 

**Not included in the Pilot Study 
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APPENDIX C 

Table C1. Participant characteristics for Study 1 

Demographics  Frequency Percentage 
Age    
 18–24 527 99.2 
 25–34 4 0.8 
Gender    
 Female 247 46.5 
 Male 281 52.9 
 Prefer not to answer 3 0.6 
Education    
 Associate degree 124 23.4 
 Some college 356 67.0 
 College 39 7.3 
 Master’s 11 2.1 
 Doctoral 1 0.2 
Income    
 Less than $10,000 224 42.2 
 $10,000–$19,999 118 22.2 
 $20,000–$29,999 21 4.0 
 $30,000–$39,999 3 0.6 
 $40,000–$49,999 2 0.4 
 $50,000–$59,999 1 0.2 
 $60,000–$69,999 7 1.3 
 $70,000–$79,999 5 0.9 
 $80,000–$89,999 3 0.6 
 $90,000–$99,999 6 1.1 
 $100,000–$149,999 7 1.3 
 More than $149,999 50 9.4 
 Prefer not to answer 84 15.8 
Length of AI-
powered smart 
technology uses 

   

 Less than one year 10 1.9 
 One to three years 49 9.2 
 Three to five years 131 24.7 
 More than five years 312 58.8 
 Cannot recall 29 5.5 
Game score    
 Below five 46 8.7 
 Between five and ten 236 44.4 
 Above ten 249 46.9 
Political affiliation    
 Democrat 50 9.4 
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 Republican 363 68.4 
 Independent 80 15.1 
Children    
 No 528 99.4 
 One 1 0.2 
 More than one 2 0.4 

 

Table C2. Factor loadings table for Study 1 

 

Pres-

ence Purpose Practice 

Cognitive 

evaluation 

Affective 

evaluation CR AR BR 

pre1 0.706 0.341 0.370 -0.166 0.176 0.053 0.009 0.064 

pre2 0.756 0.355 0.274 -0.194 0.035 -0.099 -0.064 -0.070 

pre3 0.768 0.336 0.260 -0.213 0.037 -0.075 -0.052 -0.149 

pre4 0.732 0.367 0.308 -0.185 0.128 0.035 -0.008 -0.076 

pre5 0.746 0.451 0.347 -0.177 0.093 -0.033 -0.060 -0.039 

pur1 0.373 0.780 0.228 -0.053 0.147 0.092 0.091 -0.058 

pur2 0.403 0.828 0.275 -0.120 0.096 -0.011 0.031 0.056 

pur3 0.427 0.802 0.291 -0.084 0.114 -0.001 0.099 -0.011 

pra1 0.411 0.317 0.816 -0.118 0.281 0.075 0.110 0.086 

pra2 0.287 0.204 0.804 -0.107 0.342 0.182 0.189 0.016 

pra3 0.376 0.252 0.877 -0.116 0.306 0.095 0.135 0.139 

pra4 0.335 0.331 0.811 -0.073 0.282 0.112 0.106 0.054 

cc1 -0.22 -0.122 -0.128 0.825 -0.072 0.124 0.097 0.198 

cc2 -0.24 -0.098 -0.158 0.850 -0.046 0.152 0.124 0.226 

cc3 -0.218 -0.091 -0.081 0.894 0.009 0.164 0.192 0.232 

cc4 -0.192 -0.059 -0.07 0.892 0.004 0.179 0.169 0.166 

it1 0.113 0.122 0.349 -0.062 0.837 0.405 0.364 0.115 

it2 0.084 0.120 0.350 -0.050 0.862 0.404 0.383 0.137 
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it3 0.143 0.137 0.259 -0.006 0.801 0.445 0.446 0.115 

it4 0.125 0.111 0.254 0.029 0.756 0.384 0.388 0.172 

it5 0.095 0.11 0.308 -0.012 0.849 0.402 0.393 0.121 

it6 0.100 0.139 0.271 -0.019 0.824 0.396 0.383 0.111 

cr1 -0.044 0.032 0.121 0.190 0.442 0.950 0.652 0.040 

cr2 0.021 0.026 0.137 0.085 0.408 0.718 0.478 0.231 

ar1 -0.057 0.089 0.119 0.178 0.389 0.652 0.940 0.119 

ar2 -0.015 0.073 0.199 0.116 0.489 0.562 0.851 0.27 

br1 -0.007 0.050 0.162 0.007 0.385 0.445 0.420 0.114 

br2 0.031 0.137 0.166 0.087 0.377 0.464 0.542 0.415 

br4 -0.101 -0.044 -0.015 0.229 0.007 0.006 0.100 0.883 

br5 -0.037 -0.024 0.121 0.184 0.127 -0.005 0.021 0.830 

 

