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Abstract  
 

Intelligent Personal Assistants such as Apple’s Siri and Google’s Now are a relatively new 

form of Human-Computer Interaction systems made possible by progress done in the field of 

Artificial Intelligence. This study investigates why, despite being a technologically advanced 

tool, the Intelligent Personal Assistant, has not found widespread adoption yet. 

 

Focusing our investigation on Early Adopters, the population currently needing to be 

convinced to adopt the technology, we constructed a survey based on the Unified Theory of 

Acceptance and Use of Technology (Venkatesh et al. 2003), administered it to Millennials in 

Germany and Austria and subsequently analyzed the data gathered via PLS-SEM modeling. 

 

Our main findings include that, not the conscious intention, but the ability to build a habitual 

interaction with Intelligent Personal Assistants is the driving force of adoption in our sample. 

We find that the barriers to Intelligent Personal Assistant’s adoption lie within their limited 

utility, the fact that they are prone to misunderstanding the user and that there is a lack of 

positive feedback from the user’s environment when using them. We also find that the ease 

of understanding how to use them constitutes a driver. Our findings offer insights into which 

changes to Intelligent Personal Assistants can help drive their widespread adoption and 

point towards the possibility that the UTAUT2 model could benefit from adjustments making 

it better suited for the investigation of the continued use of technologies. 
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1 Introduction 

1.1 Motivation & Background 

The emergence of Artificial Intelligence (AI) is considered by many as a turning point in 

human history and development. The implications are broad and AI will have a significant 

impact on society, changing how we do business, the future of labor and the way we interact 

with each other, technology and other man-made creations. 

 

Why is that the case? One part of the answer lies in the very fundamentals of what are 

considered significant drivers of production, leading to the total factor productivity (TFP) of 

an economy (Daugherty 2016), AI “has the potential to introduce new sources of growth, 

changing how work is done and reinforcing the role of people to drive growth in business.” 

(Accenture n.d.). It can be considered a hybrid of traditional capital and labor, outperforming 

people at certain tasks within an organization by being much more efficient and cost-saving 

(Daugherty 2016). With this technology encroaching on what was long believed to be a 

distinctly human domain, namely thinking and reflecting, societies will genuinely have to 

decide about measures such as an unconditional basic income (Street-Porter 2016).  

 

Today, AI is widely considered to create possibilities so groundbreaking that it is hard to tell 

which areas of life will not be affected over time. In order to understand the importance of the 

field of Artificial Intelligence one can look at the magnitude of impact which it already has 

and potentially will have in the near future. Today’s applications are so far developed that we 

can already get a glimpse of what we can expect: Autonomous cars, planning and 

scheduling, financial forecasting, speech recognition, video games, machine translation, face 

recognition and energy optimization are some of the applications that are already a reality. 

 

Applied Artificial Intelligence is making fast-paced progress. One of the realms where it is 

already quite far researched and progressed is the understanding natural human language - 

Natural Language Processing (NLP). Natural language is a context-sensitive “medium for 

communication” (Russell & Norvig 2009, p.286), suffering from ambiguity, by which two or 

more entities may connect with each other. Resolving that ambiguity has long been beyond 

machines. Yet, sufficient progress has been made over the last couple of decades for the 

technology to be, amongst other things, deployed in the context of human computer 

interaction (HCI). Smart voice-interfaces are being developed and trying to gradually 
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become a mainstay in our daily interactions with technology. These so-called Intelligent 

Personal Assistants (IPAs) have the ability to process oral input and deliver direct answers, 

supporting the user in a dynamic environment.  

  

Many of the major technology companies have started developing and releasing such 

assistants to the public over the years, with the most prevalent being Apple’s Siri and 

Google’s Google Now service (Netmarketshare.com 2015). New entrants are finding their 

way into the market now with Microsoft introducing its Cortana service on Windows 

computers and others such as Viv, originated by former Siri developers, and Bixby, found on 

Samsung smartphones, to name a few. These assistants could increase society’s total factor 

productivity if they were adopted broadly. 

1.2 Problem Definition & Research Gap 

In order to ensure and accelerate the adoption of Intelligent Personal Assistants as a new 

form and way of human computer interfacing, it is necessary to investigate the drivers and 

barriers influencing people’s use of it. 

 

Before proceeding, a clarification about how adoption is defined has to be made. Adoption, 

according to Rogers, is characterized as an individual’s decision to use and implement a 

novel innovation (Rogers 2010, p.20), which is described as an idea, practice, or object that 

is perceived as novel by an individual (Rogers 2010, p.11). The actual adoption of an idea 

may be distinguishable for most products and services by the individual’s act of buying or 

acquiring said ideas. Since IPAs are free software, do not have to be acquired separately 

and are usually pre-installed, this is not suitable as a measure of adoption in the context of 

IPAs. Therefore, we define adoption as the continued use of an Intelligent Personal 

Assistant.  

 

Whilst natural language interfaces have, starting with prototypes in the late sixties, long been 

sought after, they had not garnered a big following due to their incapability of understanding 

ambiguous inputs (Hill 1983). Yet, due to technological advances throughout the years, the 

early 2000s experienced a heightened interest in embodied conversational agents (ECA). 

These are virtual agents that exhibit multimodal communicative behavior, meaning that they 

not only understand and produce verbal communication but also non-verbal communication 

(Theune et al. 2005, p.52) such as mimic, posture and intonation. These aspirations have 

led to the development of ECAs like Greta (Poggi et al. 2005, p.3), a digital 3D model 
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simulating all of the above, which could be deployed as a customer service agent or as an 

interviewer. Along with the development of these embodied conversational agents, a lot of 

research on different aspects of interaction and development has been done ranging from 

the more technical such as the design and evaluation of gesture synthesis (Hartmann et al. 

2005, p.1095) to case studies of their implementation in museums (Kopp et al. 2005). 

 

Whilst this has informed research and caused some spillover to the practice of developing 

agents in general, embodied conversational agents have not found widespread adoption. 

Agents in a similar vein though are at the fingertips of millions of consumers since 

companies like Apple, Google, Microsoft and many others have started integrating them into 

their products and services with Siri, Google Now, the Google Assistant and Cortana 

respectively. Unfortunately, though, despite their ubiquity, few researchers have grappled 

with questions of their adoption and use. A notable exception is Luger & Sellen’s 

investigation into the interactional factors of everyday use of what they call “conversational 

agents” (Luger & Sellen 2016, p.5286). In fact, the terminology describing the abovementiont 

agents is still unclear with “conversational agent” and “Intelligent Personal Assistant” 

sometimes being used interchangeably and not being clearly delineated. In this paper, we 

will use the latter term and its abbreviation “IPA”. 

 

Yet, neither the research on embodied conversational agents nor the few and far-between 

research on Intelligent Personal Assistants and conversational agents give a holistic 

overview of the barriers and drivers of adoption but rather an inductive approach based on 

interviews and individual cases. 

 

This is the research gap the authors would like to address and in doing so, aim to investigate 

the diffusion of IPAs and identify the most promising areas for future developments to focus 

on to, ultimately, lead to a higher rate of adoption. Whilst embodied conversational agents do 

indeed exist as consumer products today (in the form of holographic avatars representing 

Mattel’s Barbie (Buhr 2017) or Gatebox’s anime avatars (Gallagher 2016)), the Intelligent 

Personal Assistants this thesis is interested in do not feature avatars and are solely focused 

on verbal behavior, excluding hand gestures, facial expressions and other kinds of nonverbal 

behavior exhibited by humans. We will focus on IPAs found on smartphones, despite there 

being versions of IPAs that can be found on dedicated speaker systems and desktop 

computers as they are the most ubiquitous in society at the moment.  
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1.3 Research Questions and Structure 

Since IPAs come pre-installed on modern smartphones, every user has access to one. Yet 

according to news articles and reports, it seems that the majority of users is not using those 

conversational agents and those who use it, do so rarely rather than regularly (Creative 

Strategies 2016). This study aims to investigate the roots for the decision to-use or not-to-

use such an Intelligent Personal Assistant and to offer approaches to improve the adoption 

of the technology.  

 

We intend to pinpoint the barriers for continuous use of IPAs as a new form of interfacing 

with technology whilst at the same time, investigating the existing drivers for consumers to 

use it already, despite the apparent barriers. Based on this investigation, we will then be able 

to recommend which areas for improvements, be that approaches to overcome the barriers, 

boost the drivers or both, would lead to the biggest growth in user acceptance. 

 

To do so, it is necessary to exercise a literature review in the field of AI, especially in the 

subfield regarding IPAs. Said literature review will inform our application of the well-

established Unified Theory of Acceptance and Use of Technology model, more specifically, 

the model constructed specifically for consumer-adoption (UTAUT2) in order to conduct an 

empirical study to deliver valuable insights. 

 

We decided to focus on the so-called Generation Y, which Bolton defines as being born in 

the beginning of 1980s to the end of 1990s (Bolton et al. 2013, p.246). Besides this age 

frame of roughly 19 to 35 year olds and their appreciation of higher education, a key 

characteristic is a frequent exposure to technology from a young age on which makes it even 

more worth to explore the relationship of this generation to Intelligent Personal Assistants 

(Bolton et al. 2013, p.247). Interestingly Early Adopters tend to share some of these key 

characteristics and play a significant role in the overall diffusion process which will be shown 

later in this thesis (Dee Dickerson & Gentry 1983, p.226). This category of adopters, 

according to Everett M. Rogers (2010, p.282), is essential for the overall success of a 

technology or product and thus, leads the market. Said Early Adopters tend to be of younger 

age (Munnukka 2007, p.722; Laukkanen & Pasanen 2008, p.82). Additionally, they tend to 

have a higher educational level than the general population (Dee Dickerson & Gentry 1983, 

p.226).  
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Narrowing the geographical scope of the research allows us to keep the cultural variable 

constant which could potentially impact the connection between the different variables. We 

decided to focus on Germany and Austria since those countries are culturally similar, 

according to Geert Hofstede’s comparison of cultural dimensions (itim International a n.d.; 

itim International b n.d.).  

 

Building on abovementioned structure and objectives, this research asks the following 

questions:  

 

1. What are the barriers to consumers’ adoption of Intelligent Personal Assistants for 

the age group of 19-35-year-olds in Germany and Austria?  

2. What are the drivers to consumers’ adoption of Intelligent Personal Assistants for the 

age group of 19-35-year-olds in Germany and Austria?  

3. How can Intelligent Personal Assistants be improved to increase the rate of 

adoption? 

 

To answer the research questions, the thesis is structured as follows: We start with a 

literature review in chapter 2, investigate relevant bodies of literature coming together with 

the adoption of IPAs. In chapter 3, the thesis concerns itself with the construction of a 

questionnaire based on a version of the Unified Theory of Adoption and Use of Technology 

model proposed by Venkatesh et al. (2003) that will be adopted to this specific use-case as 

well as the sampling and design of the study. Chapter 4 presents the data and an analysis of 

the findings generated through Structural Equation Modeling. Chapter 5 focuses on the 

interpretation of these results in the light of the literature discussed in chapter 2 and its 

implications for theory and practice as well as future research. We then conclude the thesis 

with chapter 6. 

2 Literature Review 
This chapter presents an overview of research on artificial intelligence, before moving on to 

the more specific field of Intelligent Personal Assistants and their current incarnations in the 

marketplace. Following that, we investigate the theory of adoption and diffusion as well as 

the UTAUT2 model and justify the modifications we proposed. Last but not least, hypotheses 

on the relationships between the different predictors and target variables based on the 

literature review are formulated, firmly placing our research in existing literature. 
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2.1 Artificial Intelligence 

This chapter gives a brief introduction to the field of artificial intelligence and its different sub-

fields. This allows placing and positioning Intelligent Personal Assistants within the field. It 

covers the history of artificial intelligence and gives insights about the building blocks needed 

to enable the progress on Intelligent Personal Assistants.  

2.1.1 Brief History of Artificial Intelligence 

Even though the idea of the mind as a machine is documented as far back as Aristotle in 

400 BCE it was only in the midst of the last century that it assumed a serious form (Russell & 

Norvig 2009, p.5). As an inter-disciplinary field, Artificial Intelligence has been nourished by 

the contributions from mathematics, computer science, cybernetics, neuroscience, 

linguistics, economics as well as psychology and philosophy (Russell & Norvig 2009, p.5). 

Whilst philosophy contributed to the idea of the mind as a system operating as a set of 

logical rules, mathematics helped formalize the idea and worked out first order logic, 

algorithms and logical deduction. Economics supported this progress by working out theories 

on decision and game theory and the field of neuroscience contributed with its 

understanding of how the brain works, where similarities lay and how it is comparable to 

computer systems. Furthermore, cognitive psychologist shaped the view of the brain as an 

information process machine or entity (Russell & Norvig 2009, p.5).  

 

When Alan Turing published his deliberations (Turing 1950) about a testing procedure on 

whether a machine can mimic the reasoning and thinking of humans in 1950, academics and 

the public became broadly aware of the question, which is now known as the so-called 

“Turing Test”. There are many forms and implementations of the “Turing Test”, or imitation 

game by now but the question seems to remain unanswered. One reason for this is the 

nature of AI as a moving target, or as John McCarthy, who coined the term Artificial 

Intelligence, once put it: "As soon as it works, no one calls it AI anymore." (Vardi 2012). 

  

In hindsight, the years between the 1950s to 1970s are shaped by a feeling of early 

enthusiasm and big expectations towards the possibilities of AI. When computer scientists 

met at the Dartmouth Conference in 1956 for the first time to discuss the topic of Artificial 

Intelligence, the definition and aim back then was “to understand and model the thought 

processes of humans and to design machines that mimic this behavior” (Shukla Shubhendu 

& Vijay 2013, p.29) which is still vivid nowadays. In the current landscape, there are different 
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schools of thought but a fundamental distinction seems to be whether to mimic the way 

humans think or build up an ideal detached from the human and proceed from there.  

  

As one of the pioneers in AI, Arthur Lee Samuel, who coined the term “machine learning”, 

introduced an early work on the fundamentals of AI by developing the first self-learning 

program in the form of a checkers game using the so-called “brute force approach” (Russell 

& Norvig 2009, p.61). This procedure is characterized by the calculation of all possibilities in 

a certain setting by an AI system with the goal of finding the optimal solution, which is 

considered suitable for settings with a finite number of possibilities such as chess or 

checkers. 

  

The 1970s to 1990s were characterized by the development of an AI industry where expert 

systems were developed. These systems should emulate the decision making of human 

experts in narrow fields. Expert systems received heavy funding and were densely 

researched in the beginning but when backing decreased, accompanied by pessimism and a 

general feeling of disappointment, this phase later was known as the so-called “AI winter”. 

(Russell & Norvig 2009, p.24). 

  

The emergence of the World Wide Web in the 1990s and its broad accessibility in the new 

millennia combined with the high penetration of smartphones have led to the availability of 

huge data sets and the abovementioned input necessary for AI systems to “learn” and 

advance. (Russell & Norvig 2009, p.24), ushering in a new era of optimism for AI research 

and development. 

2.1.2 The Underlying Components of IPAs 

In order to understand the current progress in the field of IPAs, we now look at the most 

important pillars and the progress in the fields which helped produce and evolve IPAs. 

 

One field, in particular, has contributed to the advancement of this field, namely Natural 

Language Processing. What is meant by natural language, are the languages that have 

evolved naturally in our species without any conscious planning (in contrast to programming 

languages for instances such as Java, C++ or Python). The reason for Natural Language 

being important is that any Intelligent Personal Assistant will have to understand the 

language humans communicate with, in order to interface with as little barriers as possible 

with us and to understand the huge backlog of information that already exists on the web in 
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natural language. Systems need to be made compatible with the technology of language that 

we have been using for thousands of years. 

 

Knowledge representation is concerned with storing and retrieving the knowledge which is 

captured and used by an agent. It is stored in the so-called “knowledge base” which can be 

static or dynamic, which refers to an agent's ability to increase its knowledge base. This 

knowledge base matters since it is one crucial aspect of how and why an agent is able to 

deliver accurate solutions to the user’s requests (Russell & Norvig 2009, p.274). 

