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Abstract. Despite their increasing relevance, research falls short to reveal the
key factors hindering the adoption of smart technologies. Therefore, the aim of
this exploratory study was to elicit consumers’ cognitive representations, i.e.
mental models of different smart product concepts based on similarity and dis-
similarity judgments, and to label the key dimensions based on which consum-
ers mentally categorize them. This was expected to shed light on drivers of
adoption resistance in order to help practitioners in product design and promo-
tion. An innovative mix of two research methods was applied, namely quantita-
tive-descriptive projective mapping and free associations. We found that con-
sumers mentally balance released smart product concepts along with a rational-
ly laden ‘useful-useless’ dimension and unreleased concepts along with an emo-
tionally laden ‘intrusive-useful’ dimension. Additionally, this research show-
cases (1) method diversity in the field of IS and (2) how non-IS scholars who
apply new approaches to an IS phenomenon contribute with new perspectives
and thus enrich the field as a whole. This is work in progress and part of an
overarching mixed-method agenda. The exploratory findings will be used to
carve out further research directions for this growing field (e.g. the develop-
ment of a construct measuring consumers’ perceived intrusion of smart prod-
ucts).

Keywords: Smart product - Internet of Things - ICT - Innovation resistance -
Adoption barrier - Mental model - Mixed-method research

1 Introduction

In the past decade, the term “smart product” has been buzzing around among politi-
cians, scientists and technology experts [e.g., 66, 68]. For a long time, this terminolo-
gy appeared to be used mainly for the purpose of philosophizing in technology think
tanks and for the marketing of cutting-edge information and communication technol-
ogy (ICT) at trade fairs. However, driven by advancements in technology, smart
products are becoming a tangible reality in the dawn of a new era: the era of the Inter-



net-of-Things (l1oT) [14, 57]. Rijsdijk and Hultink [66, 68] define the concept of
product smartness as a combination of the dimensions autonomy, adaptability, reac-
tivity, multifunctionality, ability to cooperate, humanlike interaction, and personality,
as well as the extent to which a product possesses one or more of these dimensions.
Yet, most of the products exhibiting one or more of these characteristics remain a
glamorous vision of future digitized worlds while, in some areas, they are already
hitting our lives. Prime examples are Amazon’s Echo or smart watches such as the
Apple Watch. Soon, even more sophisticated smart products like autonomous cars
will gradually become part of our lives. Digitization is accelerating, and companies
across all industries are starting to lift their products to a “smart” level [51].

However, despite its increasing relevance, the market has seen a substantially
slower than expected pace of smart product adoption [1]. Currently, the reasons for
the slow pace of adoption seem to lie mainly in unknown consumer side factors [1]. A
major goal of information systems (IS) research is to predict and to enlighten IS ac-
ceptance and usage [88]. For smart product adoption, predicting factors might go
beyond the traditional acceptance or resistance evaluations based on perceived use-
fulness and the perceived ease of use suggested as by the Technology Acceptance
Model (TAM) [e.g., 13, 71, 82]. Smart products differentiate in a myriad of ways
from traditional computers, thus, due to the radical newness of the products and the
application contexts, there might also be new and distinct factors driving consumers’
adoption decisions. Therefore, practitioners need to gain in-depth insights into the
drivers of resistances that need to be overcome. Hitherto, the field of smart products is
lacking such insights. Apart from a considerable amount of technology-focused re-
search in IS literature, only very little research has tackled consumer behavioral issues
of smart products [for an exception see: 45 or 73]. Also, there is an apparent lack of
initial exploratory research in the field which is reminiscent of the time when e-
commerce was a rising phenomenon. Nonetheless, at the time, research on e-
commerce benefitted greatly from the combination of inductive, exploratory ap-
proaches followed by deductive, confirmatory research [44, 63].

Against this backdrop, exploratory research is needed. Thus, we take a cognition
perspective and use projective mapping and free associations as powerful tools in
order to explore mental models with regard to smart products. The goal of this re-
search is thus to identify consumers’ mental model with regard to different smart
product concepts. Increasing the understanding of the existing mental model is ex-
pected to be essential in order to obtain further insights into potential sources of adop-
tion barriers and resistances on the consumers’ side [43, 64]. Moreover, past research
has shown that if for example consumers’ existing knowledge structures are applied
to promotional messages, consumer understanding is facilitated [23]. Consequently,
such increased understanding decreases the perceived complexity and may leverage
adoption. From an academic perspective, the emerging insights may as well pave the
way for more product-centred research endeavors in a next step. Two overall research
questions were developed that should guide the reader through this work: (1) What is
the mental model consumers hold towards different smart product concepts?, and (2)
What are the dominant mental dimensions based on which consumers differentiate
smart product concepts?