Table C3. Cross loadings table for Study 1 

 
Presence Purpose Practice 

Cognitive 

evaluation 

Affective 

evaluation 

pre1 0.705 0.331 0.370 0.198 0.176 

pre2 0.756 0.357 0.274 0.189 0.035 

pre3 0.770 0.338 0.259 0.209 0.037 

pre4 0.731 0.375 0.308 0.224 0.128 

pre5 0.745 0.446 0.347 0.188 0.094 

pur1 0.320 0.779 0.228 0.118 0.147 

pur2 0.405 0.829 0.275 0.170 0.096 

pur3 0.430 0.802 0.291 0.130 0.114 

pra1 0.418 0.304 0.816 0.164 0.281 

pra2 0.318 0.227 0.804 0.172 0.342 
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pra3 0.394 0.246 0.877 0.172 0.306 

pra4 0.319 0.311 0.811 0.134 0.282 

cc1 0.220 0.117 0.128 0.838 0.072 

cc2 0.238 0.085 0.158 0.859 0.045 

cc3 0.241 0.078 0.081 0.881 -0.009 

cc4 0.216 0.055 0.070 0.882 -0.004 

it1 0.125 0.114 0.349 0.191 0.837 

it2 0.092 0.118 0.350 0.184 0.862 

it3 0.145 0.146 0.259 0.157 0.801 

it4 0.126 0.116 0.254 0.131 0.756 

it5 0.102 0.111 0.308 0.131 0.849 

it6 0.102 0.140 0.271 0.141 0.824 

 

Table C4. Construct Reliability Analysis (Cronbach’s Alpha and Composite Reliability) for 

Study 1 

 
Cronbach’s Alpha Composite Reliability 

Presence 0.796 0.859 
 

Purpose 0.725 0.845 
 

Practice 0.847 0.897 
 

Cognitive evaluations 0.888 0.923 
 

Affective evaluations 0.905 0.926 
 

CR 0.634 0.827 

AR 0.766 0.891 

BR 0.525 0.682 

 

Table C5. Construct Convergent Validity (AVE) for Study 1 

 
Average Variance Extracted (AVE) 
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Presence 0.550 

Purpose 0.646 

Practice 0.685 

Cognitive evaluations 0.749 

Affective evaluations 0.676 

CR 0.709 

AR 0.804 

BR 0.413 

 

 Table C6. Discriminant Validity—Fornell and Larcker Criterion for Study 1 

 
presence purpose practice 

Cognitive 

evaluation 

Affective 

evaluation CR AR BR 

presence 0.742 
       

purpose 0.499 0.804 
      

practice 0.423 0.329 0.828 
     

Cognitive 

evaluation -0.252 -0.106 -0.126 0.866 
    

Affective 

evaluation 0.131 0.149 0.368 -0.029 0.822 
   

CR -0.027 0.034 0.143 0.179 0.491 0.842 
  

AR -0.044 0.091 0.166 0.170 0.472 0.681 0.897 
 

BR -0.070 -0.006 0.088 0.239 0.155 0.113 0.197 0.643 

 

Table C7. Results for Structural Equation Model for Study 1 

 

Original 
Sample 

Sample 
Mean 

Standard 
Deviation T Statistics P Values 

AIA -> Projection 0.326 0.250 0.225 1.449 0.074 
Projection -> 
Cognitive Reaction 0.528 0.528 0.031 17.221 0.000 
Projection -> 
Affective Reaction 0.507 0.508 0.034 14.863 0.000 
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Projection -> 
Behavioral Reaction 0.230 0.230 0.050 4.565 0.000 

With control variables: age, gender, income, education, children, and political affiliation. 
 

Table C8. A complete list of items for the constructs in Study 1 

Construct Dimension Item 
code 

Item wording 

AIA 
(aggregate 
second 
order) 

Presence  When I am home (at my friend’s home, in my office, in 
my client’s office), 

  Pre1 I know there are AI-powered smart technologies even 
though I do not see them. 

  Pre2 I know that AI-powered smart technologies (e.g., virtual 
assistants) are listening to me. 

  Pre3 I am conscious that AI-powered smart technologies 
(e.g., smart devices with sensors) are monitoring me. 

  Pre4 I am immediately aware of the existence of AI-powered 
smart technologies. 

  Pre5 I know that I am surrounded by AI-powered smart 
technologies. 

 
 Purpose Pur1 I am aware of the predictive features of AI-powered 

smart technologies. 
  Pur2 I know the recommending features of AI-powered smart 

technologies. 
  Pur3 I know how to prevent AI-powered smart technologies 

from collecting data if I want to. 
 