 

Speech recognition is another key aspect of IPAs. It is the ability of an agent to recognize 

and identify a string of acoustic signals as part of communication. The difficulties here are 

ambiguity and interfering noise which may lower the likelihood of being understood rightly by 

an agent. When it comes to proper speech recognition, according to Russel & Norvig (2009 

p.913), there are in general three major issues, namely segmentation, coarticulation, and 

homophones. For instance, segmentation is the issue that written text includes spaces in 

order to distinguish between the very words but it’s rather hard when it comes to speech - 

especially if it is relatively fast. Coarticulation arises when the last sound of a word emerges 

with the beginning of the next word, forming a somewhat misleading new sound. The issue 

of homophones refers to the fact that some words do sound similar although being different 

words (such as “there” and “their”).  

 

While other subfields such as vision systems or handwriting recognition also play a role, they 

are not the main technologies that Intelligent Personal Assistants hinge on. In the next 

chapter, we dive deeper into the notion of what IPAs are really capable of and which 

applications are available on the market already.  

2.2 Intelligent Personal Assistant 

To better inform our investigation, we now look at existing literature concerned with IPAs. 

 

Intelligent Personal Assistants are a manifestation of Artificial Intelligence technology 

(Canbek & Mutlu 2016, p.593). They apply various technologies introduced in the chapter 

above ranging from Machine Learning and Natural Language Processing to Knowledge 

Representation together with other technologies to form a cohesive, distinct whole that 

already made its way into the hands of consumers. Whilst IPAs made their mainstream 

debut with the release of Apple’s Siri in 2011 (Apple a n.d.), no clear definition of such 
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systems exists in literature yet, with practitioners, industry as well as academic literature 

using competing terms such as “personal digital assistant”, “virtual assistant” and “intelligent 

automated assistant” interchangeably with Intelligent Personal Assistant. 

 

In order to better understand which kind of services can be subsumed under the umbrella 

term of “Intelligent Personal Assistant”, we take a closer look at the literature and its 

definitions of it. 
 
Table 1: Definitions of Intelligent Personal Assistants found in literature 

Definitions  Examples Given 

“An IPA is an application that uses inputs such 
as the user’s voice, vision (images), and 
contextual information to provide assistance by 
answering questions in natural language, making 
recommendations and performing actions.”  
(Hauswald et al. 2015, p.223) 

“Apple’s Siri [1], Google’s Google Now [2], 
and Microsoft’s Cortana [3] represent a 
class of emerging web-service applications 
known as Intelligent Personal Assistants 
(IPAs). 
(Hauswald et al. 2015, p.223) 

“Intelligent Personal Assistants (IPAs) are 
speech-enabled technologies in mobile platforms 
[...]” 
(Canbek & Mutlu 2016, p.595) 

“[...] and examine IPAs (Apple’s Siri, Google 
Now and Microsoft Cortana) in detail [...]” 
(Canbek & Mutlu 2016, p.593) 
 
A more extensive list of 15 IPAs can be 
found on page 195 of Canbek and Mutlu 
2016. 

- “Audience: universal, consumer-oriented 
- Corpus: hybrid - web+structured 

knowledge bases + personal apps 
- Results: direct answers + back-off to web 

links 
- Query input: spoken natural language” 

(Joe Buzzanga 2015, p.4) 
 
“The name ‘intelligent personal assistant’ reflects 
its three key defining features: 

- Intelligent - conversational user interface 
that simulates an understanding of 
natural language and directly responds to 
the user with answers or actions 
(inferential capability is on the horizon) 

- Personal - unlike search, these products 
adapt to the user in new and profound 
ways 

- Assistant - aim to offload routine tasks 
(schedule a meeting, make an airline 
reservation)” 

(Joe Buzzanga 2015, p.12) 

“Intelligent personal assistants are 
exemplified in products like Siri, Google Now 
and Cortana.” 
(Joe Buzzanga 2015, p.12) 
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Based on the above descriptions of the technology, IPAs are applications that accept spoken 

Natural Language as actively provided inputs, combine them with contextual and personal 

information such as, for example, the user’s location, his calendar, time of day and learnings 

from past interactions. The output of these applications then either consist of concrete 

answers to questions asked, performing a requested action or acting as a conversational 

partner. Despite the fact that we are investigating smartphone-based IPAs only, they are not 

confined to these systems. The IPA service could be delivered through any device outfitted 

with a microphone, a speaker and access to data on its user (which generally requires an 

active network or internet connection). 

 

There are different strands of research on this kind of technology, ranging from the more 

technical such as the new demands the natural language queries and answers put on 

server-infrastructure (Hauswald et al. 2015), the potential of the technology or the design-

challenges of IPAs and their adoption.  

 

In general, the potential of the technology stems from its increased and increasing capability 

to understand natural language. Improvements in this area could have huge implications for 

search, which “remains unsatisfying in many ways” (Joe Buzzanga 2015, p.1) to this day. It 

essentially consists of a database query containing certain keywords, with the user 

interpreting and evaluating the results in search of the desired answer to the question he 

wants to be resolved. IPAs, through increased understanding of the contents of the web, 

have the potential to collapse the step of formulating a database query and interpreting its 

results in our current search-method. They aim at answering questions the user asks directly 

(Joe Buzzanga 2015, p.1). Considering the fact that, in a recent test, Google Now returned a 

direct, correct answer to 58% percent of the questions posed to the system it is fair to say 

that progress in this field is well underway (Enge 2014). 

 

IPAs can not only improve the quality of search in itself but also represent a different kind of 

human-computer interaction. They could lead to a vast improvement in the efficiency of 

voice-interfaces, potentially freeing the user of having to learn specific commands and 

allowing him to freely converse with the system to achieve his goals (Karsenty 2002, p.147). 

Whilst that reality certainly still is a long way off, first strides towards it are already being 

made with IPAs, potentially making computers more accessible for those that cannot use 

conventional graphical user interfaces due to physical constraints (Corbett & Weber 2016, 

p.72).  
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When looking at IPAs as a human-computer interface, design-challenges new and old 

occupy literature. Graphical user interfaces (GUI) were largely invented to make the 

functionality of applications transparent but introduced the constraint of having limited 

screen-space to display these functionalities - getting rid of the graphical user interface and 

relying on a voice-interface removes this constraint but re-introduces the problem of 

communicating the system’s functionality. Various techniques to get around this constraint 

were developed and tested. Ranging from implicit to explicit techniques, some opted to 

gently steer the user towards asking the questions the system is equipped to answer whilst 

others were more explicit in listing all the options the user currently has access to so as to 

make sure that it doesn’t get frustrated with the system but slowing down the user 

experience since the systems had to list the options (Yankelovich 1996, p.37). Similarly, 

researchers have investigated how, in absence of a GUI, people form a picture of the 

functionality of human-like agents such as chat bots or IPAs and they found out that users 

tend to form a holistic picture of the application/service (Knijnenburg & Willemsen 2014, p.2). 

In contrast to a GUI, where each design-element signals a piece of functionality and users 

therefore gradually build their mental representation of what the program can or cannot do, 

said mental picture is inherently integrated. The user judges that, based on his first 

interaction with the agent, it should be able to perform other functions as well, even though 

that function was not signaled by the system. This becomes a bigger problem when agents, 

including the likes of Siri and Cortana, simulate a human-like persona. Users start asserting 

that, since the agent is human-like, it should be able to perform actions that humans can do 

without a problem, creating a mismatch between the capabilities of the system and the 

user’s expectations, ultimately leading to frustration (Knijnenburg & Willemsen 2014, p.3). 

Researchers also looked into the influence of personality and proactivity of intelligent 

systems on the user’s perception of the system. They found that a proactive and cheerful 

personality is less desirable for users than a conscientious, kind and calm personality that 

isn’t as proactive and more aimed at fading into the background (Mennicken et al. 2016, 

p.128). Even though the study was performed with a smart home system that people lived in, 

it can still give us cues for IPAs. 

 

Last but not least, some initial research into the barriers to adoption was done by Luger and 

Sellen (2016), who find that user expectations are vastly out of step with the actual 

capabilities of the systems, meaning that they expect the system to be able to achieve more 

than it actually does. Additionally, they found that users mostly engaged with the systems 

when their hands were otherwise occupied. They handled the IPA as a secondary human-

computer interface that is mostly used when the preferable one, the GUI, is unavailable to 
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them. Furthermore, users adapted their language to the system, dropping complex queries 

and that they indeed wanted to converse with their IPAs as if the system was another person 

but that they were unlikely to do so in public  (Luger & Sellen 2016). 

2.3 Current Intelligent Personal Assistants 

Having introduced the concept of Intelligent Personal Assistants, we now move on towards 

introducing the major systems currently available to consumers to understand the attributes 

of the services that are to be adopted. 

 

As mentioned throughout this thesis, Intelligent Personal Assistants are the result of a 

technology that has already found its way into the hands of consumers. Whilst IPAs are 

generally platform-agnostic, i.e. they can theoretically be implemented on any system, that, 

at a minimum, contains a microphone, a speaker, and an active internet connection, they 

have mostly proliferated on mobile devices, since they are “virtually sentient” (Joe Buzzanga 

2015, p.15) meaning that they have a multitude of sensors including GPS, cameras, 

gyroscopes, etc. and most users always have them at hand. 

 

As we are investigating the reasons for adoption or non-adoption of IPAs, defined as the use 

of the systems, with this thesis, we focus on those that have a big installed base, which are 

those that are bundled with mobile operating systems, namely Siri and Google Now, the 

Google Assistant. Whilst other IPAs might, in theory, be accessible on Apple’s iOS and 

Android operating system as well, the fact that they have to be installed as standalone 

applications launched via the GUI or through an additional command to the already installed 

IPA, puts them at a severe disadvantage compared to Google Now and Siri, which have a 

dedicated button assigned to them. 

2.3.1 Apple’s Siri 

As part of the iOS operating system for iPhones and iPads, Siri’s launch in October of 2011 

caught the attention of the public as it was the first IPA to be introduced to the “masses” 

(Canbek & Mutlu 2016, p.596). Through spoken commands and questions, users can 

activate all of Siri’s functions. 

 

One of the most important functions of Siri is search. Users can ask questions and, should it 

know the answer, the system will provide them with a spoken response directly. For the 

questions it cannot answer, it falls back to performing a web-search, suggesting links that 
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hopefully contain the answers to the user. According to Enge, Siri correctly answered 29% of 

their 3086 questions directly and 53% of those completely as judged by their team (Enge 

2014). In better-defined areas, such as movie or restaurant recommendations, Siri performs 

much better, since it can rely on a specific service to provide it with the information it needs 

and the system knows what to listen out for. 

 

Yet, answering questions and providing recommendations is not Siri’s only functionality. As 

mentioned earlier, IPAs also act as a voice-user-interface. As such, Siri allows the user to 

set reminders, stopwatches, alarm clocks and interface with the communication features of 

the iOS operating system, such as calling and writing SMS, Emails, WhatsApp messages 

etc. to other users in his contact list as well as interfacing with services such as Uber and 

Lyft to hail a ride for example (Apple b n.d.). Up until September 2016, Apple kept the Siri 

system closed, with only their own developers creating new features and integrations for the 

IPA. With the release of iOS 10, they slowly started whitelisting interactions that they allow 

third-party developers to integrate their apps with (Apple b n.d.). It should be noted that, 

since September 2016, Siri is also available on Mac OS X, Apple’s desktop operating 

system. 

 

With 33% of the mobile operating system market share, Apple, with iOS and Siri, is one of 

the two big players in that market (Netmarketshare.com 2015). Yet, reading headlines such 

as “98% of iPhone users have tried Siri but most don’t use it regularly.” Leswing (2016) begs 

the question as to why they do not use these advanced systems more regularly. 

2.3.2 Google Now / Google Assistant 

Google introduced its own IPA in July of 2012 on the Google Nexus phone as part of 

Android 4.1 “Jellybean”. Similarly to Siri, Google Now answers questions directly and in 

spoken language when it “knows” the answers, should it not have a full answer at hand, 

defaults to a web search. Additionally, the service acts as a voice-interface for certain 

applications that Google has built an integration with, such as Gmail, WhatsApp, Pandora 

music etc. In contrast to Siri though, Google Now does not exhibit strong human-like 

behavior, which, according to Luger and Sellen, leads to a smaller gulf between user’s 

expectations and the system’s capabilities (Luger & Sellen 2016). 

 

Enge also investigated the search performance of Google Now in their test (Enge 2014) and 

found that it produced enhanced results, i.e. it was answering the question directly, for 58% 

of their approximately 3000 queries and that 88% of them were sufficiently answered. 
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Yet with 2015, Google decided to slowly phase out Google Now, removing the option of 

downloading it from the app-store whilst still supporting the installed base - which is big since 

the operating system was shipped with it installed. In May 2016, they instead unveiled the 

Google Assistant, which was then released exclusively on their Pixel phone and has, with 

the beginning of March 2017, made its way to other Android devices in German and English-

speaking countries, exclusively for devices at least running the Android “Marshmallow” and 

up, which, as of April 2017 make up about 35% of the installed base (DroidLife 2017).  

 

The Google Assistant can be considered a successor to Google Now, keeping most of its 

features but putting them into a new setting. It complements the voice-interface with a chat-

like-system that not only allows you to write your questions and commands to the Assistant 

but also displays some options you can take the conversation into from its current point, 

relying more heavily on on-screen interactions, giving the IPA a stronger personality and 

focusing more on a conversational interface instead of the query-like user experience of 

Google Now. 

 

So far, neither Google Now nor the Google Assistant allow for the integration of third-party 

add-ons to the software. Yet Google has already supplied developers with the tools to 

augment its Google Assistant service, a way to integrate them into your Google Assistant is 

expected to be released soon (9to5Google 2016). 

 

It should be noted that, Google Now was also available on the Chrome Web Browser as well 

and that the Google Assistant is available on the Google Home speaker system as well as 

the smartphone, with the main difference being that it is not possible for people to interact 

with the GUI of the Google Home system, since it does not have a screen, limiting people to 

voice only. As a matter of fact, not many of these devices have reached people’s homes yet. 

2.3.3 Other Parties 

So far, we have presented the IPAs most commonly available to users on their smartphones. 

Yet, there are others we have omitted. 

 

Cortana, for example, is functionally similar to both Google Now and Apple’s Siri and 

represents Microsoft’s attempt of an IPA. It has been running on their Windows Phone 

operating system since April 2014 and has also been released for other operating systems 

as a standalone application. As a matter of fact though, Windows Phone is not widespread, 
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with a market share of only 1.33%, making their IPA harder to use since they do not control 

the operating system it is running on. Yet, in January 2015, they also introduced it on the 

Windows 10, which, by now has a market share of about 25% in desktop operating systems 

(Netmarketshare.com 2015). 

 

Amazon introduced the Amazon Echo speaker which acts not only as a Bluetooth speaker 

system but is also home to their own IPA, Alexa. In the same vein as the other IPAs, it 

features search as well as commands with a voice-interface. Alexa is available on other 

devices as an application as well but as established in the beginning, they are rarely used 

because of the preference in accessibility given to the system-native IPAs Siri, Google Now 

and the Google Assistant. 

 
There are other IPAs on the market but most of them are not as well distributed as Siri, 

Google Now, Google Assistant and Cortana are. BlackBerry's 'BlackBerry Assistant', Braina, 

HTC's 'Hidi', Maluuba Inc's 'Maluuba', Motorola's Mya (unreleased), Samsung's 'S Voice' and 

‘Bixby’, Cognitive Code's 'SILVIA', Nuance's 'Vlingo', LG's 'Voice Mate', IBM's 'Watson', 

Facebook's 'M (Moneypenny)' are some that should be mentioned but we will not go into 

further detail concerning consumer adoption (Canbek & Mutlu 2016, p.595). 

2.4 Adoption and Diffusion 

To better understand the process of adoption, this chapter explores Rogers’ innovation-

decision process before moving on to the Unified Theory of Adoption and Use of Technology 

(UTAUT) and the adaptation of the model focused on consumers (UTAUT2) for our 

purposes. 