On a broader level, this research aims to add value to IS research through method
diversity. This paper showcases how non-IS scholars apply new methodologies to an



IS phenomenon in order to introduce new perspectives, disrupt traditional epistemic
scripts, and thereby to enrich the field’s knowledge ecology as a whole [5, 24, 70].
Moreover, this research is embedded in an overarching mixed-method agenda [37, 83,
84]. It thus follows the repeated calls for methodological pluralism and mixed-method
application in IS knowledge generation [83, 84].

The remainder of the paper is organised as follows: Section 2 provides a summary
of the underlying theory. Section 3 presents the applied research method and the study
design. Following, section 4 gives an overview of some of the preliminary results.
The Discussion, Contributions and Research Implications are described in section 5.
Finally, the paper concludes with section 6.

2 Theoretical Background

2.1 Innovation Resistance

Innovation adoption and acceptance have been the focus of academic literature for
some time [e.g., 3, 18, 47, 48, 71, 82]. Most of this research postulates that consumers
are open to adopting innovations. However, such pro-innovation bias in current re-
search tends to overshadow the reality of (high-tech) innovation failures with average
failure rates of 40-50 % [9, 15, 17, 64]. Innovation adoption arises solely if consumer
side resistances can be overcome [64]. Therefore, it is essential to investigate these
resistances and their nature [19, 64]. Generally, Ram [64] describes them as being
dependent on the three factors perceived innovation characteristics, consumer char-
acteristics, and characteristics of propagation mechanisms. In this description, the
consumer characteristics are defined as a combination of psychological variables and
demographics. Moreover, Ram [64] describes the psychological variables as a combi-
nation of one’s personality, attitudes, value orientation, previous innovative experi-
ences, perceptions and beliefs. In order to understand the psychology of innovation
resistance, in this study, the psychological variables of consumers will be specifically
targeted [64, 75]. The combined psychological variables such as beliefs or perceptions
are held in mental models or cognitive schemas. Bagozzi and Lee [4]. for example
introduce mental models as the cognitive representation of the set of ideas a consumer
holds about an innovation and that may guide the consumer through the adoption
process. Such mental models about product innovation have an important self-
regulatory function in the product adoption process [4]. Generally, mental models are
an artefact of the overall naive understandings that humans hold for the world sur-
rounding them and may thus provide clues about sources of resistances.

2.2 The Role of Mental Models and Their Structure

There is broad consensus on the existence of mental models and their appearance as
small-scale models of external reality that guide human reasoning and decision-
making [9, 11, 38, 39, 40, 41, 43, 58, 60, 89]. The history of mental models dates
back to René Descartes who defines ideas as representations of reality. In this regard,



he distinguishes between three kinds of ideas: ideae innatae, ideae adventitiae, and
ideae factitiae. Thereby ideae factitiae (the fabricated idea) gets most closely to what
Ludwig Wittgenstein [89] in his Tractatus Logico-Philosophicus describes by humans
developing pictures of facts and define them as models of reality. This idea is in line
with Johnson-Laird [40] who supports these notions by defining mental models as the
ultimate output of perceptual processes. Later, mental models are further described as
small-scale models of reality that are formed through interaction with a target system
(e.g., any kind of information regarding the target system ‘smart product’) which
needs to be neither wholly accurate and thorough nor correspond completely with
what they model in order to be useful [38, 58]. In this regard, mental models can be
cognitively represented in the form of visual images or they can be abstract and non-
visual [41]. Moreover, there is no need for humans to understand their surrounding
reality up to their fundamental principles in order to form mental models [38]. Fur-
thermore, human mental models should by no means be expected to be neat and ele-
gant but rather messy, sloppy, and incomplete representations of people’s perceived
environment and sometimes derived from idiosyncratic interpretations [57, 58].