 Practice Pra1 I use several AI-powered smart technologies. 
  Prac2 I use AI-powered smart technologies to manage 

different things, such as creating predictive shopping 
lists, controlling room temperature through a 
thermostat, and using a smart vacuum. 

  Prac3 I interact with different types of AI-powered smart 
technologies. 

  Prac4 I use AI-powered smart technologies without thinking 
too much about them. 

 
Projection 
(aggregate 
second 
order) 

Cognitive 
evaluation  

Cc1* I am concerned that the information I provide to 
virtual assistants could be misused. 
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  Cc2* I am concerned that a person can find my private 
information via my virtual assistant. 

  Cc3* I am concerned about providing information to virtual 
assistants, because of what the companies or others 
might do with it. 

  Cc4* I am concerned about providing information to virtual 
assistants, because it could be used in a way I cannot 
foresee. 

 
 Affective 

evaluation 
 Thinking about myself in relation to virtual assistants, 

  It1 I am dependent on them. 
  It2 I am reliant on using them. 
  It3 I am energized by using them. 
  It4 I am enthusiastic about using them. 
  It5 I am linked with them. 
  It6 I am connected with them. 
 
Cognitive 
reactions 
(reflective 
construct) 

  Previously, we said that virtual assistants are listening 
to you non-stop. Imagine that you notice it turning on 
the music when you are talking on the phone nearby. 
Please indicate the extent to which you agree with the 
following statements. 

  Cr1 Virtual assistants are so wonderful that I do not care 
about the incident that just happened. 

  Cr2 Virtual assistants are helpful despite the incident that 
just happened. 

 
Affective 
reactions 
(reflective 
construct) 

  We have described how virtual assistants are listening to 
you non-stop. Imagine you hear your virtual assistant 
start talking when you are on the phone with your 
friends (triggered accidentally by hearing the keywords). 
Please indicate the extent to which you agree with the 
following statements. 

  Ar1 Using virtual assistants is so joyful that I do not care 
about the incident that just happened. 

  Ar2 Using virtual assistants is enjoyable despite the incident 
that just happened. 

 
Behavioral 
reactions 
(reflective 
construct) 

  We have explained that virtual assistants are listening to 
you non-stop. Imagine that when you are watching TV, 
your virtual assistant starts reacting to phrases from 
your TV. Please indicate the extent to which you agree 
with the following statements. 

  Br1 I spend more time exploring different functions of 
virtual assistants despite the incident. 
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  Br2 I ignore the incident and continue using virtual 
assistants as before. 

  Br4* I unplug virtual assistants and only plug them in when 
needed. 

  Br5* I unplug virtual assistants and stop using them. 
* Indicates reverse coding item. 

 
Table C9. Pre-test results for Study 1 

 

N Minimum Maximum Mean 

Std. 

Deviation Skewness Kurtosis 

Statistic Statistic Statistic Statistic Statistic Statistic 

Std. 

Error Statistic 

Std. 

Error 

pre1 531 1 5 3.72 1.006 -.535 .106 -.196 .212 

pre2 531 1 5 3.86 1.010 -.586 .106 -.275 .212 

pre3 531 1 5 3.67 1.125 -.582 .106 -.426 .212 

pre4 531 1 5 3.52 1.123 -.367 .106 -.595 .212 

pre5 531 1 5 3.91 1.071 -.807 .106 -.101 .212 

pre6 531 1 5 3.69 1.034 -.402 .106 -.457 .212 

pur1 531 1 5 3.19 1.252 -.287 .106 -1.052 .212 

pur2 531 1 5 3.73 1.047 -.742 .106 .006 .212 

pur3 531 1 5 3.67 1.054 -.668 .106 -.128 .212 

pur4 531 1 5 3.15 1.195 -.217 .106 -.914 .212 

pra1 531 1 5 3.81 .989 -.617 .106 -.312 .212 

pra2 531 1 5 3.40 1.178 -.381 .106 -.779 .212 

pra3 531 1 5 3.75 1.044 -.603 .106 -.389 .212 

pra4 531 1 5 3.71 1.061 -.612 .106 -.269 .212 

cc1 531 1 5 2.18 .938 .703 .106 .294 .212 

cc2 531 1 5 2.10 .965 .652 .106 -.103 .212 

cc3 531 1 5 2.14 .974 .656 .106 -.085 .212 

cc4 531 1 5 2.09 .958 .693 .106 -.002 .212 
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ct1 531 1 5 2.75 .975 .077 .106 -.585 .212 