 

Research on technology adoption has concerned itself with questions as to why and how an 

individual decides to adopt a particularly new technology, which factors influence that 

decision and how likely it is for any given technology to be successfully adopted. On a 

macro-level, the process of the spread of a new technology through a population across time 

is called diffusion, whereas on a micro-level, i.e. an individual’s choice, it is the theory of 

adoption which investigates this issue (Rogers 2010, p.5).  

 

The sociologist Everett M. Rogers investigated the processes and influencing factors which 

may lead to the adoption of a new technology. For Rogers, the term diffusion is both a type 

of communication in which the message contains a novel idea as well as a process of 
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potential social change - depending on whether an idea is adopted or rejected. From his 

point of view, diffusion is a social process rather than something spontaneous and it 

progresses through multiple stages or groups. He clusters the population that might adopt an 

innovation into five ideal types ranging from innovators, who adopt an innovation first, to 

Early Adopters, Early Majority, Late Majority and Laggards, who are the last to adopt an 

innovation in a given population (Rogers 2010, p.247). 

  

With adoption defined as the continued use, reports indicate that IPAs have not reached the 

“majorities” yet. On the other hand, we do know that people do indeed use the systems 

(Sterling 2016) - there are at the very least a group of innovators using the systems. To 

reach the majorities, and through them, widespread adoption, the Early Adopters have to be 

converted to regular users. 
 
Figure 1: Diffusion Curve 

 
 

As mentioned in chapter 1.3 it might be useful to look at this bottleneck, the Early Adopters. 

We aim to generate insights on what it needs to increase the rate of adoption at this stage of 

diffusion. Whether an idea gets accepted or rejected and subsequently manages to reach all 

groups in the bell-curve or dies off before depends on various factors. Those factors may be 

related to the idea itself such as complexity and relative advantage, communication 

channels, time or socioeconomic factors such as the social context of the potential adopter.  

 

Building on this conceptualization, various other, more specific, theories have been 

presented in research over the last decades from which the most prominent ones have been 

the Technology Acceptance Model (TAM) and building on it, the Unified Theory of 

Acceptance and Use of Technology (UTAUT). The TAM by F. D. Davis (1986) which was, 

according to Venkatesh the most widely adopted model of users’ acceptance and usage of 

technology at the time, was together with multiple other models such as the Theory of 
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Planned Behavior (TPB) (Ajzen & Fishbein 2000) and 6 other models integrated into the 

Unified Theory of Technology Acceptance and Use (UTAUT). The organizational focus of 

the UTAUT model was later extended to be better-suited for consumers with various 

additions and omissions leading to the UTAUT2 model. Both models were specially 

constructed to investigate the adoption of information and communication technologies 

(Venkatesh et al. 2003) such as, for example, mobile instant messaging (Lai & Shi 2015), 

internet banking (Martins et al. 2014), NFC technology (Chen & Chang 2013) or investigating 

Information and Communication Technology (ICT) adoption in Poland (Kondrat 2017).  

 

As both a description of the current state of how the technology is perceived and an 

indication of which of those perceptions are most important in the pursuit of widespread 

adoption are needed, this study operationalizes its investigation into the barriers and drivers 

to adoption utilizing this framework. As it is custom in its use and encouraged by Venkatesh 

et al., we modify the model to fit our purposes and capture the interdependencies at play 

(Venkatesh et al. 2012, p.162). 
 

Figure 2: UTAUT and UTAUT2 

UTAUT UTAUT2 

 

 
 

 

 
 

Sources: Venkatesh et al. 2003 and Venkatesh et al. 2012  

 

Performance Expectancy (PE) refers to how much a user expects to gain from using a 

certain technology, i.e. how useful the technology is to him. 
Effort Expectancy (EE) refers to the other side of the equation, it refers to how much time 

and effort he has to put in to gain the aforementioned performance. 
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Social Influence (SI) acknowledges the fact that a user does not exist in isolation but that 

his environment exerts significant influence. It refers to how much positive or negative 

signaling the (potential) user receives from his environment, as to whether to use or not use 

a certain technology. 

Facilitating Conditions (FC) refers to whether or not the user has access to the technology 

itself, the resources to learn how to use it and whether it is compatible with other 

technologies he already uses (Venkatesh et al. 2003, p.447). 

 

In addition to these predictors, both models stipulate that Age, Gender, and Experience with 

the technology in question are moderators for the relationship between the determinants and 

the target variables, either strengthening or weakening their influence on Behavioral 
Intention (BI) and Use Behavior (USE). 
 

UTAUT2 is an evolution of UTAUT, it, therefore, shares a lot of core variables with the 

original model. Compared to its predecessor, UTAUT2 removes the “voluntariness of use” as 

a moderator, since it is assumed that, in a consumer as opposed to an organizational 

setting, people are not likely to be forced to use a technology by an authority. In exchange 

though, it adds three new predictors, those being the following: 

 

Hedonic Motivations (HM) “is defined as the fun and pleasure derived from using a 

technology” (Venkatesh et al. 2012, p.165). It has been added to the model since it plays a 

major role in the consumer’s decision to adopt a technology. 

Price Value (PV) was added to the model since, other than in an organizational setting, the 

consumer has to pay for the technology himself. This predictor represents the perception of 

how the technology’s value compares to its price.  

Habit (HA), as the name suggests, is concerned with the consumer’s intensity of using a 

technology. Whereas experience is usually operationalized as a time-period since which a 

user has first used a service, it does not give us any information about how often or how 

intensely the consumer is using it. The Habit predictor acts as one way to address this 

shortcoming (Venkatesh et al. 2012, p.166). 

 

Just like UTAUT itself, the UTAUT2 model has been adapted and extended to various 

different settings. Yet, for a model that is built for the investigation of consumer’s ICT 

adoption, the topic of privacy is conspicuously absent in most of the variations of the model 

that exist. Whilst there were a few adaptations that included privacy as a variable, Lai and 

Shi’s (2015) approach in their paper on the use of instant messaging and social networks in 
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China stands out as simple and effective implementation of it, showing that the inclusion of 

privacy increases the R-squared of the model. They use Novak et al.’s (Novak et al. 1999) 

definition of Privacy Concerns (PC) and describe the predictor as “an internet user’s 

concern for controlling the acquisition and subsequent use of information that is generated 

by him or her or that is acquired on the internet” (Lai & Shi 2015, p.650). We have therefore 

chosen to use their model as the inspiration for an adaptation of UTAUT2 well-suited for the 

investigation of IPAs.  

 

A constant theme when looking into IPAs seems to be that often users feel some kind of 

unease or discomfort using them in public. One study testing 500 mainstream US 

consumers, carried out by a company called Creative Strategies, found that only 6% of those 

that do use Siri do so in public (Creative Strategies 2016). Since the model needs to 

represent the factors influencing adoption to investigate their magnitude and direction of 

impact, we decided to integrate the revised self-consciousness scale (SCS-R), developed by 

Scheier and Carver (1985), as a moderator and a way of measuring how much the user’s 

disposition to feel embarrassed influenced the model. The SCS-R is a 22 item questionnaire. 

It allows one to measure people’s private self-consciousness, representing the degree of 

awareness of the user’s own thoughts, their public self-consciousness speaking for the 

degree of awareness of themselves as a social object, and Social Anxiety (SA) measuring 

the degree to which they experience a discomfort in the presence of others (Fenigstein et al. 

1975). 

 

Due to constraints in the resources at hand and the substantial growth in sample size 

necessary to account for all moderating variables, this study focuses on the effects of the 

seemingly prevalent effect of Social Anxiety as a moderating variable only. 

2.5 Hypotheses 

Now that we have introduced the different parts of our adjusted UTAUT2 model, we look at 

how they are likely to interact with each other. 

 

Impact of Performance Expectancy: 
As investigations into various technologies have shown (Dwivedi et al. 2011, p.162), the 

higher the perception of the performance of a certain technology or product is, the higher a 

user's intention to use the product or technology will be. 
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H1: Performance Expectancy will have a positive effect on Behavioral Intention. 

 
Impact of Effort Expectancy: 
In their research, Venkatesh et al. (2003, p.450) found that Effort Expectancy stayed 

significant only in the first stage of their longitudinal study, indicating that experience 

moderates its influence. Whilst we cannot moderate for experience, we expect similar results 

in the use-case of IPAs, since people tend to learn how to interact with the system (Luger & 

Sellen 2016, p.5289). As most users will already have gathered experience with the system, 

we expect weaker results for Effort Expectancy than for Performance Expectancy. 

Nonetheless, we expect Effort Expectancy to exert significant influence on the formation of a 

behavioral intention. It should be noted that Effort Expectancy is negatively formulated. The 

higher the score, the lower the expected effort. 

 

H2: Effort Expectancy will have a positive effect on Behavioral Intention. 

 

Impact of Social Influence moderated by Social Anxiety: 
Whilst Venkatesh et al. point out that Social Influence is of particular relevance in the 

organizational setting when technology-use is mandatory (Venkatesh et al. 2003, p.451) 

which has been proven to be the case in various studies (Dwivedi et al. 2011, p.162), they 

showed in their later paper outlining UTAUT2 that it is still significant without authority 

mandating the use of a certain technology (Venkatesh et al. 2012, p.183). Since the items in 

the questionnaire are positively formulated, i.e. they ask whether their surroundings want 

them to use the technology, we expect higher Social Influence to cause higher Behavioral 

Intention. Additionally, we expect the effect to be moderated by Social Anxiety, which 

describes the degree to which a person reacts with discomfort to the presence of others 

(Fenigstein et al. 1975). We therefore argue that going against the social norm would cause 

a person exhibiting this trait greater discomfort and that the effect of social influence is 

greater on such a user since he avoids these negative experiences by conforming more. 

 

H3: Social Influence will have a positive influence on Behavioral Intention moderated 

by Social Anxiety in such a way that higher levels of Social Anxiety cause a stronger 

impact of Social Influence on Behavioral Intention. 

 

Impact of Privacy Concerns: 
Privacy is a major topic in the field of computer mediated transactions. Yet, research has 

found that in the case of social networks, users are concerned about their privacy but do not 
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act according to their concerns. This is what is called the privacy paradox (Taddicken 2013, 

p.248). While this might apply to the social web, other areas, such as healthcare (Gao et al. 

2015), mobile instant messaging (Lai & Shi 2015) as well as mobile social networking (Choi 

et al. 2015) tout a statistically significant connection between Privacy Concerns and 

Behavioral Intention. 

 

Since IPAs, similar to other mobile technologies, collect a lot of data, such as the user’s 

location, calendar, and contacts automatically, we argue that Privacy Concerns will impact 

the user’s Behavioral Intention in a negative fashion. 

 

H4: Privacy Concerns will have a negative effect on the Behavioral. 

 

Impact of Hedonic Motivations moderated by Social Anxiety: 
Hedonic Motivation is one of the variables added in the UTAUT2 model for consumers. In 

contrast to the organizational and professional setting, Hedonic Motivation is theorized and 

has been shown to play a role in consumer adoption of technology in that higher Hedonic 

Motivation leads to a stronger Behavioral Intention. Using an IPA is, in a lot of cases, a 

public act since the main method of interacting with today’s IPAs is through voice 

commands. It is therefore reasonable to assume that those with low levels of Social Anxiety 

will derive more satisfaction from it. 

 

H5: Hedonic Motivation will exert a positive influence on Behavioral Intention 

moderated by Social Anxiety in such a way that the effect will be stronger for those 

with low levels of Social Anxiety. 

 

Impact of Price Value: 
Price Value represents the relationship between the price paid for a product and its value to 

the user (Venkatesh et al. 2012, p.165). We expect higher levels of Price Value to positively 

influence Behavioral Intention. 

 

H6: Price Value will have a positive influence on Behavioral Intention. 

 

Impact of Facilitating Conditions moderated by Social Anxiety: 
In the original UTAUT model, Facilitating Conditions were not considered to have an impact 

on the behavioral intention of a user but on the actual use-behavior directly. This was 

thought to be the case since, in an organizational setting, Facilitating Conditions were 
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considered to be a proxy for behavioral control and that it was highly likely that all potential 

users had the same access to trainings and software integrations (Venkatesh et al. 2003, 

p.453). In a consumer setting, on the other hand, this is not the case, so UTAUT2 touts a 

connection between Facilitating Conditions and Behavioral Intention as well as Use Behavior 

(Venkatesh et al. 2012, p.168). We see this applying to the context of IPAs as well, although 

the effect of the variable might be weaker since every smartphone user has access to an 

IPA as well, removing the barrier of not having access to the technology. Since the ability to 

get help in using the system is part of the construct, we suspect its impact to be moderated 

by Social Anxiety, since we expect people with high levels of Social Anxiety are less likely to 

ask for help, or have access to people with the necessary knowledge to help, due to their 

discomfort experienced in the presence of others (Fenigstein et al. 1975). 

 

H7a: Facilitating Conditions will have a positive effect on Behavioral Intention 

moderated by Social Anxiety in such a way that the effect will be strongest for 

individuals with low levels of Social Anxiety. 

 

Not only do facilitating effects influence Behavioral Intention but their effect goes beyond 

that, they are a direct antecedent to usage not fully mediated by intention (Venkatesh et al. 

2003, p.454), since continued access to support with the use of a technology will help 

overcome any barriers to its usage. 

 

H7b: Facilitating Conditions will have a positive effect on Use Behavior moderated by 

Social Anxiety in such a way that the effect will be strongest for individuals with low 

levels of Social Anxiety.  

 

Impact of Habit: 
Whilst Behavioral Intention describes the conscious use of a technology, researchers 

acknowledge that there are other predictors of behavior pertaining to unconscious use. One 

such construct is Habit and it is meant to complement UTAUT’s focus on intentionality. 

 

Habit influences both, Behavioral Intention as well as actual use directly. On the one hand, 

the theory of planned behavior (Ajzen & Fishbein 2000) stipulates that repeated behavior 

can lead to well-established attitudes and intentions that can then be triggered by 

environmental cues. On the other hand, the habituation or automation perspective argues 

that habit can be a learned behavior that can trigger automatic activation, bypassing 
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intentionality, thereby influencing actual behavior directly. Both pathways are expected to be 

impactful (Venkatesh et al. 2012, p.161). 

 

H8a: Habit will have a positive effect on Behavioral Intention. 

 

H8b: Habit will have a positive effect on Use Behavior. 

 

Impact of Behavioral Intention: 
The role of Behavioral Intention as a predictor of actual Use Behavior is well-established in 

the social sciences and information system research (Venkatesh et al. 2003, p.427). 

 

H9: Behavioral Intention will have a positive effect on Use Behavior. 

 
Figure 3: UTAUT2 extended by Social Anxiety 
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3 Methodology & Research Design 
The objective of this research is to deliver answers to the three research questions stated in 

chapter 1.3 by testing the hypotheses formulated in chapter 2.5.  

 

Despite the fact that consumers have been introduced to IPAs years ago, there is little 

research building an understanding of what drives or inhibits their usage. Our study fills this 

research gap and delivers insights on how to drive their adoption. To deliver these insights, 

the research has to describe and explain the use of the systems in a way that allows us to 

give recommendations. To serve that purpose, we have chosen an approach to our study 

that is both descriptive, since it describes the current perception of the technology, and 

explanatory since it allows us to distinguish the different perceptions in terms of their impact 

on adoption. To measure the impacts of variables on target variables, researchers employ 

either experimental or statistical methods (Zikmund et al. 2009, p.60). To ensure 

compatibility with prior research and due to the resource constraints on a Master thesis, an 

online survey and the subsequent analysis of the results, are chosen as the tools for data 

collection. 

3.1 Method  

With high internet accessibility per household rates of 88% and 81% (2016), Germany and 

Austria have one of the highest overall penetration rates in the world, which makes an online 

survey approach feasible (InternetLiveStats.com a n.d.; InternetLiveStats.com b n.d.). They 

are an efficient way to reach a significant number of valuable responses. For this research, 

Copenhagen Business School’s offering of the SurveyXact tool is used.  

