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Abstract

Purpose - The purpose of this study is to validate and analyze how cultural factors influence

the level of consumer autonomy

Design/approach - The research question was divided into four hypotheses and answered by
a quantitative approach, where a questionnaire was distributed via Facebook and other social
media platforms. Additionally, an Adaptive Conjoint Analysis was conducted to provide

context to external factors and test the importance of consumer autonomy. Data was gathered

from 104 respondents from Norway, and analyzed using SPSS.

Findings - The most important findings were through the hypotheses that proved that the
dimensions of power distance, individualism and masculinity all have a statistically

significant positive contribution in explaining consumer autonomy.

Originality/reliability: Research with information about the main purpose of this thesis is
very limited. Hours of research resulted in the same result: Little to no literature contained
concrete information about the relationship between the cultural dimensions and consumer
autonomy. The positive thing about this is that we are able to analyze and present a unique
contribution to our research. On the other hand, this large gap makes it somewhat more
difficult to implement a representative basis for all hypotheses. It is therefore emphasized that
theory of autonomy on its general basis will be applied, together with theoretical and logical
approaches to be able to suggest how the six cultural dimensions contribute to predicting the
degree of consumer autonomy, in our analyzes. When it comes to reliability, literature was
only retrieved from articles through Google Scholar and NTNU Oria. This was to ensure a
reliable and valid literature review that creates the foundation for a representative paper

within future research.

Keywords - consumer, autonomy, culture, cultural dimensions, artificial intelligence,



Sammendrag

Formal - Hensikten med denne studien er a validere og analysere hvordan kulturelle faktorer

pavirker nivéaet av forbrukerautonomi.

Design/tilneerming — Forskningsspersmalet ble delt inn i fire hypoteser og besvart med en
kvantitativ tilneerming, hvor et sperreskjema ble distribuert via Facebook og andre sosiale
medieplattformer. I tillegg ble det utfort en Adaptive Conjoint Analysis for & gi kontekst til
eksterne faktorer og teste viktigheten av forbrukerautonomi. Data ble samlet inn fra 104

respondenter fra Norge, og analysert med SPSS.

Funn — De viktigste funnene var gjennom hypotesene som beviste at dimensjonene
maktdistanse, individualisme og maskulinitet alle har et statistisk signifikant positivt bidrag

til 4 forklare forbrukerautonomi.

Originalitet/palitelighet - Forskning med informasjon om hovedformélet med denne
oppgaven er svert begrenset. Timer med forskning resulterte i samme resultat: Lite eller
ingen litteratur inneholdt konkret informasjon om forholdet mellom de kulturelle
dimensjonene og forbrukerautonomi. Det positive med dette er at vi er i stand til & analysere
og presentere et unikt bidrag til var forskning. P& den annen side gjor dette store gapet det
noe vanskeligere 4 implementere et representativt grunnlag for alle hypoteser. Det
understrekes derfor at teori om autonomi pd dets generelle grunnlag vil bli anvendt, sammen
med teoretiske og logiske tilneerminger for & kunne foresla hvordan de seks kulturelle
dimensjonene bidrar til & forutsi graden av forbrukerautonomi, 1 vare analyser. Nar det gjelder
palitelighet, ble litteratur kun hentet fra artikler gjennom Google Scholar og NTNU Oria.
Dette for a sikre en palitelig og palitelig litteraturgjennomgang som danner grunnlaget for en

representativ artikkel innen fremtidig forskning.

Nekkelord - forbruker, autonomi, kultur, kulturelle dimensjoner, kunstig intelligens,
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1. Introduction

Visualize you bought a product online you were recommended from a website, and the
package on its way. After a few days it arrives, and you are excited to use it. Later that month
you experience that the product is not that useful anymore, because it was not that useful as

expected. Through further reasoning, you eventually realize that “why on earth did I buy this”

This speaks for a typical everyday example of artificial intelligence recommendation that
tracks consumers’ online behavior in order to market and sell products. While some are more
unaffected by such content, others are perhaps more sensitive to being influenced, thus
resulting in buying products they need much less than they consider at the time of purchase.
This scenario involves consumers giving away their level of self-determination, which means
that the Al marketing has made its entrance in their own decision making. On other hand,
many consumers like to think of themselves and their actions as if they had free will (Wegner,
2004), and to consider these actions as internally driven and free from external influence
(Wegner & Wheatley, 1999). Furthermore, consumers are also motivated to ascribe intent and
responsibility (Wegner et al., 2004: Clark et al., 2014), and many tend to have a certain

degree of autonomy.