ct2 531 1 5 3.08 1.050 -.296 .106 -.610 .212 

ct3 531 1 5 3.06 .961 -.258 .106 -.183 .212 

it1 531 1 5 2.82 1.254 -.085 .106 -1.221 .212 

it2 531 1 5 2.98 1.235 -.217 .106 -1.080 .212 

it3 531 1 5 2.79 1.145 .015 .106 -.847 .212 

it4 531 1 5 3.21 1.138 -.382 .106 -.563 .212 

it5 531 1 5 3.05 1.200 -.271 .106 -.888 .212 

it6 531 1 5 3.17 1.223 -.383 .106 -.849 .212 

cr1 531 1 5 2.10 1.024 .663 .106 -.331 .212 

cr2 531 1 5 2.94 1.083 -.287 .106 -.881 .212 

cr3 531 1 5 3.60 1.014 -.646 .106 .254 .212 

ar1 531 1 5 2.29 1.066 .525 .106 -.505 .212 

ar2 531 1 5 2.78 1.118 -.021 .106 -.926 .212 

ar3 531 1 5 3.60 1.100 -.818 .106 .120 .212 

br1 531 1 5 2.94 1.042 -.255 .106 -.740 .212 

br2 531 1 5 2.80 1.109 .056 .106 -.826 .212 

br3 531 1 5 3.30 .987 -.596 .106 -.273 .212 

br4 531 1 5 2.75 1.216 .276 .106 -.895 .212 

br5 531 1 5 3.24 1.234 -.156 .106 -.922 .212 

 

Table C10. Nonresponse bias test for Study 1 

 

N 

Mean Std. Deviation 

Std. Error 

Mean t Sig.(2-tailed) 

Pair 1 pree1 - prel1 60 .08333 1.73978 .22460 .371 .712 

Pair 2 pree2 - 

prel2 

60 .06667 1.47138 .18995 .351 .727 
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Pair 3 pree3 - prel3 60 .05000 1.47780 .19078 .262 .794 

Pair 4 pree4 - 

prel4 

60 .01667 1.35911 .17546 .095 .925 

Pair 5 pree5 - prel5 60 .01667 1.89103 .24413 .068 .946 

Pair 6 pure1 - purl1 60 -.15000 1.83030 .23629 -.635 .528 

Pair 7 pure2 - 

purl2 

60 -.01667 1.40811 .18179 -.092 .927 

Pair 8 pure3 - 

purl3 

60 -.11667 1.34154 .17319 -.674 .503 

Pair 9 prace1 - 

pracl1 

60 -.15000 1.62423 .20969 -.715 .477 

Pair 10 prace2 - 

pracl2 

60 .05000 1.78909 .23097 .216 .829 

Pair 11 prace3 - 

peacl3 

60 .00000 1.70741 .22043 .000 1.000 

Pair 12 prace4 - 

pracl4 

60 -.16667 1.61735 .20880 -.798 .428 

Pair 13 cce1 - ccl1 60 .11667 1.48543 .19177 .608 .545 

Pair 14 cce2 - ccl2 60 .10000 1.51490 .19557 .511 .611 

Pair 15 cce3 - ccl3 60 .08333 1.54362 .19928 .418 .677 

Pair 16 cce4 - ccl4 60 -.10000 1.51490 .19557 -.511 .611 

Pair 17 ite1 - itl1 60 -.70000 1.60824 .20762 -3.371 .001 

Pair 18 ite2 - itl2 60 -.75000 1.54728 .19975 -3.755 .000 

Pair 19 ite3 - itl3 60 -.75000 1.43356 .18507 -4.052 .000 

Pair 20 ite4 - itl4 60 -.90000 1.42258 .18365 -4.901 .000 

Pair 21 ite5 - itl5 60 -.58333 1.60815 .20761 -2.810 .007 

Pair 22 ite6 - itl6 60 -.68333 1.58907 .20515 -3.331 .001 

Pair 23 cre1 - crl1 60 -.38333 1.37892 .17802 -2.153 .035 

Pair 24 cre2 - crl2 60 -.58333 1.51032 .19498 -2.992 .004 



123 
 

Pair 25 cre3 - crl3 60 -.46667 1.21386 .15671 -2.978 .004 

Pair 26 are1 - arl1 60 -.25000 1.59049 .20533 -1.218 .228 

Pair 27 are2 - arl2 60 -.55000 1.54509 .19947 -2.757 .008 

Pair 28 are3 - arl3 60 -.51667 1.64153 .21192 -2.438 .018 

Pair 29 bre1 - brl1 60 -.26667 1.45982 .18846 -1.415 .162 

Pair 30 bre2 - brl2 60 -.58333 1.66001 .21431 -2.722 .009 

Pair 31 bre3 - brl3 60 -.30000 1.38148 .17835 -1.682 .098 

Pair 32 bre4 - brl4 60 .26667 1.58239 .20429 1.305 .197 

Pair 33 bre5 - b4l5 60 -.15000 1.69571 .21891 -.685 .496 
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APPENDIX D 