 

Online surveys for data collection have become a popular method in academia due to their 

various advantages such as the convenient and standardized format. Additional advantages 

such as the ease to analyze and interpret the results as they are already stored digitally, 

spoke in favor of this approach. Furthermore, they permit the surveys to be context-

sensitive, adjust later questions based on responses given earlier and filter-questions, 

allowing the researcher to only display questions relevant to the respondent and thereby 

reduce the dropout rate.  

 

Due to the low cost of conducting an online survey and the subsequent rise of their 

popularity, response rates are known to be low compared to the traditional “paper-and-
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pencil” format where the desired number of participants for significance may be reached with 

more time, effort and expenditure (Reynolds & Rodney 2006, p.4). Yet, there are a variety of 

strategies suggested in the literature to improve reach and response rates of online surveys. 

Jiali Ye, for example, recommends paying attention to the general design of the survey 

whilst keeping it clear, simple and easy to use, avoiding frustration for the participant 

(Reynolds & Rodney 2006, p.85). Therefore, effort and time will be spent on designing the 

questionnaires in an appealing way. Additionally, a mobile browser version to fill out the 

survey directly on smartphones will be created with the goal of increasing response rates 

and invitations will be personalized to increase participant’s engagement. 

3.2 Sample Design  

Saunders et al. point out that, since data collection from the whole population is considered 

impractical, time-consuming and expensive, sampling offers an alternative to a census when 

answering research questions (Saunders 2011, p.260). In this research’s case, sampling is 

required since the target population may be any person with a smartphone capable of using 

the major IPAs like Siri, Google Now, Google Assistant or Cortana and only the providers of 

IPAs might have a valid and complete list of users. This argument extends to making 

probability sampling impossible, since one cannot draw, with a known, equal, probability 

from a population that one doesn’t know the attributes of (Saunders 2011, p.276). Hence, 

non-probability sampling has to be applied (Zikmund et al. 2009, p.395). 

 

Even though probability sampling has advantages in terms of eliminating the selection-bias 

due to the random selection process, the non-probability technique is a valid approach for 

business research, especially when there is no sampling frame. By choosing non-probability 

sampling methods, namely self-selection sampling and snowball sampling, our results lose 

the ability to be generalized. As our research aims at generating initial explanations rather 

than ultimate conclusions, this approach is suitable considering the resource constraints.  

 

To reach participants for the questionnaire, we rely on existing, extended networks from 

which we have assembled a list of 400+ individuals that are highly educated, between 19 

and 35-years-old and residents of Austria or Germany who will be asked to participate in the 

survey as well as share the invitation with their network, allowing for targeted and fast 

collection. 
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Regarding the sample size required to do our analysis, we turn to Hair et al. (2014). One 

way to determine the sample size was suggested by Barclays et al. (1995) with the “10-times 

rule” suggesting, a minimum of ten times the number of maximum arrowheads pointing on a 

latent variable may be used as a rule of thumb. Considering the specialties with which 

moderating variables are treated in Partial Least Squares Structural Equation Modeling 

(PLS-SEM), this would lead to a required sample size of 110 valid respondents for a robust 

analysis. Yet, the “10-times rule” paints with a very broad brush, whereas Cohen (1992) 

presents a more nuanced picture with a power table. The power table available ends with 10 

formative indicators pointing at one variable, but it suggests a sample size of 91 for detecting 

effect sizes of 0.25 and 189 for effect sizes as small as 0.1 with a statistical power of 0.8 at a 

significance level of 5% (Hair et al. 2014, p.21). Going from 8 to 9 formative indicators in the 

table increased the recommended sample size from 84 to 88. For the step up from 9 to 10, 3 

participants were added. We strive to gather a minimum of 95 participants to be able to 

reliably detect medium-sized effects in our sample at a 5% significance level with a statistical 

power of 0.8 for effect sizes of 0.25 and higher. 

 

As stated above it is possible to make statistical inferences from a probability sample but not 

for non-probability sampling. Yet, statistical inferences do not necessarily have to be made 

to answer the research questions. The goal of the study is not to map the whole population 

but to find sufficient evidence for vectors of improvement on the services. Non-probability 

sampling allows us to do that and derives valuable insights with this method.  

3.3 Composition and Structure of the Questionnaire 

After having chosen and adjusted the UTAUT2 Model for the purpose of this research, we 

need to operationalize the model into a coherent and complete questionnaire that can be 

distributed to participants. To do so, multiple pretests were conducted in which we observed 

participants going through the questionnaire and asked them to think out loud and point out 

anything that seemed unclear to them. This was done with 10 persons from our network. In a 

second stage of pretesting, the survey was sent out to 20 individuals who were asked to 

complete the survey. This time, without any direct observation but with participant’s feedback 

being collected and incorporated where it seemed appropriate and the data of the 

respondents being analyzed. In the following, the final questionnaire will be outlined. 

 

First off, the survey is constructed in English. This decision allows us to integrate the 

different models used in the questionnaire which have not been translated into German, 
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namely the UTAUT2 model. This allows us to achieve an understanding of the survey whilst 

sidestepping potential problems arising with the translation of the survey since English 

proficiency in the areas in question can be considered good (EF n.d.).  

 

In creating the questionnaire, an optimal balance between breadth of data collected and the 

shortness of the questionnaire have to be achieved. Doing so, we end up with a 

questionnaire sporting, depending on which smartphone the participant is using, a maximum 

of 51 mandatory items and 2 optional items, taking between 8 and 12 minutes to complete. 

 

Taking advantage of the digital nature of the questionnaire, the survey is designed in such a 

way that it would adjust to the participant and his answers to specific filter questions and said 

filter questions are positioned towards the start of the questionnaire (Saunders 2011, p.466). 

At the beginning of the survey, respondents are greeted with an introduction as to the 

purpose and length of the study in minutes, information about how and when they will get to 

participate in the raffle for the prizes promised as well as how we intend to protect their 

privacy. We are doing so in order to minimize the probability of dropout due to uncertainty 

and lack of information (Saunders 2011, p.469). 

 

The survey first asks the respondents about which operating system they use primarily, 

since, as outlined in the sections above, there are different systems integrated into different 

smartphone operating systems. In order to customize the survey and thereby reduce 

cognitive effort on the respondent’s part, this information needs to be gathered early. When 

selecting “Android”, a subsequent question is followed regarding which of the two possible 

IPAs of Google, Now or Assistant, is installed on the participant’s system. To ensure that 

respondents know which service we are referring to, we introduce them to the system that is 

installed on their smartphone with a short introductory text and screenshots of the system in 

action. We then go on to ask them about when they have first used the IPA on their 

respective phone. In testing our survey with a number of people, we gathered that 

individuals who have never used an IPA before have a hard time answering the questions 

following and get frustrated. Combined with the fact that our pretests showed that they tend 

to, if at all, respond to the following questions in a random nature, we decided not to ask 

them any of the questions from the extended UTAUT2 model but to only ask them whether 

they intend to use IPAs in the future and collect demographic as well as personality related 

information from them. Additionally, participants got frustrated with the item-battery 

concerning price-value since IPAs are made available to consumers at no cost. It was 

therefore expected that the study would not benefit from the inclusion of the item-battery as 
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participants answered the questions randomly whilst its inclusion would, at the same time, 

increase participant’s chance to drop out. A decision was therefore made to remove this 

item-battery from the questionnaire, and therefore the model, entirely. For the respondents 

that have at least interacted with IPAs in the past, the subsequent page asks them about 

which language their IPA is set to.  

 

One of the items not specified in the UTAUT2 model is the actual use of the technology 

under investigation. Although it is an integral part of the model, only two applications besides 

Venkatesh et al’s (2012) own longitudinal two-stage survey gathering predictors and 

predicted variable with 4 months’ time in between stages, gathering this measure could be 

found by the researchers. One study on asymmetries in ICT adoption in Poland asks the 

participants about how often they use ICT through a Likert scale (Kondrat 2017, p.16) and 

another study on the adoption of internet banking asks how often the participant uses 

internet banking in different timeframes such as “once a year”, “once a week” up to “almost 

every day” (Martins et al. 2014, p.11). Considering the fact that the measure used should be 

equidistant to enable a Partial Least Squares Structural Equation Modeling analysis as well 

as the fact that, when possible absolute measurements are preferable (Hair et al. 2014, p.8), 

a question asking for how many times the respondent has used the system in the past week 

was chosen. The timeframe was set to a week since a small timeframe would potentially be 

subject to random fluctuations in respondent’s days and timeframes akin for example to 

“During the past 4 days” would be cognitively straining and might lead to dropouts. Pretests 

showed that respondents have little difficulty answering the question. Whilst it is possible 

that respondents do not precisely remember exactly how many times they used the system 

in the past week, it gives us a detailed estimate in absolute numbers. 

 

The question is followed up by what they use the IPA for, measured using a 7-point Likert 

scale with the opposing ends of the scale being labeled “Never” and “Always”, making it 

symmetrical and equidistant, approximating an interval measurement (Hair et al. 2014, p.10). 

This data is collected in an effort to better understand which of the multiple features of an 

IPA is most used by a user and can help us interpret the results of the expanded UTAUT2 

model. 

 

The pages following are concerned with the UTAUT2 questionnaire which consists of 

multiple items with a 7-point Likert scale. Our pretests showed that a different formulation of 

questions is needed depending on whether respondents are actively using the service or 

not. Based on this insight, the questionnaire differs for participants that respondent with “0” 
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when asked for how many times they used the service during the past week in that the way 

the questions are formulated contain the subjunctive. Instead of “I find Siri useful in my daily 

life.” they will be faced with “I would find Siri useful in my daily life.”  

 

Following UTAUT2’s item-battery for Behavioral Intention, there are 2 optional open 

questions allowing respondents to add their ideas on how the systems could be improved as 

well as add any comments that they felt we didn’t cover with the questionnaire up to that 

point. 

 

We then go on to collect the personality information using the SCS-R questionnaire. Since 

we are not interested in respondent’s private self-consciousness, it was decided to drop the 

items concerning that measure from the questionnaire in the interest of keeping the survey 

concise (Saunders 2011, p.468). The last page collects demographic data such as gender, 

age, education, country of residence (which we expect to be Germany or Austria as of the 

geographical focus), as well as the respondent’s intensity of use of smartphones. 

 

Participants are then thanked for attendance and forwarded to a website set up for collecting 

their name and email address for the raffle they were promised in the beginning of the 

survey. This disconnects their name from the survey itself, preserving privacy. 

3.4 Data Collection   

As mentioned earlier, prior to sending out the invitation to participate in the online survey, 

multiple pretests were conducted. As Saunders et al. (2011, p.233) suggest, a trial run may 

provide valuable feedback concerning the survey and enables to revise issues and optimize 

the survey. Misunderstandings and unclear wordings were acted upon, as well as format 

adjustments, especially in the mobile version were made.  

 

To distribute the survey, multiple channels are used, combining attributes of snowball and 

self-selection sampling. First, young, highly educated individuals from our networks will be 

approached and asked to participate in the survey. They will also be asked to share the 

survey with people from their network. In addition to that, social media channels will be used 

to further increase the survey’s reach. As we are within the defined age range ourselves, this 

approach allows the survey to reach a sample consisting of the abovementioned age range 

rather than significantly higher or lower. 
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A carefully written invitation template was constructed and subsequently personalized for 

each person contacted so as not to be considered spam and to increase participation 

(Saunders 2011, p.249). Each invitation consists of elements such as the explanation of the 

purpose of research and the possibility to participate in a raffle. Additionally, it will be 

requested to further distribute the survey in order to help reach participants outside of our 

direct personal network. The limitations to participation will not be directly communicated to 

the participants themselves to reduce the length of the introduction needed and thereby, the 

cognitive load on the participants maximizing the chance of a contacted person converting to 

a participant. In case of participants not meeting the criteria of age range (being between 19 

and 35 years old) or geographical area (Germany or Austria), they will nonetheless be 

allowed to participate in the raffle designed to incentivize them to participate. 

 

The final version of the survey will be distributed towards the end of June and is planned to 

remain open for a minimum of two weeks and until a minimum of 95 valid responses is 

reached.  

4 Results 
In the following section, the data collected from the survey is cleaned, presented and 

subsequently analyzed in order to answer our research questions.  

4.1 Descriptive Statistics 

4.1.1 Data Cleaning 

Before describing the statistical characteristics of the participants of this study, the data 

undergoes some cleaning in order to provide a solid foundation and to meet the different 

criteria for the analysis.  

 

After 2 weeks the collection process completed with 164 valid responses. Of those 164, 132 

had answered that they had, at one point in the past, used the IPA installed on their 

smartphone operating system. 32 had never used them before and, as mentioned in 3.2, 

were therefore not presented with the questions necessary for the actual analysis. 
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A second criterion for the analysis was that the participants had to be residents of Germany 

or Austria since the authors aimed at focusing on a culturally homogenous region. Of the 

remaining 132 participants, 19 are residents of countries other than the ones mentioned and 

are therefore excluded from the data.  

 

In a third step, the data is cleaned from participants which are not within the defined age 

range of 19 to 35 years. Four participants are between 35 and 40 years old while one 

participant is between 40 and 45 years old. After their exclusion, 108 observations remain.  

 

We expected the usage of Cortana being the lowest among the IPAs investigated. According 

to one study investigating the usage of IPAs, 72% of their panel had never used Cortana 

before whereas the answers were only 2% for iPhone and 4% for Android users (Creative 

Strategies 2016). As expected, the number of people using Cortana is very low with only two 

participants using the Windows Phone operating system. This is too little for an analysis and 

does not warrant the added heterogeneity in the dataset. The observations are therefore 

removed.  

 

Since Google Assistant is a system that is slightly different from its predecessor Google Now 

in terms of functionality and comes pre-installed on the most current Android based phones 

released only, we decide to focus on Apple’s Siri and the Google Now system for the PLS-

SEM analysis whilst retaining the Google Assistant data for the purposes of the descriptive 

statistics only. 

 
Figure 4: Survey Distribution and Completion 
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To sum it up, the final dataset consists of 97 subjects which have used an IPA at least once, 

are between the age of 19 and 35 years old, from Germany and Austria and have access to 

either Google Now or Siri. 

4.1.2 Sample Description 

The data sports an almost equal distribution of sexes with 49 participants being female and 

48 male. Over half of the participants are between 25 and 29 which is not surprising since 

we are 26-years-old and due to network effects the majority of the participants are in this 

realm.   
 

Figure 5: Age and Education of Sample 

 

 

This network effect is also reflected in the educational background of the participants with 

over half the sample having obtained a Bachelor’s degree with an additional fifth of the 

sample having a master’s degree. As we set out in the beginning to investigate Early 

Adopters, we may assume that our sample is actually near the highly educated and young 

category of adoption.  

 

The great majority uses its smartphone at least 1 to 2 hours per day, one-third more than 3 

hours. These numbers indicate that the smartphone has become a crucial and constant 

companion for the age group examined. 

 

The data shows that an over-proportional part of the respondents owns an iPhone, with over 

76% of the sample using Siri whereas around 23% have stated to use Google Now. It may 

only be conjectured about the reasons and although not thoroughly tested, anecdotal 

evidence suggests that iOS usage is higher with more affluent and well-educated groups 

(Cocotas 2013), (Yarow 2013). But Rogers also states that Innovators and Early Adopters 
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have a higher socioeconomic status in general which could be a contributor to the high 

distribution of iPhone users in the sample (Rogers 2010, p.222).  

 

Our sample shows that two-thirds of participants tend to use their IPA in German which is 

not surprising since it is the mother tongue of most participants.  
 
Figure 6: Language Used 

 

Looking at what participants use their Intelligent Personal Assistants for, we can see that 

each of the three major functions these services provide is being used to different extents. 

 

Conversation is not a very prevalent use-case. 42 participants stipulate that they do in fact 

use it for conversation at least rarely, yet the majority of the sample says that they “Never” 

use it - the median use of this function is “Never”. There are no noteworthy differences 

between Google Now and the Google Assistant but the average is higher for Siri, indicating 

that people chat with it more (see chapter 8.3 for detailed data). 