But who are those who prefer to make autonomous decisions, and who are those who stand
on the opposite side, or in between? What personal characteristics distinguish their view on
consumer autonomy? This question will be analyzed in this master thesis by using Hofstede's
six cultural dimensions, the paper will discover the relationship between the degree of
consumer autonomy and the corresponding degree of how the six cultural dimensions play a

role in influencing autonomy.

The evolution of artificial intelligence is constantly growing into consumers' user experiences
today. Advances in technology and data collection mean that consumers are exposed to
several external influences on the Internet. If you have looked at one shoe a little longer than
the other, you should still not be surprised to receive digital advertising for both of them,
during your further online surfing. In the end, all the benefits of products become so “good”
that you finally perhaps get carried away and decide to buy. When Al is present, 49% of us
are likely to shop more frequently (Brooks, 2020). Naturally, such scenarios are the alpha



omega for companies. On the other hand, such methods pose a threat to consumers' internal
influences and decisions about their self-determination and purchasing choices. Furthermore,
where some perceive that they managed to make their own choices unaffected, others think it
can be very externally influenced is very appropriate. Therefore, what characteristics

distinguish the perceptions between each other?

1.1 Purpose of the study

The purpose of this study is to analyze culture and consumer autonomy in relation to each
other. Further, the culture concept was addressed using Geert Hofstede's six cultural
dimensions, in order to have a cultural scale. Autonomy is perceived and indicates the degree

of consumer autonomy. By this, the following research question is:

RQ: Do cultural factors influence the level of consumer autonomy?

10



2. Literature review

This section will concern theoretical cultural preferences and differences regarding
autonomous consumer choices. This topic, reflecting the research problem, is highly relevant
for future research in literature (Davenport et al., 2029: Puntoni et al., 2020: Mishra et al.,
2020). Not only do cultures consist of different expectations and perceptions about products
and services in consumer behavior (de Mooji & Hofstede, 2002: Fang et al., 2013), they also
vary the degree of autonomous consumer choices and react differently to autonomy and
freedom of choice (Markus & Schwartz, 2010). In addition, a single culture can also have
variations on autonomy (Wertenbroch et al., 2020). In other words, perceptions on
autonomous choices vary within and across cultures, and this also suggests the paper’s

research problem is highly relevant.

Additionally, other external factors that influence autonomy, such as privacy and Al, are

included in the section.
2.1 Artificial intelligence

The term artificial intelligence (AI) refers to the technology that is capable of performing
tasks and activities, previously thought possible only for humans. Al can be defined as “the
use of computerized machinery to emulate capabilities once unique to humans” (Rust, 2019),
through exploiting the ability of machines to carry out tasks by displaying intelligent,
human-like behavior (e.g., machine learning, computer vision, speech recognition, and
natural language processing) (Russell, 2016). Whereas intelligence is famously defined as
“the ability to acquire and apply knowledge and skills” (Helskyaho et. al, 2021), artificial
intelligence is, in short words, machines” and technologies” ability to act intelligent and use
the skills learned. To successfully perform Al, this is dependent on the concepts of machine

learning, big data and deep learning, which will be presented further below.

2.1.1 Artificial intelligence in marketing

From a business perspective, the implementation of Al in marketing is increasing as well as
gaining importance for competitive firms worldwide (Huang & Rust, 2020) (Vlacic et. al,

2021). Today, Al is a tremendous option for companies to identify, analyze, convert and

11



retain customers and offer a great boost in productivity (Nair & Gupta, 2021). Al marketing
is present when businesses use the technologies to perform automated activities and make
decisions based on data collection of users” online activity (Pradeep et. al, 2019: Huang &
Rust, 2020). This concept is often used to identify themes and patterns in users ‘posts about
their product experience, providing a company with useful insights about their products’

success rate and interest (Wilson, 2016).