Table D1. Participant characteristics for Study 2 

Demographics  Frequency Percentage 
Age  

18–24 
 

153 
 

56.7 
 25–34 89 33.0 
 35–44 24 8.9 
 45–54 2 0.7 
 55–64 1 0.4 
Gender    
 Female 121 44.8 
 Male 143 53.0 
 Prefer not to answer 4 1.8 
Education    
 High school 47 17.4 
 Associate degree 16 5.9 
 Some college 60 22.2 
 College 99 36.7 
 Master 41 15.2 
 Doctoral, JD, MD 5 1.9 
Income    
 Less than $10,000 63 23.3 
 $10,000–$19,999 61 22.6 
 $20,000–$29,999 46 17.0 
 $30,000–$39,999 26 9.6 
 $40,000–$49,999 15 5.6 
 $50,000–$59,999 16 5.9 
 $60,000–$69,999 9 3.3 
 $70,000–$79,999 5 1.9 
 $80,000–$89,999 3 1.1 
 $90,000–$99,999 3 1.1 
 $100,000–$149,999 2 0.7 
 More than $149,999 2 0.7 
 Prefer not to answer 18 6.7 
Length of AI-
powered smart 
technology uses 

   

 Less than one year 30 11.1 
 One to three years 70 25.9 
 Three to five years 57 21.1 
 More than five years 103 38.1 
 Cannot recall 9 3.3 
Game score    
 Below five 19 7.0 
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 Between five and ten 153 56.7 
 Above ten 97 35.9 
Political affiliate    
 Democrat 93 34.4 
 Republican 22 8.1 
 Independent 61 22.6 
 Something else 93 34.4 
Children    
 No 198 73.3 
 One 62 23.0 
 More than one 9 3.3 

 

Table D2. Cross loading table for Study 2 

 Presence Purpose Practice Cog Eva Aff Eva CR AR BR 

Pre1 0.542 0.192 0.232 0.038 0.131 0.006 0.040 -0.070 

Pre2 0.516 0.187 0.207 0.068 0.115 -0.036 -0.016 0.009 

Pre3 0.906 0.016 0.301 0.046 0.223 0.085 0.078 -0.106 

Pre4 0.501 0.257 0.357 0.021 0.125 -0.034 0.006 -0.038 

pur1 0.443 -0.105 0.139 0.133 0.081 -0.030 -0.029 -0.021 

pur2 0.245 0.481 0.266 -0.113 0.077 0.012 0.068 -0.073 

pur3 0.259 0.910 0.224 -0.113 0.236 0.071 0.099 -0.077 

pra1 0.405 0.215 0.694 0.050 0.323 0.206 0.163 -0.236 

pra2 0.274 0.157 0.943 0.035 0.443 0.214 0.138 -0.145 

pra3 0.294 0.207 0.813 0.073 0.377 0.223 0.205 -0.207 

pra4 0.295 0.133 0.676 0.026 0.317 0.199 0.140 -0.142 

cc1 0.046 -0.101 0.086 0.791 -0.052 -0.140 -0.143 0.180 

cc2 0.104 -0.142 0.169 0.715 0.102 -0.077 -0.093 0.063 

cc3 0.029 -0.191 -0.037 0.871 -0.080 -0.020 -0.121 0.269 

cc4 0.066 -0.163 -0.011 0.871 -0.053 -0.072 -0.111 0.228 

IT1 0.183 0.086 0.358 -0.006 0.696 0.333 0.281 -0.165 

IT2 0.217 0.183 0.325 -0.044 0.707 0.335 0.343 -0.328 

IT3 0.133 0.154 0.35 -0.068 0.790 0.375 0.400 -0.316 

IT4 0.193 0.179 0.363 -0.059 0.731 0.352 0.436 -0.378 

IT5 0.191 0.144 0.377 -0.001 0.847 0.408 0.334 -0.28 

IT6 0.185 0.186 0.367 0.023 0.795 0.348 0.270 -0.205 

CR1 0.059 0.121 0.163 -0.118 0.332 0.769 0.481 -0.255 

CR2 0.044 0.026 0.237 -0.04 0.429 0.857 0.619 -0.476 

AR1 0.083 0.136 0.118 -0.161 0.359 0.603 0.760 -0.25 

AR2 0.054 0.002 0.078 -0.110 0.316 0.639 0.844 -0.457 

AR3 0.002 0.112 0.202 -0.026 0.313 0.195 0.545 -0.217 
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BR1 0.104 0.102 0.149 -0.112 0.366 0.374 0.345 0.727 