 
Figure 7: Use-Cases 
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Concerning the use of IPAs as a control interface, 43 people say that they use it at least 

rarely. Other than with the conversation use-case, the non-negative responses’ distribution is 

more even, indicating a higher frequency of use. Again, there is no noteworthy difference 

between Google Now and the Google Assistant in their use as a control interface but, whilst 

the median remains “Never” for Siri, the data features a larger right tail and an average of 

2.25 indicating that participants use it as a control interface more. 

 

The function used by most overall is search. 49 participants said they used it at least rarely 

and it is the only function where the overall median is above “Never”. What is more is that 

Siri is the weakest in terms of being used for search with an average of just 1.92. Google 

Now is used for search more with an average of 3.3 and the Google Assistant’s average 

response is 5.3, indicating fairly frequent use by the 9 participants who do have a 

smartphone with the Google Assistant installed. It is likely that these people are even more 

tech-savvy than the rest of the sample as the Google Assistant is installed on the latest 

Android phones only. 

 

Between Siri and Android services, there is a tendency of Android services being used more 

for search and Siri being used more for conversation and controlling the device. This might 

be due to the general association made with Google as a search engine and the search-

results being qualitatively better for Google Now as established in chapter 2.3. Additionally, 

the general setup of the two IPAs could be responsible for this tendency. Whilst Siri’s clearly 

has a more human makeup, its Google Now counterpart sets its focus on the activity of 

search via voice interaction, not presenting itself as a person. Yet, the Google Assistant 

emulates a person and is being used more heavily for search than its predecessor, so the 

difference cannot solely be attributed to the degree to which the systems have a human 

“personality”. 
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4.1.3 Technology Perception  

This section deals with notions of how IPAs are perceived by the sample. Despite the fact 

that our sample should include disproportionately many Early Adopters, one can tell by the 

questions regarding the frequency of usage that IPAs are not being utilized much. This is 

illustrated by approximately half of the participants have stated that they have not used an 

IPA in the week before and the median of Use Behavior being zero. Only a few users use it 

regularly, independent of operating system.  
 
Figure 8: Use Behavior 

 
 

Performance Expectancy (PE) is generally low with Siri performing the worst and Google 

Now performing slightly better. Google Assistant’s responses indicate, on average, a higher 

Performance Expectancy. There is a general tendency towards perceiving IPAs as 

something not necessarily useful or helping to increase productivity at all.  

 

The results for Effort Expectancy (EE) show that IPAs are not seen as a highly complicated 

technology. Averages around 5 for most questions show that the adoption of IPAs seem not 

to be constrained by their complexity. There is no immediately apparent difference between 

the different IPA systems. 
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Figure 9: Responses PE and EE 

 

It is also observable that there is a lack of positive social influence. Questions regarding 

Social Influence (SI) were majorly rejected. No notable difference exists between the 

different IPAs in this regard. 

 

Moreover, regardless of system, the IPA is perceived as something that the user has the 

necessary knowledge and resources to use, which is in line with them being preinstalled on 

all phones and generally it’s designed to be easy to use. Furthermore, considering high 

averages of 4.5 to 6 when looking at Facilitating Conditions (FC) the respondents generally 

think that they know how to get help for dealing with IPA systems, in case they need it as 

well as that it is compatible with other technologies used. 

 
Figure 10: Responses SI and FC 
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Moving on to Privacy Concerns (PC), opinions seem to be evenly distributed, in fact, slightly 

skewed towards stronger Privacy Concerns. Considering recent history as well as the 

breadth of data an IPA uses, it is not too surprising that the sample is reporting concerns 

regarding data security. It is interesting to note that this concern is slightly higher in the 

responses of Google Now users.  
 

Figure 11: Responses PC and HM 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Intelligent Personal Assistants seem to be enjoyed (HM) and perceived as an 

entertaining kind of technology with averages of around 4. The average is slightly higher for 

Apple users.  

 

The results of the habitual questions (HA) show that only very few are using the technology 

habitually. The outcomes actually show a great refusal of such a claim for all systems. The 

data also contains the participant's intention (BI) to use the technology in the future. While 

around 40% state that they intend to use IPAs in the future, the average falls the stronger 

the claim in the question gets. As seen with other questions already, the IPA that performs 

the worst is Siri. Google Now is performing slightly better. The Behavioral Intention to use 

the Google Assistant, on the other hand, is quite high. 
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Figure 12: Responses HA and BI  

4.1.4 Comments 

Optional fields in which participants can freely express their thoughts and ideas on how to 

improve IPAs were included and allow us to capture more detailed data on their opinions on 

the system. Looking at these comments, some topics stand out. 

 

Out of the 39 participants leaving comments, 13 mention, in some way, that they are 

frustrated or not satisfied with how often the system understands their intention compared to 

how often it doesn’t. 

 

“Haven't used it in a while - last time I used it Siri had difficulties understanding everything. I 

don't want to waste time explaining what I meant so I rather search/do things myself.”  

(Stift & Yigen 2017) 

 

Another recurring topic, with 11 participants mentioning it, is the IPAs functionality in general 

and 7 additional comments are concerned with the integration of the IPA with other services, 

thereby also addressing what it can do for the user. While very few of the suggestions focus 

on general improvements and improvements in the conversation use-case, and a few more 

focus on improvements in search, the majority (12 out of 18) perceive a lack of options to 
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control their device and/or services running on their device and therefore, a lack of 

usefulness. 

 

“Siri should be compatible with other Apps (WhatsApp, FB Messenger, Public Transport, 

etc..) Besides Countdown, reminder and calling, it seems pretty useless.”  

(Stift & Yigen 2017) 

 

Another topic that came up was the topic of data security with 4 of the comments primarily 

concerned with it. While, for example, one participant suggests a self-contained system on 

the device, another takes issue with Google providing the service. 

 

“I do not like or use Google Now, because I think, that they collect too much Data. I do not 

want to allow Google to follow every step I take. I think if you change this and if Google do 

not collect every data, I would use Google Now.”  

(Stift & Yigen 2017) 

 

Three participants mention explicitly that they think the public aspect of using an IPA is 

uncomfortable for them and that they wish for improvements in that area. 

 

“It is weird to give commands to your phone - be it in public or private places. Hence an area 

of improvement would be to make it follow different signals, as tapping for example.” 

(Stift & Yigen 2017) 

 

The last discernable category is two participants wishing for better introductions to the 

service. Another 7 comments are either incomplete or unclear. 

4.2 PLS-SEM - Measurement Model 

Having looked at the data as-is, we turn towards investigating how the different data points 

are interconnected. To do so, we use PLS-SEM analysis (short for Partial Least Squares 

Structural Equation Modeling) which allows us to explore just that by simultaneously 

analyzing the relationship between multiple variables. 

 

We would like to analyze how the perception of multiple aspects of the technology influence 

the Behavioral Intention to, as well as the Use Behavior of IPA technology. More precisely 

we analyze whether relationships between the variables influencing technological adoption 
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introduced with the UTAUT2 model extended by privacy concerns by Lai and Shi (2015) do 

exist in our sample and how strongly they influence Behavioral Intention and Use Behavior. 

 
Figure 13: UTAUT2 without Price Value 

 

 

As mentioned earlier, observations that did not fulfill our criteria were dropped. In addition, 

users with Windows Phones sporting the Cortana IPA were also removed since only two 

participants used the system. It was also decided to drop the participants using Google 

Assistant on their Android devices since there were very few observations. 

 

Before one can go on to estimating said relationships between the variables (the inner 

model), one has to make sure the latent variables themselves hold up to statistical scrutiny 

(the outer model). 

 

Therefore, the analysis begins with the outer model by asking whether the different 

questions asked in relation to each of the latent constructs have a lot in common, indicating 

that they truly do measure the same construct. To judge whether this so-called indicator 

reliability is in order, we look at the outer loadings of the items on the latent variables. Values 

above 0.7 are considered to be good whilst values between 0.4 and 0.7 need to be judged 

individually as to whether their removal improves other aspects of the outer model, namely 

internal consistency reliability (Hair et al. 2014, p.102).  
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Internal consistency reliability is measured via Cronbach's Alpha as well as the Composite 

Reliability, with both measuring how closely the items are related to each other. Values of at 

least 0.6 on Composite Reliability are acceptable. 

 
Table 2: Internal Consistency Reliability 

 

 
Composite 
Reliability 

Cronbachs 
Alpha 

BI 0.9416 0.9066 

EE 0.8426 0.8157 

FC 0.678 0.5955 

HA 0.8428 0.7319 

HM 0.9323 0.8958 

PC 0.9369 0.9258 

PE 0.9404 0.905 

SA 0.861 0.8092 

SI 0.971 0.9552 

USE 1 1 

 

Table 3: Factor Loadings  

 

Factor Outer Loading Factor Outer Loading 

BI 1 <- BI 0.8886 PC 1 <- PC 0.7823 

BI 2 <- BI 0.9162 PC 2 <- PC 0.9761 

BI 3 <- BI 0.949 PC 3 <- PC 0.967 

EE 1 <- EE 0.7568 PE 1 <- PE 0.9221 

EE 2 <- EE 0.8852 PE 2 <- PE 0.9405 

EE 3 <- EE 0.5192 PE 3 <- PE 0.8865 

EE 4 <- EE 0.8351 SI 1 <- SI 0.9456 

FC 1 <- FC 0.38 SI 2 <- SI 0.9663 

FC 2 <- FC 0.8021 SI 3 <- SI 0.9619 

FC 3 <- FC 0.2476 p_sa_1 <- SA 0.7468 

FC 4 <- FC 0.8395 p_sa_2 <- SA 0.6758 

HA 1 <- HA 0.794 p_sa_3 <- SA 0.6307 

HA 2 <- HA 0.8489 p_sa_4 <- SA 0.68 
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HA 3 <- HA 0.7576 p_sa_5 <- SA 0.7098 

HM 1 <- HM 0.948 p_sa_6 <- SA 0.8253 

HM 2 <- HM 0.931   

HM 3 <- HM 0.8362   

 

FC 1, FC 3, EE 3, p_sa_2, p_sa_3 and p_sa_4 feature outer loadings below 0.7. As outlined 

by Hair et al. (2014, p.104), an indicator with an outer loading between 0.4 and 0.7 should be 

removed if its removal increases internal consistency reliability past the threshold. Whilst 

Effort Expectancy is already past the threshold, EE 3’s relationship with Effort Expectancy is 

not statistically significant (see chapter 8.2.1) and therefore has to be removed nonetheless. 

The removal of p_sa_2, p_sa_3 and p_sa_4 will not be necessary since the construct 

already is above the internal consistency reliability threshold. 

 

Statement one in the “Facilitating Conditions” item-battery is “I have the resources necessary 

to use [IPA ].” whilst statement three is “[IPA ] is compatible with other technologies I use.” 

each then asking the participant for his agreement with the statement on a 7 point Likert 

scale. It seems the questions were interpreted in different ways by some of the participants 

and might therefore not have yielded consistent responses. The indicators FC 1 and FC 2 

were removed from the analysis. 

 

EE 3 asks the participant whether he agrees or disagrees with the following statement “I find 

[IPA ] easy to use.”. The remainder of the item-battery asks whether the user finds learning 

the system easy or not, hence the construct now only measures the ease of learning to use  

the system. 
 
Table 4: Internal Consistency Reliability (FC 1, FC 3 and EE 3 removed) 

 

 
Composite 
Reliability 

Cronbachs 
Alpha 

BI 0.9416 0.9066 

EE 0.868 0.7999 

FC 0.8061 0.5213 

HA 0.8428 0.7319 

HM 0.9323 0.8958 

PC 0.937 0.9258 

PE 0.9404 0.905 
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SA 0.861 0.8092 

SI 0.971 0.9552 

USE 1 1 

 

 

As we can see from the data above, the removal of FC 1 and FC 3, as well as, EE 3 

increased their respective indicator’s composite reliability. 

 

As a result of the deletion of FC 1 and FC 3, neither access to enabling technologies nor the 

compatibility of IPAs with other technologies and smartphone applications can be considered 

when looking at the results of our PLS-SEM analysis. Whilst the first is not very significant 

since only users who did use an IPA in the past were asked the question and therefore likely 

to have access to the enabling technology, the removal of FC 3 is unfortunate since many 

participants mentioned the lack of compatibility with certain apps in their comments at the 

end of the survey. 

 

In addition, one has to make sure that the items have the strongest loadings on the 

constructs they were intended to measure and that the constructs do not measure the same 

real-world phenomena (discriminant validity). To ensure this, we look at two factors: First, we 

make sure that the cross-loading for any other latent variable is not higher than the loadings 

for the construct the item was intended to measure. This is true for all the items as we can 

see from the table in chapter 8.2.2 in the appendix.  

 
Second, we compare the square root of the AVE (average variance extracted) value with the 

construct’s strongest correlation with another latent variable. This method, called the 

“Fornell-Larcker Criterion” is based on the idea that a construct should share more variance 

with its associated indicators than with any other construct. As one can see from the table 

below, this is indeed the case in our dataset. 

 
Table 5: Discriminant Validity 

 AVE Sqrt AVE Correlation Strength 

BI 0.8432 0.9182592227 PE 0.7669 

EE 0.6876 0.8292164977 FC 0.4273 

FC 0.6754 0.8218272325 EE 0.4273 

HA 0.6417 0.8010617954 USE 0.6983 
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HM 0.8215 0.9063663718 BI 0.323 

PC 0.8334 0.9129074433 FC 0.1218 

PE 0.8402 0.9166242414 BI 0.7669 

SA 0.5099 0.7140728254 USE 0.229 

SI 0.9178 0.958018789 BI 0.5471 

USE 1 1 HA 0.6983 

 
 
With the outer model analyzed, we can turn our attention to the inner model. 

4.3 PLS-SEM - Structural Model 

When assessing the inner (or structural) model, the indicators of importance are the path 

coefficients, t-values and R2 values indicating the strength of the relationship in the model, 

their statistical significance and the explanatory power of the model respectively (Hair et al. 

2014, p.169). 

 

As Hair et al. point out (2014, p.172), different kinds of research consider different levels of 

significance as the cutoff-point for significance. We argue that a significance level of 5% is 

appropriate in this setting, translating to a t-value of approximately 1.66 for a one-tailed test 

with 96 degrees of freedom like ours. 
 
Table 6: Results PLS-SEM Analysis 

 

Hypothesis Relationship T-Value Path Coefficient Significance level 

H1 PE -> BI 6.0131 0.4732 0.00001 

H2 EE -> BI 1.174 0.0847 rejected 

H3 SI -> BI 0.6787 0.0651 rejected 

H3 * SA SI * SA -> BI 1.1759 0.0992 rejected 

H4 PC -> BI -0.5215 -0.0311 rejected 

H5 HM -> BI 0.9803 0.0683 rejected 

H5 * SA HM * SA -> BI 1.0404 -0.1401 rejected 

H7a FC -> BI -0.7885 -0.066 rejected 

H7a * SA FC * SA -> BI -0.5334 -0.0984 rejected 

H7b FC -> USE -1.9017 -0.145 rejected 
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H7a * SA 
FC * SA -> 
USE -0.8057 -0.1375 rejected 

H8a HA -> BI 4.0888 0.3381 0.0001 

H8b HA -> USE 5.4244 0.6006 0.00001 

H9 BI -> USE 0.5519 0.0431 rejected 
 

 R2 R2 Adjusted 

BI 0.7662 0.7359 

USE 0.5294 0.5035 

 
 

From the results, one can see that, Behavioral Intention is statistically significantly influenced 

by Habit as well as Performance Expectancy and that the explanatory power of the model for 

the Behavioral Intention (BI) variable can be described as substantial (Hair et al. 2014, 

p.175) with 76.62% of variance explained. Yet, no significant relationship between BI and 

Use Behavior exists in our dataset. Interestingly though, the data shows a significant and 

strong direct relationship between Habit and Use Behavior with a path coefficient of 0.6006 

and a t-value of 5.4244 respectively. 

 

This would suggest that, concerning the adoption of IPAs, the focus of the UTAUT model, 

Behavioral Intention, is not as strong of a predictor as hypothesized and handled by 

Venkatesh et al. (2012) but that Habit plays a much larger role than initially expected. 