Being able to apply Al marketing, one depends on machine learning and big data to collect
the relevant information about user activity. First of all, one can reckon machine learning as
the foundation of artificial intelligence. The term describes the theory of which computers
can learn without being programmed to carry out specific tasks. While Al is a concept of
intelligent machines that simulate human thinking and behavior, machine learning is rather an
application of a subset of Al that allows machines to automatically learn from past data
without being explicitly programmed (Panesar, 2020). In other words, machine learning is a
subset of Al where computer models are trained on the basis of past experience and actions
and environment over time in order to perform their tasks. A machine learning example from
a marketing operation can be if one was being taught about customer patterns in user
activities on a website, machine learning can find these patterns and provide us information
to predict future behavior of the users. This, in accordance with the theory, machine learning
uses past experience/situations to predict future outcomes, providing marketers to be updated

and prepared to quickly optimize their advertising.

The other term, big data, can be defined as “high-volume, high-velocity and high-variety
information assets that demand cost-effective, innovative forms of information processing for
enhanced insight and decision making” (Yin & Kaynak, 2015) As big data can contain
massive volumes of datasets, real-time data and different sources of data, the term is by this
often described in terms of the three Vs: volume, velocity and variety. Summarized, big data
is the large amount of data which exceeds the traditional database technologies (Vishnoi et.
al, 2018) In addition, a fourth V, for vercity, is sometimes included in order to describe big
data’s level of trustworthiness, truthfulness and meaningfulness (Gentsch, 2019). In other

words, the credibility and representatives of the data collected.

12



2.1.2 Deep learning

Using artificial intelligence to gain market knowledge the same way as humans is performed
through the concept of deep learning. Deep learning is a kind of machine learning that
achieves great flexibility and power by including statistics and predictive modeling by
learning to represent the world as a nested hierarchy of concepts and representations

(concepts computed to relatively simpler concepts, representations computed less abstract).

(Burns & Brush, 2021) (LeCun et al., 2015) In practice, it can be viewed as a method for
developing analytical Al for marketing decisions (Rust, 2019) , making the collecting and
analyzing of large amounts of data faster and easier (Burns & Brush, 2021). For example,
using big data, a deep learning method can be to estimate the prediction that is superior to

previous regressions predictions in numerical marketing experiments (Chien et al., 2020).

2.1.3 Algorithms

Big data and machine learning relies on computer algorithms to create value for marketers.
This is because machine learned algorithms make it possible to analyze the data collected, by
learning the mathematical processes, rules or instructions to solve data problems or other

calculations (LeCun et al., 2015: Mahesh, 2019).

Larger amounts of big data makes the use of algorithms essential in order to analyze and
interpret the data in order to be provided value for future operational activities (Gentsch,
2019). Algorithms in marketing are mainly used for advertising, whereas for example
Facebook algorithms are used to learn about their users” preferences through their online
behavior to distinguish and identify their interests (Rainie, 2019). Use of algorithms has a
large impact on consumers’decision-making, and is therefore a central topic in this thesis

(Kannan & Li, 2017).

2.2 Autonomy and consumer choice

Different disciplines have offered different definitions and constructs related to autonomy.

One discipline that has thoroughly dealt with the concept of autonomy is philosophy,
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specifically as a part of a discussion about what it means and what is required for an agent to
have free will. Some argue that free will is an agent’s capacity to unimpededly choose
between different courses of action (Omoregie, 2015) or an agent’s ability to choose and do
otherwise (Kane, 2011), while others suggest that free will is the capacity to make choices
undetermined by past events (Baumeister & Monroe, 2014). As such, in the context of
consumer behavior and consumer choice, exercising free will is akin to the definition of
autonomy, specifically the “consumers’ ability to make and enact decisions on their own”
(Wertenbroch et al., 2020), without the influence of others. There is a distinction between
autonomy and perceived control, where control more relates to the ability to influence
outcomes through actions and choices, and autonomy relates to the “consumers’ freedom in
initiating behavior regardless of their ability to impact the outcome” (Skinner, 1996, as cited

in Wertenbroch et al., 2020).

It is a marketers’ job to identify the needs of their target audience and followingly provide the
best solution for the consumer. However, there are also existing ethical concerns. Drumwright
(2018) argues that general marketing can be deceptive, manipulative, intrusive, and wasteful
(Drumwright, 2018, as cited Heath et al., 2018). Content or marketing that appears to
originate from “digital publishers” but in reality is done by marketers also raises concerns
about the fairness of marketing. This concept is called camouflaged marketing, where the
advertisement is “camouflaged” in its surroundings, and appears as native content rather than
as marketing. Such tactics could be perceived as unfair to the consumer, as the commercial
aspect of the message is camouflaged within the content itself, and hence compromise the
autonomy of the consumer. Similarly, “stealth marketing”, where the consumer is unaware
that they are the target of marketing, thus compromising the consumer autonomy in the same
manner, as the advertisement is concealed from the consumer (Drumwright, 2018, as cited in

Heath et al., 2018).