BR2 0.019 0.006 0.137 -0.165 0.209 0.409 0.379 0.690 

BR3 -0.098 -0.091 -0.129 0.218 -0.146 -0.284 -0.234 0.621 

BR4 -0.045 -0.006 -0.127 0.193 -0.315 -0.277 -0.276 0.787 
 

Table D3. Discriminant Validity for reflective constructs—Fornell and Larcker Criterion for 

Study 2 

 

Affective 

evaluation 

Cognitive 

evaluation 

Cognitive 

reaction 

Affective 

reaction 

Behavio

ral 

reaction 

Affective 

evaluation 0.763 
   

 

Cognitive 

evaluation 0.036 0.815 
  

 

Cognitive 

reaction 0.472 -0.091 0.815 
 

 

Affective 

reaction 0.458 -0.144 0.681 0.728  

Behavioral 

reaction 0.385 -0.233 0.468 0.434 0.709 

 

Table D4. Structural Model for AIA-Projection-Reactions in Study 2 

 

Original 
Sample 

Sample 
Mean 

Standard 
Deviation 

T 
Statistics P Values 

AIA -> Projection 0.473 0.480 0.050 9.526 0.000 
Projection -> 
Cognitive Reaction 0.495 0.479 0.059 8.344 0.000 
Projection -> 
Affective Reaction 0.490 0.476 0.053 8.584 0.000 
Projection -> 
Behavioral Reaction 0.438 0.415 0.057 7.678 0.000 

With control variables: age, gender, income, education, children, and political affiliation. 

 

Table D5. Full comparisons table for Study 2 
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Dependent 
Variable (I) Group (J) Group 

Mean 
Difference 

(I-J) 
Std. 

Error Sig. 

95% Confidence 
Interval 

Lower 
Bound 

Upper 
Bound 

AIA HomeFamiliar HomeUnfamiliar 2.80180 1.16110 0.077 -.2001 5.8037 
OfficeFamiliar 3.83824 1.15679 0.006* 0.8475 6.8290 
OfficeUnfamiliar 4.41578 1.16553 0.001* 1.4024 7.4291 

HomeUnfamiliar HomeFamiliar -2.80180 1.16110 0.077 -5.8037 0.2001 
OfficeFamiliar 1.03644 1.16110 0.809 -1.9655 4.0384 
OfficeUnfamiliar 1.61398 1.16980 0.513 -1.4104 4.6384 

OfficeFamiliar HomeFamiliar -3.83824 1.15679 0.006* -6.8290 -.8475 

HomeUnfamiliar -1.03644 1.16110 0.809 -4.0384 1.9655 
OfficeUnfamiliar 0.57754 1.16553 0.960 -2.4358 3.5909 

OfficeUnfamiliar HomeFamiliar -4.41578 1.16553 0.001* -7.4291 -1.4024 

HomeUnfamiliar -1.61398 1.16980 0.513 -4.6384 1.4104 
OfficeFamiliar -0.57754 1.16553 0.960 -3.5909 2.4358 

Presence HomeFamiliar HomeUnfamiliar 0.79763 0.53353 0.442 -0.5818 2.1770 
OfficeFamiliar 1.10294 0.53155 0.164 -0.2713 2.4772 
OfficeUnfamiliar 1.25579 0.53556 0.091 -0.1289 2.6404 

HomeUnfamiliar HomeFamiliar -0.79763 0.53353 0.442 -2.1770 0.5818 
OfficeFamiliar 0.30531 0.53353 0.940 -1.0741 1.6847 
OfficeUnfamiliar 0.45816 0.53753 0.829 -0.9316 1.8479 

OfficeFamiliar HomeFamiliar -1.10294 0.53155 0.164 -2.4772 0.2713 
HomeUnfamiliar -0.30531 0.53353 0.940 -1.6847 1.0741 
OfficeUnfamiliar 0.15285 0.53556 0.992 -1.2318 1.5375 

OfficeUnfamiliar HomeFamiliar -1.25579 0.53556 0.091 -2.6404 0.1289 
HomeUnfamiliar -0.45816 0.53753 0.829 -1.8479 0.9316 
OfficeFamiliar -0.15285 0.53556 0.992 -1.5375 1.2318 