The connection between mental models and (consumer) behavior has been
acknowledged for some time in the fields of organization science, system science,
marketing, and computer science [e.g., 27, 50, 55, 60, 87, 90, 91]. In consumer re-
search, cognitive structures are investigated mostly in terms of product perceptions,
brand attitudes, brand-attribute beliefs or brand personality. As soon as consumers
gain new information and connect it with existing knowledge, they are assumed to
form cognitive structures in their memory in the form of mental models. Furthermore,
in marketing and innovation literature, mental models are described as the interpreted
meanings of a product or thing (i.e., a target system) that are formed through experi-
ence with a target system (e.g., interacting with the product, reading, online infor-
mation etc.) and guide consumers’ behavior [4, 10, 12, 30, 58, 60, 74, 76, 77, 90, 91].
Zaltman and Coulter [90, 91] postulate that these mental models essentially drive
consumers’ thoughts and behaviors. However, a major challenge for research is to
elicit such mental models and to bring them to life.

Theories of mental model formation are frequently built on similarity judgments
(similarity of objects) [25]. In this context, consumers cognitively represent similari-
ties of different product alternatives through the use of comparison attributes [35].
These attributes have either the characteristic of distinct product features or more
abstract dimensions [e.g., 79, 80]. In product category choice situations or in choice
situations among rather non-comparable product alternatives, consumers use such
abstract comparison dimensions (e.g. practicality) [34]. Thereby, the level of abstrac-
tion of these dimensions differs based on the consumers’ level of experience or exper-
tise with regard to the focal domain. Novices are expected to compare different prod-
ucts on broader and more general, abstract dimensions [85]. In general, the dimen-
sions describe a range of unique attributes or concepts in consumers’ knowledge with
respect to a specific domain [42].The product category smart product contains a wide
range of different products such as autonomous cars or home assistants. These prod-
ucts are rather non-comparable on an attribute or functional level as they, by their
inherent nature, satisfy different needs. However, consumers might compare them on
the basis of general and abstract dimensions such as ‘necessity’ or ‘frightening’ and
thus create a generic mental model for the category of smart products [32]. These



overall abstract dimensions that are used by consumers to categorize different smart
product concepts are expected to provide important indicators about the basic sources
of resistances. Johnson et al. [35] find that when studying consumers on a product
category level, spatial scaling methods are most appropriate for determining consum-
ers’ latent mental dimensions that might drive consumer behavior. Inductively
labelling these mental dimensions can be done by analyzing consumers’ underlying
semantic structures collected by methods such as open-ended interviewing, free asso-
ciations or pattern notes [9]. These identified dimensions are expected to represent the
first and most important parameters whose adjustment may leverage smart product
adoption.

Based on a synthesis of the outlined theory, this work’s research approach is epit-
omized by the following exploratory research propositions: (P1) Smart product re-
sistances are organized in a mental model that crucially guides consumers’ adoption
process. (P2) Unveiling the content of the mental model may shed light on the general
nature of factors that induce smart product resistances. (P3) Spatial scaling and se-
mantic structures are appropriate for eliciting the key dimensions consumers use to
mentally categorize different smart product concepts.

3  Research Method and Study Design

In academia, there has been a considerable debate on how to model and map cognitive
representations and mental models [20, 43], in particular in the field of IS [53]. In
general, multidimensional analysis methods (e.g., Multidimensional Scaling — MDS,
Multiple Factor Analysis — MFA or Generalized Procrustes Analysis — GPA) are
among the most widely used techniques for exploring and modeling cognitive repre-
sentations or psychological spaces with regard to product categories [26, 33, 35, 60,
78, 86]. Furthermore, the application of such methods is expedient in exploratory
settings in which the underlying concepts and dimensions are not developed yet [72].
Projective mapping, particularly well-suited for the inductive set-up of this work’s
research, will be applied. The quantitative-descriptive method collects data by means
of free-choice profiling. Hitherto, it was applied mainly in the field of psychophysics
[62, 69]. Originally, it stems from free sorting tasks pursued in experimental psychol-
ogy to uncover — via statistical analyses — the structure of stimuli in a perceptual space
as well as to interpret the underlying categorization dimensions of these spaces [see
e.g. 31 or 52]. In projective mapping, participants directly position products or prox-
ies (e.g. tokens) on a sheet of paper based on perceived similarity and dissimilarity
judgments as well as provide descriptive free association data for each product [66].
Afterwards, the data can be analyzed using GPA and MFA. This allows for generating
a spatial, lower dimensional consensus configuration from a set of individual configu-
rations.