2.2.1 Actual vs perceived autonomy

Investigating consumer autonomy in this thesis, it is important to distinguish between actual
and perceived autonomy. Actual autonomy refers to the degree to which an individual in
practice (hence consumers) make and decide its own decisions independently - in this case

purchase decisions. A person may not be aware of its actual level of autonomy, as such

14



decisions often depend on automatic thought processes in the subconscious (Kahneman,
2011). This is the exact argument for separating the autonomy term, because perceived
autonomy on the other hand, is the person's individual impression or perception of the degree
of autonomy in decision making, based on the subjective and deliberate cognitive processes
(Baumeister & Monroe, 2014). Furthermore, a person's actual autonomy. As technological
developments introduce a bunch of new and improved marketing techniques (algorithms,
targeting approaches etc.), consumers today are exposed to manipulations and external
impacts in their decision making — more than they actually believe and perceive. With such
marketing approaches, the degree of external influence on their decisions becomes “hidden”
to the consumers (Wertenbroch et al., 2020). In comparison, as humans do not count their
12-13 breaths a minute and neither perceive this phenomena, the same may be argued to the
degree of consumers actual autonomy, whereas the perceived autonomy may be lower than
what is the actual reality. Future research suggests analyzing and specifying the gap between

individuals” between actual and perceived autonomy.

2.2.2 Benefits and costs of autonomy in consumer choice

This section will tackle the question of how a heightened sense of autonomy can affect choice
and increase consumer well-being, in a context surpassing the basic need of autonomy in

consumer choice.

Literature has shown that consumers find utility from positive self-attributions, specifically
feeling in control of one’s choices attributes towards positive outcomes, and a heightened
feeling of competence (Andre et al., 2017). According to Feather & Simon (1978, as cited in
Andre et al., 2017), consumers have “been shown to feel a greater sense of responsibility for
positive outcomes when the chain of causality linking their thoughts, actions, and the
outcome is conspicuous”. For example, choosing the more morally good option (i.e., healthy
vs unhealthy) requires self-control, and may lead to positive self-attributions as a result of a
heightened sense of willpower and the ability to resist temptations (Dhar and Wertenbroch,

2012).

Reducing consumers’ belief in their own sense of autonomy also has a “variety of undesirable
consequences such as reduced helpfulness and higher levels of aggression (Baumeister et al.,

2009, cited in Andre et al, 2017) and a lowered sense of self-control in their choices.
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According to Andre et al. (2017), if online consumers believe that the algorithms are getting
“more and more persuasive and are predictive of their own preferences, it could provide them

with a justification to indulge more following tempting ads”.

2.3 Al recommendation technology and the impact on consumer

autonomy

What is clear from research is that product recommendation technology (Al: big data,
machine learning, algorithms) influences consumer choices, and even manages to change
consumers’ preferences (Franklin et al., 2022: Cha et al., 2019: Melumad et al., 2020: Murray
& Haubl, 2009). As stated earlier, Al-based technology provides its benefits to some
customers, but an overload of choices can be harmful to them. For example, a study showed
that when people were offered 24 options versus 6 options, there were more purchases from
the set with only 6 options (Andre et al., 2017). In addition, when consumers are aware of
their choices being predicted based on their previous choices, a study showed that some
actually decide to choose the less-preferred options in order to retain their sense of autonomy
(Carmon et al., 2019). In brief, consumers who experience “too many” Al-based
recommendations, can tend to become more confused and uncertain of their actual needs or
purchase preferences. Furthermore, adding that the need for autonomous choices may be
more important to retain ahead of choosing predictably (trade off), one could argue that Al
recommendation systems may have a bad impact on consumer behavior, and also on future
sales. Therefore, marketers should take consumer autonomy into account when implementing

Al recommendation technology.