Purpose HomeFamiliar HomeUnfamiliar 0.97673 0.37862 0.051 -0.0022 1.9556 
OfficeFamiliar 0.72059 0.37721 0.226 -0.2547 1.6958 
OfficeUnfamiliar 1.16488 0.38006 0.013* 0.1823 2.1475 

HomeUnfamiliar HomeFamiliar -0.97673 0.37862 0.051 -1.9556 0.0022 
OfficeFamiliar -0.25615 0.37862 0.906 -1.2350 0.7227 
OfficeUnfamiliar 0.18815 0.38146 0.961 -0.7981 1.1744 

OfficeFamiliar HomeFamiliar -0.72059 0.37721 0.226 -1.6958 0.2547 
HomeUnfamiliar 0.25615 0.37862 0.906 -0.7227 1.2350 
OfficeUnfamiliar 0.44430 0.38006 0.647 -0.5383 1.4269 

OfficeUnfamiliar HomeFamiliar -1.16488 0.38006 0.013* -2.1475 -0.1823 

HomeUnfamiliar -0.18815 0.38146 0.961 -1.1744 0.7981 
OfficeFamiliar -0.44430 0.38006 0.647 -1.4269 0.5383 

Practice HomeFamiliar HomeUnfamiliar 1.02744 0.60530 0.327 -0.5375 2.5924 
OfficeFamiliar 2.01471 0.60305 0.005* 0.4556 3.5738 
OfficeUnfamiliar 1.99510 0.60761 0.006* 0.4242 3.5660 

HomeUnfamiliar HomeFamiliar -1.02744 0.60530 0.327 -2.5924 0.5375 
OfficeFamiliar 0.98727 0.60530 0.363 -0.5777 2.5522 
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OfficeUnfamiliar 0.96766 0.60984 0.388 -0.6090 2.5443 
OfficeFamiliar HomeFamiliar -2.01471 0.60305 0.005* -3.5738 -0.4556 

HomeUnfamiliar -0.98727 0.60530 0.363 -2.5522 0.5777 
OfficeUnfamiliar -0.01961 0.60761 1.000 -1.5905 1.5513 

OfficeUnfamiliar HomeFamiliar -1.99510 0.60761 0.006* -3.5660 -0.4242 
HomeUnfamiliar -0.96766 0.60984 0.388 -2.5443 0.6090 
OfficeFamiliar 0.01961 0.60761 1.000 -1.5513 1.5905 

* The mean difference is significant at the 0.05 level. 
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Table D6. A complete list of items for the constructs in Study 2 

Construct Dimension Item 
code 

Item wording 

AIA 
(aggregate 
second 
order) 

Presence  When I am home (at my friend’s home, in my office, in 
my client’s office), 

  Pre1 I know there are AI-powered smart technologies even 
though I do not see them. 

  Pre2 I know that AI-powered smart technologies (e.g., virtual 
assistants) are listening to me. 

  Pre3 I am conscious that AI-powered smart technologies 
(e.g., smart devices with sensors) are monitoring me. 

  Pre4 I am immediately aware of the existence of AI-powered 
smart technologies. 

  Pre5 I know that I am surrounded by AI-powered smart 
technologies. 

 
 Purpose Pur1 I am aware of the predictive features of AI-powered 

smart technologies. 
  Pur2 I know the recommending features of AI-powered smart 

technologies. 
  Pur3 I know how to prevent AI-powered smart technologies 

from collecting data if I want to. 
 
 Practice Pra1 I use several AI-powered smart technologies. 
  Prac2 I use AI-powered smart technologies to manage 

different things, such as creating predictive shopping 
lists, controlling room temperature through a 
thermostat, and using a smart vacuum. 

  Prac3 I interact with different types of AI-powered smart 
technologies. 

  Prac4 I use AI-powered smart technologies without thinking 
too much about them. 

 
Projection 
(aggregate 
second 
order) 

Cognitive 
evaluation  

Cc1* I am concerned that the information I provide to 
virtual assistants could be misused. 

  Cc2* I am concerned that a person can find my private 
information via my virtual assistant. 
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  Cc3* I am concerned about providing information to virtual 
assistants, because of what the companies or others 
might do with it. 

  Cc4* I am concerned about providing information to virtual 
assistants, because it could be used in a way I cannot 
foresee. 

 
 Affective 

evaluation 
 Thinking about myself in relation to virtual assistants, 

  It1 I am dependent on them. 
  It2 I am reliant on using them. 
  It3 I am energized by using them. 
  It4 I am enthusiastic about using them. 
  It5 I am linked with them. 
  It6 I am connected with them. 
 