Compared to other scaling methods, this method has a number of advantages. This
technique compares all stimuli at once and not by means of pairwise comparisons.
This helps to prevent participant fatigue. Also, the projective mapping method is
faster because each positioning of a stimulus reflects multiple similarity/dissimilarity
judgements. In an initial exploratory setting, it therefore reveals the most important



cognitive dimensions faster and easier than other scaling techniques or qualitatively
driven mental model elicitation practices such as for example the Zaltman metaphor
elicitation technique (ZMET) [56, 90]. Moreover, considering the set of stimuli holis-
tically means that the relationships between multiple pairs are considered in context,
as all stimuli are always in view. This appears to be more realistic when it comes to
real consumer evaluations of product categories and is thus a major advantage of this
technique [46]. It is important to determine the mental model of consumers without
deductively encouraging the use of specific evaluative dimensions. Thus, projective
mapping suits very well the inductive purpose of this study as it can easily be com-
bined with qualitative data collection methods. Thus, to inductively derive the dimen-
sions, the approach was combined with free associations an established tool in order
to efficiently elicit mental models [9]. Participants had to state one free association
per product concept. These associations can be plotted into the consensus map in the
form of a semantic cloud allowing for inductive interpretation of the axes. Hence,
combining projective mapping with the informative quality of free associations allows
one to develop the mental dimensions directly from the data.

The participants for the study were recruited on the campus of a large public uni-
versity (N = 40, My = 31.6 years, 50% = women). All participants were offered free
refreshments as an incentive. All participants took part voluntarily. The participants
were randomly assigned to one of the two study groups (group 1: N = 20 and group 2:
N = 20). The study was conducted in German, the native language of all participants.
The stimuli consisted of 16 consumer-oriented smart product concepts, eight of which
are not commercially available yet (e.g. autonomous vehicle), while the other eight
have already been released on the market (e.g. smart watch). The two groups were
derived in order to reveal differences between mental models of released and unre-
leased products, i.e. differences between established and unestablished products. The
participants had to be familiar with all of the released product concepts. The smart
product concepts were chosen on the basis of the suggested smartness criteria pro-
posed by Rijsdijk and Hultink [65, 67] and on their ability to possess at least one of
them. The study was conducted in a controlled laboratory setting. Participants re-
ceived a brief introduction regarding the different smart product concepts from the
researcher. They were then given 10-15 minutes to read the concept descriptions
again in detail and familiarize themselves with them. For each concept, a token was
provided representing a proxy for the mapping task. In a next step, the participants
were asked to position the tokens on a large sheet of blank paper; in practice, this
sheet is a paper tablecloth measuring 40 cm x 60 cm. Figure 1 shows an example of
an individual configuration. The following instructions were given to the participants:

1)  “You are asked to evaluate the similarities (or dissimilarities) between sev-
eral smart product concepts. You can do this intuitively, based on your own
criteria (except product function), those that you consider substantial. You
do not have to specify your criteria. There is no right or wrong.”

2)  “You have to position the tokens on the tablecloth in such a way that two
smart product concepts are positioned close to one another if they appear
identical to you and that two smart product concepts are positioned further
away from one another if they appear dissimilar to you. Do not hesitate to



make use of the entire sheet to strongly express the differences you per-
ceive.”

In a next step, the participants had to indicate one free association per product con-
cept. In addition, they had to specify whether their association was positively (+),
neutrally (/) or negatively (-) connoted. Coordinates were read off and entered into the
data matrix.

The derived data matrix consists of N participants in the columns and K product
concepts and free associations in the rows, each of them represented by a group con-
sisting of one x and one y coordinate, respectively. The data was analyzed using MFA
and GPA [26]. The analysis was pursued in R using the Rcmdr Plugin for the Fac-
toMineR package. The analysis generated lower dimensional, spatial consensus con-
figurations from the individual participant’s configurations. In the derived consensus
maps, the rows of the original data matrix are represented as points. The points repre-
sent the group average position of the individual’s positioning of the product concept.
The closer the points are positioned to one another on the map, i.e. the shorter the
distance between the points, the more similar they are perceived in the eye of the
consumer. Lastly, the derived consensus configurations allow to inductively deducing
the central dimensions that were used by the consumers to categorize the different
product concepts. The free association data can be superimposed onto the consensus
maps, which allowed for the qualitative dimensional interpretation by two independ-
ent assessors.