2.4 Privacy concerns and Al

In the emerging age of artificial intelligence & big data, especially within marketing and
online websites, a concern to many is the large flows of personal information being collected
by third party organizations (Stahl & Wright, 2018). Large amounts of personal information
remains in organizations” databases, which leaves a threat to customers if their information is

exposed to other purposes or hacker attacks. (Mazurek & Malagocka, 2019)
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From a study, 70% of the businesses revealed they have increased their personal data
collection, whilst consumers (40%) at the same time claim they do not trust the brands to use
their data. Another survey showed that 62% of its business leader respondents felt that they
should do more to protect customer data (Whitney, 2021). In addition, as artificial
intelligence evolves, the analysis of personal information to new levels of power and speed,
likely to use the information that may intrude on privacy interests (Kerry, 2020). In other
words, as the utilization of Al increases, this does also include a larger amount of data to be
abused when it comes to privacy. A report also showed that personal customer data (name,
email and password) was the most common type of data exposed, by 44% (IBM, 2021). The
assumption of Al to be a threat to customer s privacy is present for many. The modern digital
age has experienced several leaks of personal identifiable information (PII) for millions of

users, where people’s data has been lost, stolen, hacked and exposed (IBM, 2021).

2.5 Hofstede’s cultural dimensions

2.5.1 Power distance

The degree of inequality a member accepts and expects in organizations and institutions.
Small power distance suggests the use of power should be legitimate and is subject to criteria
of good and evil, while a larger level indicates power, and its legitimacy is more or less

irrelevant (Hofstede, 2011).

2.5.2 Individualism

Opposite to each other, describes the degree to which people in a society are (and prefer)
being integrated into groups. Individualistic cultures look more after themselves individually
and their immediate family, while collectivistic cultures emphasize groups and extended

families with a level of unquestioning loyalty and protection of their strong, cohesive groups

(Hofstede, 2011).

2.5.3 Masculinity

Opposite to each other as well, this dimension refers to the value distribution between

genders that are more important in a society, whereas masculine cultures often have
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preferences for assertiveness, competition and social role differentiation between genders in
society, whilst feminine cultures prefer cooperation, modesty and less social role

differentiation between genders and. In masculine cultures, men should be and women may
be assertive and ambitious, while feminine cultures prefer that both men and women should

be modest and caring (Hofstede, 2011).

2.5.4 Uncertainty avoidance

Refers to the extent an individual in a society tolerates uncertainty. It indicates the extent a
culture member feels uncertain or uncomfortable in unforeseen and unexpected situations.
Culture with low levels of this dimensions accepts uncertainty and takes each day as it comes,
while high-level cultures see occasions in life as continuous threats that must be fought and

accounted for (Hofstede, 2011).

2.5.5 Long term vs short term orientation

Cultures emphasizing long-term orientation prefer preparing for the future and thus where the
most important events in life will occur. Such cultures focus on persistence and adapts to
circumstances. Short-term orientation, on the other hand, are past and present time-oriented
and have a higher level of personal steadiness and stability, respecting traditions and social

obligations (Hofstede, 2011).

2.5.6 Indulgence vs restraint

Has a weakly negative correlation to the dimensions above. Indulgent cultures, weak control,
involve societies that allow relatively free gratification and human desires to enjoy life and
having fun, while restrained cultures suppress gratification of needs and have more strict
social norms and a perception of helplessness. The latter is relatively less happy in general

(Hofstede, 2011).
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2.6 Hofstede’s cultural dimensions and consumer autonomy

2.6.1 Power distance and consumer autonomy

The degree of cultural power distance (PD) does to a very small extent provide information
about its relationship to consumer autonomy. Basabe (2005) shows a negative correlation
between Hofstede’s (2001) power distance dimension and the autonomy theory by Schwartz
(1994). The higher degree of power distance may indicate a smaller need for autonomy in
cultures. This is supported by Lee & Antonakis (2012) & Conway et al. (1992) who suggest
that low-PD societies prefer to make their own choices and the need for autonomy is a
cultural norm they value in order to reach satisfaction of having the right to decide and act
independently. In addition, Hofstede et al. (2011) claims cultures with small power distance
emphasize autonomy as a preserving need. At the same time, high-PD cultures tend to have a
larger acceptance and tolerance for lacking autonomy and may even prefer activities under
conditions where they have reduced autonomy and power. Individuals in these societies may
also perform even better under such circumstances and be satisfied despite their autonomy
not present (Eylon & Au, 1999). This theoretical foundation suggests that the lower the level

of power distance, the higher is the need for autonomy.