 

As outlined in chapter 2.5, the fact that a significant relationship between Habit and Use 

exists is, in itself, not surprising. It is to be expected that, BI, which is the conscious decision 

and plan to behave in a certain way in the future (Venkatesh et al. 2012, p.4), will become 

less reflective as the behavior gets ingrained in a person’s day to day life (Lankton et al. 

2010, p.302). What is surprising though, is the strength of the effect and the fact that 

Behavioral Intention is seemingly non-influential when it comes to Use Behavior. 

 

Since Habit is the only predictor of actual behavior that proves to be statistically significant in 

our model and since the R2 value of Use Behavior with this model can be considered 

substantial in this setting, a closer look at the variable Habit itself seems to be warranted 

before going deeper into the model analysis. 
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According to Lankton et al. (2010, p.305), habit formation is influenced by four constructs in 

their research on multiple different IT-technologies. We will investigate the impact on Habit 

(HA) of those variables captured in our survey which can be considered subsets of the 

higher order concepts outlined by Lankton et al. (2010). We extend our model to add 

predictors for Habit. The four constructs outlined in their work are: 

 

Prior IT-Use:  

The frequency by which a person has used an application and its features, changes the 

usage that is non-habitual into continued usage that becomes habitual (Lankton et al. 2010, 

p.301). Since our research does not capture the intensity with which the subjects have used 

the technology in the past, this is a factor which we cannot replicate with the data at hand. 

 

Satisfaction:  

Lankton et al. state that whether a technology meets or disappoints pre-use expectations 

towards the technology influences the formation of a habit (Lankton et al. 2010, p.301). 

Whilst we did not independently measure the expectations towards the technology of IPAs 

before use, the participant’s current perception of the usefulness from a utilitarian, a 

hedonistic as well as a social perspective through Performance Expectancy (PE), Hedonic 

Motivation (HM) and Social Influence (SI) respectively was measured. As outlined in chapter 

2.5, we expected the user’s Hedonic Motivations and the level of Social Influence 

experienced to be moderated by Social Anxiety. We therefore hypothesize: 

 

H1b: Performance Expectancy will have a positive effect on Habit. 

 

H3b: Social Influence will have a positive influence on Habit moderated by Social 

Anxiety in such a way that higher levels of Social Anxiety cause a stronger impact of 

Social Influence on Behavioral Intention. 

 

H5b: Hedonic Motivation will exert a positive influence on Habit moderated by Social 

Anxiety in such a way that the effect will be stronger for those with low levels of 

Social Anxiety. 

 

Importance:  

Lankton et al. argue that the higher the personal relevance of a technology is for an 

individual, the more likely it is for the subject to develop a habit of using the technology 
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(Lankton et al. 2010, p.302). None of the constructs captured in our survey can be 

considered parts of this construct. 

 

Task Complexity:  

Empirical research found a relationship between the complexity of behaviors and their 

development into habits. In said research, rising complexity lead to a lower likelihood of 

developing into a habit since they require increased cognitive load (Lankton et al. 2010, 

p.302). Our model includes a negatively formulated measure for the effort required to learn a 

new system which the authors deem to be appropriate as a proxy for task complexity in this 

context. Additionally, task complexity should be reduced if the information about the 

execution of the task is more easily accessible, as outlined by the Facilitating Conditions 

(FC) variable. We expect the same moderating effect of Social Anxiety on Facilitating 

Conditions as with its relationship to Behavioral Intention. We therefore hypothesize: 

 

H2b: Effort Expectancy will have a positive effect on Habit. 

 

H7c: Facilitating Conditions will have a positive effect on Habit moderated by Social 

Anxiety in such a way that the effect will be strongest for individuals with low levels of 

Social Anxiety. 

 

We now expand the original model by the new relationships just introduced to learn more 

about how habits are formed in the specific context of Intelligent Personal Assistants. 

 
Figure 14: UTAUT2 with Habit as Mediator 
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Table 7: Results PLS-SEM Analysis Model II 

Hypothesis Relationship T-Value Path Coefficient Significance level 

H1a PE -> BI 6.0872 0.4806 0.00001 

H1b PE -> HA 2.5512 0.2483 0.01 

H2 EE -> BI 1.1027 0.0825 rejected 

H2b EE -> HA 1.8157 0.1972 0.05 

H3a SI -> BI 0.5834 0.0571 rejected 

H3a * SA SI * SA -> BI 0.8498 0.0754 rejected 

H3b SI -> HA 0.0538 0.5781 rejected 

H3b * SA SI * SA -> HA 3.8598 0.4461 0.0001 

H4 PC -> BI -0.0241 -0.3818 rejected 

H5a HM -> BI 0.0625 0.9119 rejected 

H5a * SA HM * SA -> BI -1.3171 -0.1517 rejected 

H5b HM -> HA -0.0055 -0.0006 rejected 

H5b * SA HM * SA -> HA 0.5488 0.1486 rejected 

H7a FC -> BI -0.9968 -0.0904 rejected 

H7a * SA FC * SA -> BI -0.1196 -0.0182 rejected 

H7b FC -> USE -1.8281 -0.1468 rejected 

H7b * SA 
FC * SA -> 
USE -0.8351 -0.1503 rejected 

H7c FC -> HA -3.0877 -0.3001 rejected 

H7c * SA FC * SA -> HA -1.3717 -0.3038 rejected 

H8a HA -> BI 4.0185 0.3485 0.0001 

H8b HA -> USE 4.5859 0.5833 0.00001 

H9 BI -> USE 0.7246 0.0627 rejected 

 
 

 R2 R2 Adjusted 

BI 0.7627 0.7319 

HA 0.5816 0.5383 

USE 0.5218 0.49552 
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One can see from the results, that, except for H1a, H1b, H2b, H3b * SA, H8a as well as H8b, 

no hypothesis is supported at a significance level of at least 5% with t-values. In total, 

58.16% of the variance of Habit can be explained by these variables, which suggests that 

despite not including prior IT-Use and Importance variables, a moderate level of explanatory 

power for the concept of Habit was achieved with the data at hand. The extended model 

retains its explanatory power relating to USE as well as BI whilst supplying us with more 

information on the most influential variable - Habit. 

 

Whilst hypothesis H7c was rejected in the one-sided test expecting a positive T-Value (a 

positive relationship between Facilitating Conditions and Habit), running a 2-sided test would 

ascribe a significance level of 0.01 for a negative relationship. 

 
Table 8: 2-Sided Test FC Model II 

Hypothesis Relationship T-Value 
Path 
Coefficient 

Significance level 
(two-tailed test) 

H7c FC -> HA -3.0877 -0.3001 0.01 

 

To sum it up, our model suggests that Performance Expectancy has a positive effect on 

Behavioral Intention as well as Habit. Additionally, Effort Expectancy has a positive effect on 

Habit and that Habit influences both Behavioral Intention and is the main driver of Use 

Behavior in our data. Whilst Social Anxiety does moderate the relationship between Social 

Influence and Habit, the relationship itself is not significant. Additionally, our data shows that 

Facilitating Conditions have a significant, negative effect on Habit. 

 

As stated in 2.3, our model, with a sample size of 97, has a statistical power of 0.8 for effects 

stronger than 0.25. It is therefore likely that any effects not found with this research are 

smaller than that. 

5 Discussion 
In this chapter, we answer the research questions. First, we answer research question one 

and two, outlining the barriers and drivers to the adoption of this technology. Second, we 

answer research question three, based on the answers to one and two, before discussing 

the implications of this research for theory. Finally, we outline this study’s limitations and 

opportunities for future research. 
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5.1 Barriers and Drivers 

1. What are the barriers to consumers’ adoption of Intelligent Personal Assistants for 

the age group of 19-35-year-olds in Germany and Austria? 

 

Barriers to adoption are factors that contribute to low Use Behavior of the IPA user. As such, 

any factor that is low and is connected to Use Behavior with a positive path coefficient or that 

is high and is connected to Use Behavior with a negative path coefficient is considered a 

barrier. 

 

The first predictor that falls into this category is Habit. The sample exhibits extremely low 

levels of Habit and, as H8b shows, it is the strongest predictor of actual Use Behavior to be 

found in the model. Since it is the only variable exerting significant influence on the target 

variable, we repositioned it in the model as a mediator instead of a pure predictor and we will 

use it as our target variable in this section since all significant positive influences pass 

through the Habit construct. Low levels of Habit are the main barrier to the adoption of 

Intelligent Personal Assistants. Influencing Habit, there are another 3 variables that fall into 

the category of barriers. 

 

One of them is Performance Expectancy. Participant’s answers to this item category 

average 3 out of 7, the comments regarding the limited functionality and misunderstandings 

suggest low utility and the path coefficient for the connection between Performance 

Expectancy and Habit (H1b) is 0.248. This suggests that the utility of the services is too low 

to warrant adoption.  

 

Surprisingly, Facilitating Conditions has to be classified as a barrier. Not because the sample 

exhibits low levels of it but because the levels are high and they exert a negative influence 

on Habit (H7c). It should be noted that, due to the removal of FC 1 and FC 3 in the 

adjustments of the outer model, the latent variable Facilitating Conditions only describes the 

knowledge a participant has about the system and whether he or she has access to people 

with knowledge about the service. Seen in that light, it suggests that, the greater the 

knowledge available to a person, be that knowledge the participant possesses him or herself 

or that his or her social network has, the lower the Use Behavior. This could suggest a 

number of things such as, for example, that the system only stays interesting as long as 

there is more to learn about it and opportunities for experimentation exist or that the more 

knowledgeable a person has about technology in general, the less an individual wants to use 
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it because he or she has a wider array of choices for achieving the same purpose as he 

would with the IPA at hand which would both be in line with the thinking that the expected 

gain from using the system seems too low. Another line of thinking would that the prevalent 

factor in the effect of FC is the number of people knowledgeable about the system in one’s 

network since they might exert a negative social influence on the user. While these are 

potential reasons for this negative connection, Facilitating Conditions alone does not allow 

us to discern between these reasons. 

 

Another variable that fulfills the criteria for being a barrier is Social Influence moderated by 

Social Anxiety. Without controlling for Social Anxiety, Social Influence does not exert a 

significant influence on Habit either. This suggests that whilst Social Influence does not 

factor into everyone’s inclination to build Habit in the same way, it does exert influence and it 

does so more for people with higher levels of Social Anxiety. This combination of factors 

exerts the strongest influence on Habit of all predictors exerting significant influence. 

Unfortunately, the Social Influence scale only measures positive social influence with the 

lower end of the scale interpreted as no positive social influence being present. It is defined 

as “the degree to which an individual perceives that important others believe he or she 

should use the new system” (Venkatesh et al. 2003, p.451). Yet, in combination, the 

apparent lack of positive social influence, the negative influence of Facilitating Conditions, a 

variable containing how much one’s environment knows about the service, as well 

comments suggesting that users are embarrassed to use the system in public, point to the 

possibility that there might actually be a negative social influence - that using IPAs comes 

with a social cost. 

 

As mentioned earlier, our model has a statistical power of 0.8 for path coefficients of 0.25 or 

stronger. This means that there is a chance that the model has failed to report connections 

between variables that are weaker than that. We can fall back on descriptive statistics only 

to point out factors that could inhibit adoption. One such variable is Privacy Concerns which 

was mentioned as a barrier in the comments and the levels for the construct were 

moderately high for the overall sample. We, therefore, consider it a barrier to adoption as 

well, even though it seems not to be of major importance. 

 

To sum it up, the barriers to the adoption of Intelligent Personal Assistants are the fact that 

users are not building habits around the systems, a general perception of the low usefulness 

of IPAs, a lack of positive social influence, with signs for there being a negative social 

influence as well as, Privacy Concerns.  
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Now that we have established the barriers to adoption, we will take a closer look at the 

drivers of adoption and thereby, answer our second research question. 

 

2. What are the drivers to consumers’ adoption of Intelligent Personal Assistants for the 

age group of 19-35-year-olds in Germany and Austria?  

 

The drivers of adoption are any factors that lead to high Use Behavior. As such, any 

predictor with a positive path coefficient and high levels measured as well as any predictor 

with low measurements and a negative path coefficient. 

 

With this definition in mind, there is only one factor that can clearly be considered a driver - 

Effort Expectancy. It should be kept in mind that, for our PLS-SEM analysis, we had to 

remove EE 3 from the outer model, reducing the concept to variables describing the ease of 

becoming proficient with the system. Our data shows high levels of Effort Expectancy, 

signaling that the sample considers the process of becoming proficient at using IPAs to be 

easy, and the path coefficient for the connection between Effort Expectancy and Habit (H2b) 

is 0.1972. The ease of learning about the systems is, therefore, a driver of their adoption. 

 

Again, considering the explanatory power of our model, we have to take the possibility into 

account that we missed drivers. One such factor that we might not have been able to identify 

as a driver in our model potentially having an effect on Use Behavior could be Hedonic 

Motivation. Across both Siri and Google Now, participants report heightened levels of said 

variable with averages around 4 out of 7, indicating that they perceive it as entertaining to 

use the systems. Whilst this might not be a long-term driver of adoption, it might help 

persuade users to experiment and to build habits. 

 

To sum it up, the ease of learning how to use the systems as well as the fun users are 

experiencing when using IPA systems are considered to be drivers of adoption. 

5.2 Improving Intelligent Personal Assistants 

To answer our third and last research question, we have to combine all of the above to give 

recommendations as to which improvements might yield the highest returns in practice. 
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We can see from the model, that, to achieve the ultimate goal of increasing the adoption and 

thereby Use Behavior of IPAs, increases in habitual interaction will yield the best results. Our 

model’s adjusted R squared for Habit is 53.83%, which is of a similar magnitude to what 

Lankton et al. (2010) achieved with their model. This is considered a medium amount of 

variance explained, according to Hair et al. (2014, p.198).  

 

According to the barriers and drivers described in the previous chapter the goal of the 

measures to increase adoption should be to increase Performance Expectancy and Social 

Influence moderated by Social Anxiety, keep Effort Expectancy and Hedonic Motivation 

constant or increase them and lower Facilitating Conditions as well as Privacy Concerns 

which translates to increasing the service’s utility, reducing negative influence from other 

people and easing user’s privacy concerns whilst keeping the systems fun and easy to use. 

With this in mind, the third research question can now be answered. 

 

3. How can Intelligent Personal Assistants be improved to increase the rate of 

adoption? 

 

Looking at adoption literature (Rogers 2010), a new idea has to provide a relative advantage 

to the idea it is the successor to. Yet, respondents don’t seem to see the utility of IPAs. They 

do not perceive them as useful but as cumbersome to use due to their limited functionality 

and the misunderstandings they experience in their interactions. 

 

IPAs can be seen as a form of voice-user-interfaces. As outlined in 2.2 a voice user interface 

is freed from the constraints of a GUI and could, therefore, allow for as many commands at 

any point as the user can learn and the system can discern. Cases in which a VUI provides 

a lot of utility are those where it can replace a multi-step interaction with a single voice-

command. By speaking a command, the user could execute a function that would take him 

or her multiple clicks (or “taps”) on a GUI, essentially “jumping” through multiple layers of an 

interface. There are only a few of these functions such as setting an alarm, editing calendar 

entries or setting reminders, for example, implemented in the IPAs available today (Purewal 

2017) (Cross 2016). They exist and add value but they are few and far between and should 

be expanded upon moving away from a focus on simple interactions such as placing a call 

or opening an application that can just as easily be accomplished with a GUI. 

 

Another avenue for improvement would be to expand on the functionality of the IPAs. As 

noted in 2.3, the discussion on the IPAs currently on the market, none of them have focused 
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on integrating third-party applications into their services, severely limiting their functionality 

and therefore their usefulness. In fact, both Siri and Google Now have, up until recently not 

allowed for third-party integration. Smartphones generate large amounts of value by allowing 

users to install new applications and extend the functionality of their system, yet, when 

considering IPAs as an alternative HCI, only allowing users to interact with few applications 

severely limits their utility. Allowing, and indeed, encouraging the development of third-party 

integrations has the potential of making them more useful in all of the three use-cases. The 

IPA could control applications directly and hand off user-requests or conversations to other 

software providers. In this case, the service would no longer be fulfilled by the IPA itself in all 

cases. Instead, the IPA could fulfill another function, that of being an intermediary, the first 

point of contact in a voice-based interaction and directing the user to the service that can 

help him in case the IPA itself cannot. 