/5

Figure 1. Individual positioning of the smart product concept tokens from one study participant

4  Preliminary Results

Although the collected data allows for more in-depth analysis on product and catego-
ry level, due to limited space, only some of the initial exploratory results of the unre-
leased group will be outlined very briefly in this paper. Figure 2 represents the con-
sensus configuration from the unreleased group and the semantic cloud that was de-
rived using GPA. The MFA reveals that the two dimensions (Dim 1 and Dim 2) ac-
count for more than 53% of the variance in the underlying data. Apparently, there are
two very dominant dimensions based on which the participants categorized the differ-
ent product concepts. Here, dimension 1 describes most of the variance of the partici-
pants’ categorizations (30, 74%). Besides, the vertical dimension 2 clearly separates
the smart product concept ‘8 AV’ from all the other smart product concepts.
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Moreover, ‘2 SH’ and ‘4 SFC’ are mentally categorized as being very similar. Inter-
preting the free association data will help shed light on the qualitative meaning of the
mental dimensions. From a dimensional perspective, most of the free associations
from the semantic cloud are organized along the horizontal dimension. On the left,
they are highly emotional and negatively associated. Products are mostly linked to
associations such as ‘intrusive’, ‘spying on’, ‘observing’ or ‘controlling’. On the right,
free associations comprise mainly rational, more positive words such as ‘useful’,
‘practical’. In fact, consumers appear to categorize the product concepts mainly along
an ‘intrusive-useful’ dimension. This categorization could reflect some form of con-
sumers’ cost-benefit balancing. Regarding the product concepts, it appears that for
2 SH’ and ‘4 SFC’, the perceived benefits of usefulness outweigh the perceived
costs of intrusion. In contrast, for ’6_ST*, 7 PR’ or ‘5 SCL’ the perceived costs of
intrusion seem to prevail. This could imply that for product concepts that involve
contact with children, the perceived negative potential of these products is predomi-
nant, whereas for more playful and leisure-like applications, the perceived usefulness
seems to predominate. Interpretation of the vertical dimension is less clear. However,
one could interpret it as an overall dimension of danger. Here, the dimension seems to
vary in concreteness. With regard to ‘8 AV’, the associated fear is concrete and main-
ly due to a perceived loss of control (e.g. free association ‘loss of control’). On the
other hand, ‘6 ST’ and ‘3_ETS’ are associated with fear on a more general level,
which is reflected by terms such as ‘dangerous’ and ‘threatening’. In sum, the two
dimensions (accounting for > 53% of the variance) appear to consist of an ‘intrusive-
useful’ dimension (Dim 1) and a generic ‘fear’ dimension (Dim 2). These dimensions
seem to be the predominant dimensions based on which consumers mentally catego-
rize and distinguish different unreleased smart product concepts. From a product
perspective, the smart product concepts ‘5 SCL’, 7 PR’ and ‘6_ST’ in particular
appear to have a strong negative connotation in consumers’ mental representations.
The smart toy was rated negatively by all of the participants, the personal robot by
90% and the smart contact lens by 85%. In general, higher degrees of complexity and
radicalism of the smart product concept appear to be aligned with an increase in nega-
tive judgments. It could be inferred that increased levels of complexity and radicalism
confuse or frighten consumers. In contrast, ‘4 SFC’ and ‘2_SH’ invoke positive con-
notations and are perceived as useful and cool. Even though only the results from the
unreleased smart product group could be outlined briefly here, Table 1 shows the
preliminary results of both groups.

Table 1. Mental model summary

Mental dimen- Study group 1: unreleased Study group 2: released
sions
Dimension 1 ‘intrusive — useful’ Usefulness: ‘useful — useless’
. . Fear: ‘abstract (dangerous) — concrete Efficiency: ‘efficient’ — ‘ineffi-
Dimension 2 > s g
(loss of control) cient
Overall mental Predominantly negative conno-  Predominantly positive connota-

model tations, emotionally laden tions and highly rational




5 Discussion, Contributions and Research Implications

To date, research providing inductively derived evidence with regard to resistance to
smart product concepts is lacking. This research thus contributes to closing this re-
vealed gap by providing initial insights into the psychological drivers that may cause
adoption resistances [4, 64]. In light of our preliminary findings, this section will
discuss the main contributions of this research paper as well as outline promising
avenues for future research.