H,: A higher level of power distance contributes to lower consumer autonomy.

2.6.2 Individualism and consumer autonomy

Individualism in cultures is arguably, along with power distance, the dimension that is
researched the most in conjunction with autonomy. Common is that individualistic people
tend to make autonomous decisions and have a relation to autonomy and self-orientation
(Triandis & Gelfand, 2012). This involves individualistic cultures to prefer a private life and
self-determination, because they are less concerned by taking joint decision-making with
others, thus are more likely to have a higher extent of autonomy when deciding (Wagner,
1995). Proportionally, but on the other hand, collectivistic cultures do not necessarily have a
strong value for autonomy, with individuals having a low preference for the term and most
decisions are taken with influence from others (Capece et at., 2013). In addition, collectivistic

individuals do not feel a lack of value if autonomy is not present, and therefore have a higher
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tolerance for absence of autonomy in decision making (Chen et al., 2013). Markus &
Kitayama (2010) argue that collective self-construal cultures tend to be more satisfied when
choices are made behalf of themselves by other in-group members. This could be linked to a
consumer context, whereas collectivistic individuals accept to a larger extent to be influenced

by “others” (ex. recommendations) when deciding.

Based on this theory, it is suggested that the higher level of individualism, the higher is the

level of autonomous choices in a consumer context.

H,: A higher level of individualism contributes to higher consumer autonomy

2.6.3 Masculinity and consumer autonomy

A masculine culture values materialism and prefers to have more than others (Ger & Belk,
1996: Ogden & Cheng 2011). In addition, materialistic “masculine” people often search
relatively more for the source of happiness and success and personal well-being in life (Wang
et al., 2017: Richins and Dawson 1992) Furthermore, materialism influences personal
well-being through the three basic psychological needs: autonomy, competence and
relatedness. Research has shown that autonomy reduces well-being due to a low satisfaction
by the psychological need for autonomy only (Ditmar et al., 2014: Nagpaul & Pang, 2016:
Wang et al., 2017). Therefore, perceiving that activities are endorsed by or congruent with
one's integrated sense of self (Deci & Ryan, 2014), i.e. perceived autonomy does arguably not
contribute to a higher need for autonomy in high masculine societies in which the high extent
of materialism causes a lower satisfaction of autonomy to individuals. This is also supported
by the self-determination theory (STD) which claims that the three psychological needs
should be satisfied in order to experience well-being and happiness (Deci & Ryan, 2008:
Wang et al., 2017: Niemiec & Ryan, 2009). Summarized, one can argue that high masculine
cultures that highly value materialism through chasing success and happiness in life, do not
prefer to have autonomy as a need - as this reduces their satisfaction. Therefore, it is
suggested that high masculine-societies perceive themselves as individuals who do not prefer

autonomy.

H;: A higher level of masculinity contributes to lower consumer autonomy
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2.6.4 Uncertainty avoidance and consumer autonomy

When searching for the link between uncertainty avoidance and autonomy, literature provides
more or less no theoretical or empirical results. One finding was that there are negative
(-0.35) and positive (0.43) correlation between both affective and intellectual autonomy with
respect to uncertainty avoidance (Glazer, 2021). Moreover, as people in cultures scoring high
on uncertainty avoidance tend to be more alien to new things and situations (Tellis et al.,
2003), one can argue that such societies prefer a higher degree of autonomy to possess a
larger self-control of their “uncertain” dilemmas. On the other hand, consumers may also
wish to reduce their level of uncertainty in decision-making if they have trustful supporting
tools for personal structure (Moller & Eisend, 2010). Therefore, (high) UA can either be
argued as a dimension that prefers more autonomy through a high sense of self-control
around what’s new and uncertain. On the other hand, as discussed, an individual with high
UA may also wish for help and rules around “what’s new and uncertain”, if external
influence or support is more preferred to reduce uncertainty. This first argument is supported
by Boyadzhieva (2016) who claims that “The degree of uncertainty and autonomy are
inversely proportional meaning that the higher the uncertainty, the lower the autonomy and
vice versa” (Boyadzhieva, 2016). In addition, Murray & Schlacter (1990) suggest that
consumer cultures that aim to avoid uncertainty will be more cautious when making their
own decisions. This may speak for a preference for giving away autonomy in return for

external advice in decision making, to be consulted and avoid uncertainty.