 

Yet, with the expansions of the capabilities of the service, the downsides of a voice user 

interface will become apparent, namely that communicating the capabilities of using such a 

service will become a challenge, especially if one aims to retain the ease of learning how to 

use the system as a driver of its adoption. A potential solution would be to allow for both, 

direct and specific commands to bypass all interface layers as well as a structured process 

guiding the user through the menus.  

 

While improving the utility of the service is one approach to increasing the Performance 

Expectancy of IPAs, another is decreasing the frustration experienced by users. Multiple 

people have mentioned in their comments that they wish for a reduction in the number of 

times they are misunderstood by the IPA. These misunderstandings can stem from different 

sources.  

 

First off, a user can speak a command that the system supports, yet it does not translate his 

spoken utterance into text correctly. In this case, the fault lies with speech recognition 

technology, which needs to be improved. A second source could be Natural Language 

Processing as in, a user clearly expresses his intention but not in a way the system is 

familiar with - it, therefore, throws an error. Luger and Sellen’s research support these two 

assertions as they found that users would adjust their pronunciation as well as their 

language when using IPAs (Luger & Sellen 2016, p.5289). Both speech recognition, as well 

as Natural Language Processing, are areas that Google and Apple are constantly improving 

(Protalinski 2017). Yet, another source of friction between the user and the IPA leads us 

back to Knijnenburg and Willemsen (2014) who posit that a user develops a holistic picture 
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of the service. This could be problematic since Siri acts human-like and the user could, 

therefore, expect that it can do basic things that humans are perfectly well equipped to deal 

with. Since IPAs are still far from human capabilities, there is a big chasm that leads to 

frustration. It is recommended that, while Siri can retain its personality, it should make 

perfectly clear which actions it is and is not capable of performing for the user, leaving little 

room for potentially wrong assertions. 

 

The abovementioned improvements and changes should influence Performance Expectancy 

in a positive way whilst potentially increasing the effort necessary to become proficient in 

using an IPA. Special attention will have to be paid not to overcomplicate the technology and 

therefore weaken one of the drivers of Habit and with it the adoption of the service. 

 

The positive effect of improving the utility of the services is likely not to stop there though. 

Improving people’s perception of IPAs will likely also impact the suspected negative social 

influence they exert on others or, at least, make the tradeoff between said influence and the 

benefits derived from using them more favorable for the usage. Yet, besides improving 

utility, another way to decrease the impact of Social Influence on Habit would be to reduce 

the exposure to the public one experiences when interacting with one’s assistant. This could 

be done by adding other forms of interacting with it to the service - written text or, as one 

participant suggested, “tapping” (Stift & Yigen 2017). From the small sample that was 

collected on users of the Google Assistant, which primarily distinguishes itself from Google 

Now through a chat-interface and the ability to display responses and search results on a 

Graphical User Interface, we can see that the Social Influence is not as low as it is for the 

other services with averages of around 3. Adding other input methods could be a promising 

vector of improvement for IPAs. 

 

Additionally, whilst this research could not establish a significant connection between Privacy 

Concerns and Habit, we can see from the comments that at least some users are concerned 

about sharing their data for the provision of the service. Considering the fact that IPAs are a 

technology heavily reliant on data, reducing the amount of data used, and with it likely the 

quality of the service, is not recommended. We were able to detect a difference in the 

Privacy Concerns between Siri and Google Now though, which could be explained by Apple 

having positioned itself in the public eye as a protector of consumer data with their public 

dispute with the FBI in 2016 (Kharpal 2016), whilst Google has a reputation for collecting 

and using as much data as possible. Hence, our data indicates that branding oneself in the 

right way and building trust with the user can ease the Privacy Concern. 
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Due to the limitations of our model we cannot be sure that Hedonic Motivation does not at 

least play a minor role in the adoption of IPAs. Considering that prior IT-use is a factor 

influencing habit formation, a hedonic motive to use the system should not be discounted in 

being able to increase it. We, therefore, suggest that a close eye should be kept on not 

losing the entertaining aspect of the IPAs when expanding their functionality and input 

methods. 

 

To sum it up, Intelligent Personal Assistants can be improved by expanding their 

functionality to include more specific commands, allowing for third-party integration, 

continuously improving speech recognition and Natural Language Processing technologies, 

adding less public input methods and by companies working on being recognized as actors 

that respect their user’s privacy. These changes can improve habit formation and with that, 

adoption of Intelligent Personal Assistants. 

5.3 Implications for Theory 

Besides informing practice through the recommendations above, one can also learn from our 

research for future investigations of similar technologies. 

 

Venkatesh et al. acknowledge the substituting relationship between Habit and Behavioral 

Intention in their effect on Use Behavior. Although most research’s focus relies solely on 

Behavioral Intention as the target variable under scrutiny, treating Habit only as a factor 

contributing to Behavioral Intention whether or not the intention under investigation is a 

continuation or purchase intention. Furthermore, a lot of research does not collect data on 

Use Behavior, losing the possibility to test for the relationship between Habit and Use 

Behavior as well as Behavioral Intention and Use Behavior. 

 

Our results show that whilst Behavioral Intention might be well-suited to explain a purchase 

decision or the decision to use a service for the first time, it might be in need of adjustments 

for explaining continued use. To really be true to its name, the Unified Theory of Acceptance 

and Use of Technology would have to be extended to better explain and capture the factors 

leading to the development of habits such as, the approach of Lankton et al. (2010) and the 

four determinants of habit formation. Other researchers go even further, suggesting a new 

model, the “Unified Model of IT Continuance” (Bhattacherjee & Lin 2015) which not only 

incorporates Continuance Intention and Habit as predictors of actual behavior but draws on 
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the expectation-confirmation model, to add an explanation of user satisfaction as a third 

predictor.  

 

Additionally, considering the fact that survey-questions should be formulated in a way that all 

participants interpret them in the same way (Saunders 2011, p.166), future researchers 

using UTAUT2 would be well-advised to adapt FC 1 from being an abstract question about 

resources to be more specific to the service/technology they are investigating, so as to avoid 

misunderstandings by their participants. Similarly, FC 3 might have been too unspecific in 

this setting as being compatible with other technologies could be understood as being 

compatible with other devices or software. What is more is that in the setting present, a 

technology that is freely available and where adoption is more concerned with continued use 

than with first-time use, EE 3 is seemingly probing a concept too different from the other 

items in the Effort Expectancy battery to make one coherent latent variable. These two latent 

concepts might need adjustments in the future. 

5.4 Limitations and Future Research 

The study and its results come with certain limitations, which we discuss now. 

 

First of all, whilst choosing a non-probability self-selection sampling method for this research 

allowed for quickly reaching participants that share traits with Early Adopters and allowed us 

to reach a sufficient sample size, it limits the generalizability of the study. The results should 

be taken as initial explanations for the low Use Behavior of IPAs and as initial 

recommendations for how to change IPAs rather than ultimate conclusions. Furthermore, the 

self-selection aspect of the questionnaire is likely to lead to people with a higher interest and 

awareness of the topic taking the survey, which could have led to people with more extreme 

positions participating (Zikmund et al. 2009, p.191), more moderate opinions could be 

underrepresented, potentially leading to overestimated effect sizes in the model. Concerning 

the size of the sample, as mentioned in chapter 3.2 already, the size of 97 participants is 

enough to uncover effects with a beta of more than 0.25 with a probability of 80% (Hair et al. 

2014, p.21). Uncovering more subtle effects would require larger sample sizes. Yet as our 

research is focused on practical implications, uncovering only stronger effects is suitable 

since they represent the biggest opportunities for changing the target variable - the use of 

IPAs. Future studies could improve generalizability by using probability sampling methods 

with different tools for data gathering that have a lesser self-selection bias. 
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Second, it should also be noted that there are limitations to using a survey. It bears the 

potential of participants misunderstanding questions or not stating their true opinions or 

simply not recalling past behavior. Whilst we have tried to minimize the potential for these 

problems to arise through the use of tried and tested questionnaire items, multiple and 

rigorous pre-tests as well as removing items that do not satisfy the requirements for 

reliability, the potential for these problems remains (Zikmund et al. 2009, p.232). We suggest 

that future research adapts some of the UTAUT2 questions to be tailored to the field they are 

investigating more specifically and observes actual behavior. 

 

Third, the fact that resources did not allow for a longitudinal study could have influenced the 

predicting variables captured through UTAUT 2, which are attitudes, and the target variable, 

Use Behavior. The study assumes that these attitudes towards IPAs, including the subject’s 

Behavioral Intention and Habit are more or less constant over at least one week and can 

therefore be used as a predictor for Use Behavior. A longitudinal study would be alleviated of 

this assumption. 

 

Fourth, the use of UTAUT2 introduced some limitations to the study. While UTAUT2 gathers 

a fairly complete picture of factors influencing adoption, it comes at the cost of these factors 

being fairly theoretical, needing translation into practice. Future research could investigate 

certain aspects of the UTAUT2 model in more detail, trading breadth of the model for depth 

and bringing the results closer to practice. Additionally, the UTAUT2 model relies strongly on 

the assumption that behavioral intention induces adoption and does therefore not include as 

complete of a representation of the factors influencing behavior as a driver of adoption. As 

we established in 5.2, Habit is a stronger driver in the adoption of IPAs, so a more complete 

investigation of Habit might yield additional insights. We also suggest that the UTAUT2 

model is extended by predictors for Habit. What is more is that the model does not allow the 

measurement of negative social influence. A closer investigation into whether there is a 

negative social influence in the case of Intelligent Personal Assistants could shed additional 

light on the barriers to adoption of IPAs. 

 

Fifth, whilst this research aimed at discovering vectors of improvement for all IPAs, our 

research focused on phone-based IPAs as they are the most widespread and prevalent. Not 

all the results are transferable to other ways of delivering IPA services such as on the 

desktop or through speaker systems. 
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Sixth, most of our participants used the service in German. Since the technology is focused 

on language and the understanding of it, the English version might be better at 

understanding the user and therefore, the levels of variables like Performance Expectancy 

might change with the language. Yet, this is unlikely to influence the nature or the strengths 

of the relationship between Performance Expectancy and Habit but rather the levels of the 

variable itself. 

 

Seventh, the self-selection bias in the data collected from Google Assistant users is likely to 

have distorted the data towards the very technologically well-versed since it is only available 

on cutting-edge smartphones. Additionally, the sample was very small. A further 

investigation on whether the Google Assistant has overcome barriers that the other IPAs 

have not could inform practice and advance the field.  

 

Last but not least it should be noted that the field of Intelligent Personal Assistant moves 

very fast and that potential improvements this research highlights might already have been 

taken advantage of by the time it is published. 

6 Conclusion 
This study revealed first insights into the attitudes of users towards Intelligent Personal 

Assistants and these attitudes’ impact on actual Use Behavior, identifying potential drivers 

and barriers to the diffusion of the technology. Literature reviews on Artificial Intelligent in 

general and Intelligent Personal Assistants in particular, as well as on Adoption and Diffusion 

theory were conducted followed by the collection and subsequent analysis of data, allowing 

us to paint a thorough and holistic picture of the adoption process of IPAs for Millennials in 

Germany and Austria. 

 

The results indicate that smartphone-based IPAs as a mean of interaction with the digital 

world lack a habitual anchor in the user’s life. According to our research, this is mostly due to 

the lack of utility generating use-cases, as well as the potential for a negative outside 

influence and heightened privacy concerns. Utility should be increased by improving the fit of 

commands to the interface-method, i.e. allowing for more specific commands, by allowing 

third-party integrations, clearly communicating functionality as well as improving natural 

language and voice recognition technology. Outside influence can be reduced by adding an 

input method less public than speaking out loud and care should be given to building 
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consumer trust on privacy concerns. This should be achieved whilst retaining the drivers to 

adoption - keeping the IPA easy to learn and fun. 

 

Ultimately, it remains to be seen if users are going to find IPAs useful and are willing to 

adopt them by interacting with them on a regular basis. As our technologies get 

interconnected and smart home devices for control and entertainment are becoming a reality 

in our homes, there is the potential and need for an effective and simple mode of human-

computer-interaction such as voice to become normal. The growing number of smart devices 

combined with the impressive progress in the field of voice recognition as well as AI-based 

information processing, will hopefully make for a time where interacting with them does not 

take up as much time and effort as they save us, freeing up cognitive capacity and 

increasing society’s global factor of productivity (Daugherty 2016). 
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8 Appendix 

8.1 Questionnaire 

Page 1: 
 
Hello! 
and thank you for participating in our survey! 
 
With this survey, we intend to find out more about the drivers of and barriers to adoption of 
what are called "Intelligent Personal Assistants" on smartphones. 
 
Completing the survey will take you somewhere between 7 and 10 minutes. We highly 
appreciate you taking the time to help us! If you stick around until the end, you will get the 
chance to win one of three vouchers (of your choosing) worth 30€! 
 
A quick note on privacy: 
The way we constructed the survey allows us to collect the data and email addresses 
separately so we can be sure that we cannot attribute your responses to your email address 
but we can still allow you to participate in the raffle for the vouchers. 
 

Q1:  
Which mobile operating system do you use primarily? 
[  ] Android 
[  ] iOS 
[  ] Windows Phone 
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Page 2: 
 
For Q1 = iOS / Windows Phone: 

 
In our thesis, we are investigating Intelligent Personal Assistants on smartphones. Since you 
are using [Operating System], you have one such Intelligent Personal Assistant installed on 
your phone - [IPA] ("[Activation Phrase]"). It is a voice-activated question-answer system that 
can perform searches, control functions of your phone (like playing music, setting alarms, 
ordering a taxi...), or serve as a conversational partner for you. 
 
[IPA] ("[Activation Phrase]") can be activated with a long-press on the home-button. It looks 
like this: 
 

  
 for Q1 = iOS          for Q1 = Windows Phone 
 

Q2:  
When have you first used [IPA]? 
[  ] I have never used [IPA] before 
[  ] Within the last year 
[  ] 1 to 2 years ago 
[  ] 2 to 3 years ago 
[  ] More than 3 years ago 
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For Q1 = Android: 
 

In our thesis, we are investigating Intelligent Personal Assistants on smartphones. Since you 
are using Android, you have one of two such Intelligent Personal Assistant installed on your 
device - Google Now or the Google Assistant ("OK Google"). They are voice-activated 
question-answer systems that can perform searches, control functions of your phone (like 
playing music, setting alarms, ordering a taxi...), or serve as a conversational partner for you. 
 
Every Android phone is equipped with one of them, either Google Now or the Google 
Assistant, and they can usually be activated through a long-press of the home-button (the 
bottom-center button). 
 