The preliminary findings seem to provide a clue about a simplifying heuristic or
so-called “click” experience that consumers may apply in their evaluation of unre-
leased smart products [21, 54]. In general, heuristics help to release the complexity
from a decision task and thus to reduce cognitive effort and to increase decision mak-
ing efficiency [81]. Based on our findings, in their initial evaluations of unreleased
smart product concepts, consumers seem to put great emphasis on the degree of their
intrusive potential. This factor is highly negatively connotated and may therefore
represent a significant hindering factor to the adoption of future smart product
concepts. Consequently, and due to the technological complexity of smart products,
consumers may strive to reduce situational complexity by using the level of perceived
intrusion as a heuristic that becomes decisive for adoption or resistance. In this con-
text, our future research will dig deeper and move in the following four directions: (1)
consumers evaluations of released versus unreleased smart product concepts; (2) the
exact evaluation and decision making styles prior to the adoption of yet unreleased
smart products; (3) investigation of the specific product factors that have the most
impact on the calculus between the perceived benefit of usefulness and the perceived
cost of intrusion [16]. Especially for practice it is of great relevance to increase
knowledge about such factors and their psychological impacts as they could represent
possible starting points that might be addressed to leverage adoption; (4) the gradual
increase of functions in use. Such updates ex-post market release could help to gradu-
ally accustom the user to radically new product functions instead of overwhelming the
user from the beginning, and thus may avoid resistances.

In addition, having read this work one should bear in mind that it is embedded in
an overarching mixed-method agenda whose findings are used to inform a set of con-
firmatory research endeavors [37, 83, 84]. Following the epistemological idea of the
dialectic pluralism, the use of multiple methods and perspectives is expected to add
substantial value to research on IS phenomena [36]. The complexity of the focal phe-
nomenon and its interplay with the social environment calls for such a multiple per-
spective approach in order to be inclusive and to increase the general robustness of
the findings [8, 83]. This study contributes with initial, inductively generated
knowledge that helps to pave the way for future deductive studies. Going forward, the
designs of these studies will be built on the elicited mental models and will deductive-
ly develop, complement and validate our initial findings [22]. Further related activi-
ties include: (1) a construct development (perceived intrusion of smart products). In
relation to Bhattacherjee and Hikmet [22] it seems likely that the revealed aspect of
perceived intrusion is unique and specific to the domain of smart technologies and
thus needs to be treated as a distinct construct. Thus, we follow the call of
Bhattacherjee and Hikmet [22] to dig deeper into understanding the multifaceted
phenomenon of resistance by investing in the development of constructs that may



represent significant drivers of resistance to a specific technology; and (2) the devel-
opment of a research model of smart product adoption that can be tested deductively.
In this way, we hope to provide empirical evidence on the exact nomological paths
that shape individuals’ resistance to smart products [29].

Lastly, we contribute to the current body of knowledge on IS failures [17] as well
as to the field of IS in general through method diversity. This paper showcases how
non-1S scholars apply new methods to an IS phenomenon towards introducing new
perspectives, disrupt traditional epistemic scripts, and thereby enrich the field’s
knowledge ecology as a whole [5, 70]. In Grover’s [24] terms, we think that this re-
search follows the call of pushing IS research to the edges by introducing a new
methodological approach. More precisely, it contributes to the ‘left edge’ through a
new form of inductive knowledge production resulting in an innovative dataset.

6 Conclusion

The aim of this paper was to uncover the hitherto unstudied mental models regarding
smart product concepts. Building on mental model and innovation resistance theory, a
set of exploratory research propositions was developed. Preliminary results of one
empirical study revealed that consumers categorize released smart product concepts
mainly based on a rationally laden useful-useless dimension and unreleased products
along with a very emotionally laden intrusive-useful dimension. Building on our
study, we extract knowledge gaps that warrant future investigation, as well as outline
implications for practitioners.

The presented findings should be interpreted in light of its limitations. First, our
study might be limited due to the overall exploratory research layout. We used a rela-
tively small number of participants, which might not be representative of the whole
population. Thus, we would welcome additional rigorous and possibly quantitative
studies to specifically confirming our exploratory findings. Given that our data collec-
tion was performed in Germany, we are aware that the generalizability of our findings
might be also limited due to the cultural setting that may differ from others in terms of
cultural beliefs [28]. In conclusion, we hope that IS research benefits from the above
findings as well as we hope to fuel future research on the adoption and resistance of
smart technologies.
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