H,: A higher level of uncertainty avoidance contributes to lower consumer autonomy
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3. Laws and regulations

3.1 GDPR

General Data Protection Regulation (GDPR) is a security law by the European Union (EU)
with the purpose to protect the processing of personal data and the movement of such data of
individuals online. The regulation aims to strengthen their fundamental rights and facilitate
public business behavior as well, by clarifying protective rules (EU, 2022). As the likes of big
data information and algorithmic profiling historically have experienced critique for their
collecting of personal user information in marketing, the GDPR is established to avoid such
coincidences. Companies in member countries of the EU who collect data against the GDPR
compliance are punished with administrative, regulatory and financial sanctions by the
organization (Voss & Bouthin-Dumas, 2021). A famous incident from 2013, by the United
States” Senate Report, where information from the broking industry by data brokers lacked
transparency in their targeting of user weaknesses, by categorizing them such as “Rural and
Barely Making it” or “Credit crunched: City Families, before selling these categorizations as
targeting marketing for bank. These categorizations was seen discriminatory by many, and
also unethical marketing by the banks as they offered the vulnerable categorizations short
loans with high-interest rate (Padden & Ojehag-Petterson, 2021: Jonas & Hiller, 2021).
Despite this occurring in the US, it explains an example of businesses using personal
information for other purposes, without consumers consent (or awareness) — which GDPR

aims to eliminate.
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4. Methodology

This section will cover the entire process on how the thesis data is created, conducted, and
analyzed. The section will first explain the research design, followed by how data was
collected and analyzed. Lastly, the validity of the data will be tested, and a description of

each variable and analysis is given.

4.1 Research design

As the purpose for the thesis is to identify how culture influences consumer autonomy, a
quantitative research approach was used. A quantitative research involves a set of statistical
or numerical data, investigating trends, social phenomena and relationships between variables
in order to test and provide answers to hypotheses (Watson, 2015).. A quantitative research
approach can explore numeric patterns of a set of variables through a questionnaire,
structured observations or experiments (Ahmad et al., 2019). For large sample sizes, a
quantitative approach is a good fit as it manages to represent data findings from a specific
population. Being capable of dealing with several numbers to assess information, it provides
accurate and reliable results that can be compared and generalized (Goertzen, 2017). As our
questionnaire and adaptive conjoint analysis target one population only, these are two
appropriate and effective strategies for measuring how the cultural dimensions within

Norway influence consumer autonomy.
4.1.1 Survey structure
1. Hofstede's six cultural dimensions: 24 items + 6 demographic items
2. Perceived autonomy: 12 items
3. Privacy concern: 5 items
4. ACA autonomy: 3 items
5. ACA privacy: 3 items

In order to measure the importance of autonomy and privacy, the adaptive conjoint analysis

also measured the importance of price, discount and preference for Al in relation to the two
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former factors. This made it possible to identify how important the several factors were in
relation to each other, by adding the additional factors into the conjoint in order to analyze the
respondents” selection pattern. For example, autonomy might be affected by a respondent
who is against use of Al, or who is easily willing to give up autonomy for a larger discount or
price. Therefore, it was important for the main study to implement the additional

measurements to measure the respondents‘ relative emphasis on autonomy. e.
Additional measurements:

1. Price: 3 items (ACA)

2. Discount: 3 items (ACA)

3. Preference for artificial intelligence: 2 items (ACA)

Total: 58 items

4.1.2 Experimental design: the Adaptive Conjoint Analysis

The adaptive conjoint analysis (ACA) is a rating-based conjoint analysis approach that
measures respondent’s preferences and their relative importance of different attributes
(specified). This information is used to estimate how meaningful selected concepts are in
relation to each other, and to which extent a concept attribute is weighted for the
decision-making in adapted choice scenarios. In brief, a conjoint analysis measures the
tradeoffs between attributes (Eggers et al., 2022). In the Sawtooth Software, the ACA system
allows up to 30 attributes involving 15 levels for each. The software focuses on the most
relevant attributes for an analysis, and focuses on just a few attributes at a time to avoid
information overload (Sawtooth, 2022). Often used to analyze consumer preferences, the
ACA in Sawtooth was a very appropriate tool to investigate how much consumer autonomy
and privacy concerns are important to the respondents (as consumers) relative to other
attributes.. Finally, Sawtooth provided a percentage to the extent of how much each attribute
decided or impacted the respondents’ ratings, both in the “what if”” and the regular scenarios

that was conducted in the analysis.
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4.2 Data collection