Cognitive 
reactions 
(reflective 
construct) 

  Previously, we said that virtual assistants are listening 
to you non-stop. Imagine that you notice it turning on 
the music when you are talking on the phone nearby. 
Please indicate the extent to which you agree with the 
following statements. 

  Cr1 Virtual assistants are so wonderful that I do not care 
about the incident that just happened. 

  Cr2 Virtual assistants are helpful despite the incident that 
just happened. 

 
Affective 
reactions 
(reflective 
construct) 

  We have described how virtual assistants are listening to 
you non-stop. Imagine you hear your virtual assistant 
start talking when you are on the phone with your 
friends (triggered accidentally by hearing the keywords). 
Please indicate the extent to which you agree with the 
following statements. 

  Ar1 Using virtual assistants is so joyful that I do not care 
about the incidents that just happened. 

  Ar2 Using virtual assistants is enjoyable despite the incident 
that just happened. 

 
Behavioral 
reactions 
(reflective 
construct) 

  We have explained that virtual assistants are listening to 
you non-stop. Imagine when you are watching TV, your 
virtual assistant starts reacting to phrases from your TV. 
Please indicate the extent to which you agree with the 
following statements. 

  Br1 I spend more time exploring different functions of 
virtual assistants despite the incident. 

  Br2 I ignore the incident and continue using virtual 
assistants as before. 
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  Br3* I unplug virtual assistants and only plug them in when 
needed. 

  Br4* I unplug virtual assistants and stop using them. 
* Indicates reverse coding item. 

 

 

Table D7. Pre-test results for Study 2 

 

N Minimum Maximum Mean 

Std. 

Deviation Skewness Kurtosis 

Statistic Statistic Statistic Statistic Statistic Statistic 

Std. 

Error Statistic 

Std. 

Error 

Pre1 269 1.00 5.00 3.3643 1.15626 -.279 .149 -.816 .296 

Pre2 269 1.00 5.00 3.3829 1.13880 -.319 .149 -.766 .296 

Pre3 269 1.00 5.00 3.2045 1.12262 -.203 .149 -.664 .296 

Pre4 269 1.00 5.00 3.8216 .94915 -.638 .149 .031 .296 

Pur1 269 1.00 5.00 3.6840 .99653 -.814 .149 .279 .296 

Pur2 269 1.00 5.00 3.5651 .98138 -.541 .149 -.279 .296 

Pur3 269 1.00 5.00 3.5985 .96320 -.560 .149 -.113 .296 

Pra1 269 1.00 5.00 3.3086 1.04630 -.034 .149 -1.028 .296 

Pra2 269 1.00 5.00 2.9703 1.17778 .155 .149 -.975 .296 

Pra3 269 1.00 5.00 3.2788 1.08258 -.058 .149 -1.021 .296 

Pra4 269 1.00 5.00 3.3494 1.07750 -.137 .149 -.804 .296 

CC1 269 1.00 5.00 3.7100 1.03553 -.594 .149 -.500 .296 

CC2 269 1.00 5.00 3.7361 1.07596 -.725 .149 -.186 .296 

CC3 269 1.00 5.00 3.6357 1.06907 -.653 .149 -.264 .296 

CC4 269 1.00 5.00 3.7398 1.06467 -.754 .149 -.096 .296 

IT1 269 1.00 5.00 2.5316 1.20475 .448 .149 -.858 .296 

IT2 269 1.00 5.00 2.8290 1.17520 .003 .149 -1.110 .296 

IT3 269 1.00 5.00 2.8587 1.13399 -.091 .149 -.817 .296 

IT4 269 1.00 5.00 3.4870 1.06716 -.680 .149 -.139 .296 

IT5 269 1.00 5.00 2.9591 1.14369 -.116 .149 -.911 .296 

IT6 269 1.00 5.00 3.1338 1.09814 -.336 .149 -.776 .296 

CR1 269 1.00 5.00 2.0892 1.01456 .727 .149 -.265 .296 

CR2 269 1.00 5.00 3.2900 1.06747 -.415 .149 -.519 .296 

AR1 269 1.00 5.00 2.2119 1.06316 .544 .149 -.628 .296 

AR2 269 1.00 5.00 2.9405 1.11477 -.191 .149 -.993 .296 

AR3 269 1.00 5.00 3.8476 1.01986 -.881 .149 .431 .296 

BR1 269 1.00 5.00 3.0632 1.06842 -.238 .149 -.834 .296 

BR2 269 1.00 5.00 2.8253 1.10425 -.001 .149 -1.005 .296 

BR3 269 1.00 5.00 3.0743 1.27331 -.206 .149 -1.084 .296 

BR4 269 1.00 5.00 2.1561 1.11543 .809 .149 -.025 .296 
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