Google Now generally looks something like this: 

 
 
The Google Assistant looks like this and features a chat-interface: 

 
Hint: Google Now can look slightly different on different phones. The simple rule is: If it does 
not look like the Google Assistant - it is Google Now. 
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Q3: 
Which do you have on your phone? 
[  ] Google Now 
[  ] Google Assistant 

 
Page 3 (for Q1 = Android) 
 

Q2: 
When have you first used [Google Now/Google Assistant]? 
[  ] I have never used [Google Now/Google Assistant] before 
[  ] Within the last year 
[  ] 1 to 2 years ago 
[  ] 2 to 3 years ago 
[  ] More than 3 years ago 

 
Page 4 

Q4: 
Which Language is [IPA] set to? 
[  ] German 
[  ] English 
[  ] Other 

 
Q5 (USE): 
How many times did you, approximately, use [IPA] in the past week? 
____________________ 

 
Please choose your usage frequency for each of the following: 

Never    -    Always 
Q6: I use [IPA] for Search.    o   o   o   o   o   o   o 
Q7: I use [IPA] to perform actions    o   o   o   o   o   o   o 

 (write messages, set reminders,  
order a Taxi/Uber etc.).        
Q8: I have conversations with [IPA].    o   o   o   o   o   o   o 
 

Page 5 (where Q2 IS NOT “I have never used [IPA] before” AND Q5 IS NOT “0”) 
 
 Please indicate whether you agree or disagree with the following statements 
 
       Strongly Disagree - Strongly Agree 

Q9 (PE1): I find [IPA] useful in my daily life.  o   o   o   o   o   o   o 
 Q10 (PE2): Using [IPA] helps me accomplish  o   o   o   o   o   o   o 

things more quickly. 
 Q11 (PE3): Using [IPA] increases my productivity. o   o   o   o   o   o   o 
 Q12 (EE1): Learning how to    o   o   o   o   o   o   o 
 use [IPA] is easy for me. 
 Q13 (EE2): My introduction to Siri was   o   o   o   o   o   o   o 

clear and understandable. 
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 Q14 (EE3): I find [IPA] easy to use.   o   o   o   o   o   o   o 
 Q15 (EE4): It is easy for me to become skillful  o   o   o   o   o   o   o 

at using [IPA]. 
 Q16 (SI1): People who are important to me think  o   o   o   o   o   o   o 

that I should use [IPA]. 
 Q17 (SI2): People who influence my behavior  o   o   o   o   o   o   o 

think that I should use [IPA]. 
 Q18 (SI3): People who's opinions I value prefer  o   o   o   o   o   o   o 

that I use [IPA]. 
 

Page 5 (where Q2 IS NOT “I have never used [IPA] before” AND Q5 IS BIGGER “0”) 
 
 Please indicate whether you agree or disagree with the following statements 
 
       Strongly Disagree - Strongly Agree 

Q9 (PE1): I would find [IPA] useful in my daily life. o   o   o   o   o   o   o 
 Q10 (PE2): Using [IPA] would help me accomplish  o   o   o   o   o   o   o 

things more quickly. 
 Q11 (PE3): Using [IPA] would    o   o   o   o   o   o   o 
 increase my productivity. 
 Q12 (EE1): Learning how to    o   o   o   o   o   o   o 
 use [IPA] is easy for me. 
 Q13 (EE2): My introduction to [IPA] was   o   o   o   o   o   o   o 

clear and understandable. 
 Q14 (EE3): I find [IPA] easy to use.   o   o   o   o   o   o   o 
 Q15 (EE4): It is easy for me to become skillful  o   o   o   o   o   o   o 

at using [IPA]. 
 Q16 (SI1): People who are important to me think  o   o   o   o   o   o   o 

that I should use [IPA]. 
 Q17 (SI2): People who influence my behavior  o   o   o   o   o   o   o 

think that I should use [IPA]. 
 Q18 (SI3): People who's opinions I value prefer  o   o   o   o   o   o   o 

that I use [IPA]. 
 
Page 6 (where Q2 IS NOT “I have never used [IPA] before” AND Q5 IS NOT 0) 
 
 Please indicate whether you agree or disagree with the following statements 
 
       Strongly Disagree - Strongly Agree 

Q19 (FC2): I have the knowledge   o   o   o   o   o   o   o 
necessary to use [IPA]. 

 Q20 (FC3): [IPA] is compatible with other   o   o   o   o   o   o   o 
technologies I use. 

 Q21 (FC4): I can get help from others   o   o   o   o   o   o   o 
 when I have difficulties using [IPA].  
 Q22 (PC1): I am concerned about sensitive  o   o   o   o   o   o   o 
 data (my location, my searches etc.)  
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being used for [IPA]. 
 Q23 (PC2): I am concerned that data collected  o   o   o   o   o   o   o 
 from using [IPA] could be misused. 
 Q24 (PC3): I am concerned about my data  o   o   o   o   o   o   o 
 being stolen or leaked when I use [IPA]. 
 Q25 (HM1): Using [IPA] is fun.    o   o   o   o   o   o   o 
 Q26 (HM2): Using [IPA] is enjoyable.    o   o   o   o   o   o   o 
 Q27 (HM3): Using [IPA] is very entertaining.  o   o   o   o   o   o   o 
 Q28 (HA1): The use of [IPA] has become  o   o   o   o   o   o   o 
 a habit for me. 

Q29 (HA2): I am addicted to using [IPA].   o   o   o   o   o   o   o 
 Q30 (HA3): I must use [IPA].    o   o   o   o   o   o   o 
 
Page 6 (for Q2 IS NOT I have never used [IPA] before AND Q5 IS BIGGER 0) 
 
 Please indicate whether you agree or disagree with the following statements 
 
       Strongly Disagree - Strongly Agree 

Q19 (FC2): I have the knowledge   o   o   o   o   o   o   o 
necessary to use [IPA]. 

 Q20 (FC3): [IPA] is compatible with other   o   o   o   o   o   o   o 
technologies I use. 

 Q21 (FC4): I could get help from others   o   o   o   o   o   o   o 
 when I have difficulties using [IPA].  
 Q22 (PC1): I would be concerned about sensitive o   o   o   o   o   o   o 
 data (my location, my searches etc.)  

being used for [IPA]. 
 Q23 (PC2): I would be concerned that data   o   o   o   o   o   o   o 
 collected from using [IPA] could be misused. 
 Q24 (PC 3): I would be concerned about my data o   o   o   o   o   o   o 
 being stolen or leaked when I use [IPA]. 
 Q25 (HM1): Using [IPA] is fun.    o   o   o   o   o   o   o 
 Q26 (HM2): Using [IPA] is enjoyable.    o   o   o   o   o   o   o 
 Q27 (HM3): Using [IPA] is very entertaining.  o   o   o   o   o   o   o 
 Q28 (HA1): The use of [IPA] has become  o   o   o   o   o   o   o 
 a habit for me. 

Q29 (HA2): I am addicted to using [IPA].   o   o   o   o   o   o   o 
 Q30 (HA3): I must use [IPA].    o   o   o   o   o   o   o 
 
Page 7 
 

Please indicate whether you agree or disagree with the following statements 
 
       Strongly Disagree - Strongly Agree 

Q31 (BI1): I intend to use [IPA] in the future.  o   o   o   o   o   o   o 
 Q32 (BI2): I will always try to use [IPA] in   o   o   o   o   o   o   o 
 my daily life. 
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 Q33 (BI3): I plan to use [IPA] frequently.   o   o   o   o   o   o   o 
 

Q34: 
 Where do you see the main areas for improvement for the service? (optional)  
 ____________________ 
 

Q35:  
 Additional Comments (optional) 
 ____________________ 
 
Page 8 
 
 Personality 
       Not like me at all - A lot like me 

Q36: I'm concerned about my style of doing things.         o   o   o   o  
Q37 (p_sa_1): It takes me time to get over my          o   o   o   o 
shyness in new situations. 
Q38: I care a lot about how I present myself to others.     o   o   o   o 
Q39 (p_sa_2): It's hard for me to work when          o   o   o   o 
someone is watching me. 
Q40 (p_sa_3): I get embarrassed very easily.         o   o   o   o 
Q41: I'm self-conscious about the way I look.          o   o   o   o 
Q42 (p_sa_4): It's easy for me to talk to strangers.         o   o   o   o 
Q43: I usually worry about making a good impression.     o   o   o   o 
Q44 (p_sa_5): I feel nervous when            o   o   o   o 

 I speak in front of a group. 
Q45: Before I leave my house, I check how I look.          o   o   o   o 
Q46: I'm concerned about what            o   o   o   o 
other people think of me. 
Q47: I'm usually aware of my appearance.           o   o   o   o 
Q48 (p_sa_6): Large groups make me nervous.         o   o   o   o 
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 Q49: 
 Gender 

[  ] Male 
[  ] Female 
 

 Q50: 
 Age 
 [  ] 14 or younger 
 [  ] 15 to 19 
 [  ] 20 to 24 
 [  ] 25 to 29 
 [  ] 30 to 34 
 [  ] 35 to 39 
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 [  ] 40 to 44 
 [  ] 45 to 49 
 [  ] 50 to 54 
 [  ] 55 to 59 
 [  ] 60 to 64 
 [  ] 65 to 69 
 [  ] 70 or older 
  
 Q51: 
 Highest completed Education 
 [  ] Mandatory Schooling 
 [  ] Vocational / Job Training 
 [  ] Highschool 
 [  ] Bachelor's Degree (or equivalent) 
 [  ] Master's Degree (or equivalent) 
 [  ] Ph.D. / Doctorate 
 
 Q52: 
 Country of residence 
 [Single Choice European Countries + Turkey + Russia + USA + “Other”] 
 
 Q53: 
 How much time do you usually spend using your smartphone per day? 
 [  ] I do not use a smartphone 
 [  ] Less than 30 minutes 
 [  ] Between 30 minutes and 1 hour 
 [  ] Between 1 and 2 hours 
 [  ] Between 2 and 3 hours 
 [  ] More than 3 hours 
 
Page 10 
 
Thank you for your participation! We highly appreciate your effort in helping us with our 
research! 
 
To show our gratitude, we prepared 3 vouchers that we would like to gift to three of the 
participants randomly. For us to be able to reach you, we will need your email addresses. To 
keep the email address and the answers separately, we will ask for you email address on 
the next page. 
 
We will reach out to the lucky winners of the vouchers as soon as possible! 
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8.2 PLS-SEM Model 

8.2.1 T-Values Latent Variable Factors 
 
 

 t-values 

BI 1 <- BI 38.7467 

BI 2 <- BI 48.6257 

BI 3 <- BI 81.3515 

EE 1 <- EE 2.7244 

EE 2 <- EE 3.1559 

EE 3 <- EE 1.6469 

EE 4 <- EE 2.8813 

FC 1 <- FC 1.6927 

FC 2 <- FC 5.0285 

FC 3 <- FC 0.9271 

FC 4 <- FC 5.1217 

HA 1 <- HA 16.2485 

HA 2 <- HA 10.0669 

HA 3 <- HA 6.6808 

HM 1 <- HM 13.0089 

HM 2 <- HM 12.4336 

HM 3 <- HM 8.3533 

PC 1 <- PC 3.3587 

PC 2 <- PC 4.9343 

PC 3 <- PC 4.7319 

PE 1 <- PE 71.1639 

PE 2 <- PE 59.6867 

PE 3 <- PE 27.2883 

SI 1 <- SI 41.7886 

SI 2 <- SI 58.9245 

SI 3 <- SI 65.5035 

frequency <- USE 0 

p_sa_1 <- SA 3.714 
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p_sa_2 <- SA 3.3787 

p_sa_3 <- SA 2.6872 

p_sa_4 <- SA 3.0206 

p_sa_5 <- SA 3.358 

p_sa_6 <- SA 4.7986 
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8.2.2 Cross Loadings 

 BI EE FC HA HM PC PE SA SI USE 

BI 1 0.8874 0.1479 -0.3076 0.5661 0.4221 -0.0857 0.7732 0.0192 0.4098 0.4281 

BI 2 0.9168 0.1486 -0.2343 0.6617 0.2115 -0.0012 0.6557 0.0753 0.5492 0.4576 

BI 3 0.9496 0.0798 -0.2697 0.6338 0.2571 -0.0486 0.6842 0.0662 0.547 0.4951 

EE 1 0.0252 0.7555 0.323 0.0245 0.0294 -0.1596 0.074 0.0297 -0.1196 0.0038 

EE 2 0.1316 0.8858 0.3491 0.1726 0.0659 -0.0011 0.0966 0.1101 0.0065 0.0805 

EE 4 0.1187 0.841 0.3919 0.0009 0.3493 0.2265 0.1396 0.1679 0.0488 0.0599 

FC 1 -0.2379 0.3926 0.7941 -0.158 0.0046 0.1342 -0.2422 -0.0199 -0.1016 -0.1774 

FC 3 -0.2467 0.3163 0.8487 -0.1669 0.0697 0.0708 -0.2854 -0.0574 -0.1279 -0.235 

HA 1 0.6959 0.2262 -0.1652 0.7938 0.2558 0.01 0.5972 0.0872 0.3641 0.6496 

HA 2 0.4405 -0.0367 -0.2132 0.8491 0.0753 -0.0218 0.2251 0.1784 0.3032 0.5728 

HA 3 0.415 -0.0168 -0.0793 0.7578 0.0613 -0.1061 0.2006 0.2039 0.3864 0.3965 

HM 1 0.2688 0.1812 0.0644 0.1299 0.948 0.017 0.2576 -0.0307 0.1347 0.0184 

HM 2 0.3687 0.252 0.0715 0.2105 0.931 0.0814 0.3111 -0.0035 0.147 0.0343 

HM 3 0.1922 0.1165 -0.0384 0.1439 0.8363 -0.0997 0.1368 0.0409 0.1189 0.0728 

PC 1 0.0017 0.152 0.1161 -0.0775 -0.007 0.7826 0.0516 0.0823 0.0377 0.0298 

PC 2 -0.051 0.1249 0.1417 -0.0226 0.02 0.9762 -0.0118 0.0895 0.0281 0.0356 

PC 3 -0.0426 0.0596 0.0912 -0.0545 0.0186 0.9669 -0.048 0.0941 -0.0136 -0.0351 

PE 1 0.7759 0.1276 -0.3277 0.4965 0.3183 -0.0257 0.9222 0.1169 0.522 0.4275 

PE 2 0.6756 0.0962 -0.297 0.376 0.2426 -0.0165 0.9405 0.0196 0.3914 0.3137 

PE 3 0.6451 0.14 -0.2553 0.4081 0.1888 -0.0427 0.8865 0.0766 0.457 0.2819 

SI 1 0.5459 0.092 -0.116 0.4668 0.1073 0.0391 0.4829 0.1588 0.9456 0.3655 

SI 2 0.5115 -0.0328 -0.1212 0.403 0.1734 -0.0185 0.4779 0.2261 0.9663 0.3277 

SI 3 0.5131 -0.0199 -0.1675 0.3815 0.1505 0.0028 0.4798 0.17 0.9619 0.3999 

frequency 0.5016 0.0757 -0.2529 0.6983 0.0416 0.003 0.3773 0.229 0.3805 1 

p_sa_1 0.0924 0.1253 -0.0475 0.1598 -0.0398 0.0677 0.1104 0.7468 0.1071 0.1353 

p_sa_2 -0.007 0.1019 0.0603 0.0649 -0.001 0.1577 0.0537 0.6758 0.1024 0.151 

p_sa_3 0.0217 0.1546 0.0155 -0.0011 0.0199 0.1173 0.0482 0.6307 0.0439 0.1091 

p_sa_4 0.0292 0.0045 -0.0664 0.152 0.014 -0.0669 0.048 0.68 0.2241 0.1706 

p_sa_5 0.0163 0.1407 -0.0235 0.1535 -0.0215 -0.0092 -0.0047 0.7098 0.1672 0.1284 

p_sa_6 0.0723 0.1368 -0.0906 0.1898 0.0117 0.1289 0.0714 0.8253 0.1519 0.2367 
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8.2.3 Cross Loadings 

 BI EE FC HA HM PC PE SA SI USE 

BI 1 0 0 0 0 0 0 0 0 0 

EE 0.1361 1 0 0 0 0 0 0 0 0 

FC -0.2946 0.4273 1 0 0 0 0 0 0 0 

HA 0.6759 0.0995 -0.1977 1 0 0 0 0 0 0 

HM 0.323 0.2161 0.0479 0.1848 1 0 0 0 0 0 

PC -0.0493 0.0965 0.1218 -0.0373 0.0203 1 0 0 0 0 

PE 0.7669 0.1323 -0.3222 0.4694 0.2771 -0.0305 1 0 0 0 

SA 0.0584 0.1494 -0.0486 0.1823 -0.0022 0.0941 0.0797 1 0 0 

SI 0.5471 0.0154 -0.1405 0.4366 0.1493 0.0088 0.5015 0.1925 1 0 

USE 0.5016 0.0757 -0.2529 0.6983 0.0416 0.003 0.3773 0.229 0.3805 1 
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8.3 Descriptive Statistics 

8.3.1 Siri 
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8.3.2 Google Now 
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8.3.3 Google Assistant 
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