4.2.1 Sawtooth

Sawtooth software was the program used for collecting data from surveys. The survey was
split into two parts. Part 1 consisted of the adaptive conjoint analysis, while part 2 of the
questionnaire. The front page had information about the survey’s purpose and that two
students from the NTNU Alesund were behind it. In addition, the respondents were assured
that no personal or online information about them would be collected. The gathering of
IP-addresses in Sawtooth was also turned off. Therefore, the survey was completely
anonymous. Furthermore, the software performed the ACA randomly arranged for the
various variables’ conditions, thus minimizing the chance of random errors in the data

sample. Finally, after all answers were collected, the variables were transferred into SPSS.
4.2.2 SPSS

All of the statistical analysis and measurements are performed using the Statistical Package
for the Social Sciences, famously known as SPSS. In brief, SPSS is used to interpret and test
the results of research (Arkkelin, 2014). The entire set of information from the 104
respondents was imported to SPSS from the Sawtooth software. Here, several variables were
computed into new variables in order to measure and analyze the various purposes for this

thesis. All the figures and tables in this text and it’s appendix are retrieved from SPSS

4.2.4 Pilot study

Before publishing the survey to the public population, a pilot study was shared between

family and close friends. This was done to receive feedback from the audience in order to
make necessary changes or improvements to the survey. Simultaneously, this gave insight
into how the Sawtooth software would function for the analysis, as this was our first time

using the program.

The pilot study consisted of 17 respondents, of which everyone completed the whole survey.
Mostly, the feedback was very positive. However, a small issue to some respondents
concerned the survey’s time duration, claimed to be a bit long. Therefore, the text was gone

over again to cut down a few bits. Despite this, the survey lasted approximately 12 minutes,
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which was still relatively long to many participants (see Incomplete descriptives in “Main

study”). In addition, a few formulations for certain questions were edited, based on feedback.

4.2.5 Main study

After changes were made, the survey was completed and ready to be published. As the target
group was the Norwegian population, the survey was only shared with friends on Facebook.
This was done by sharing the survey link on each other” s Facebook wall and through
personal direct messages. Since only 100+ respondents were needed, this was considered this
was the most effective method to reach into family, friends and acquaintances, as previous
experience has proved that groups of strangers are generally very little willing to complete
surveys for others’. Therefore, sharing this was considered as the most effective way to reach

out to a Norwegian population and to receive the needed number of respondents.

Eventually, after over one and a half weeks, a total of 104 had completed the entire survey. A
relatively long waiting time, but at the same time expected according to the schedule as the
survey was relatively large and time consuming to complete. Statistics below support this
assumption in which a huge number of participants did not complete the survey after launch.
A total of 116 participants did not finish, whereas the introduction part explaining the survey
scenario was a weak-point with almost 30 percent abandoning after this point. All

incompletes were removed to ensure a reliable sample.

Study Summary Incompletes Report

16 116

104 Last Question Seen  Incompletes % of Respondents
100
Intro

DEL1 1 5%
ACA_Ratingl 31 14%

ACA_Importancel

ACA_Pair3

C
ACA_Pairl

C

C

ACA_Paird
Completes incompletes Disqualified ACA_Pair6

Infol
Completes: 104

L T,

SLUTT
Incompletes: 116

Disqualified: 0
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4.3 Description of variables

This study contains several variables that are collected in order to discover the relationship
between consumer preferences & behavior and culture. There are only four main variables
that are taking part in testing the correlations relative to Hofstede’s six culture variable
indexes, in order to answer the hypotheses introduced earlier in this paper. The selected

variables will provide information about respondents’:
1) autonomy and privacy importance, through the conjoint analysis

2) how they perceive their consumer autonomy and privacy concern, based on survey results

Based on this, the four selected variables are 1) ACA autonomy, 2) ACA privacy, 3)

perceived autonomy and 4) privacy concerns. These will be described below.

4.3.1 ACA autonomy

Three different levels of autonomy was given to the respondents, in which they firstly were
asked about their significance of being able to choose freely, by ranking three different
conditions. Thereafter, in a randomly assigned conjoint analysis they were asked to select a
combination with the most preferred insurance deal, consisting of other additional variable
terms. By this, one is able to measure to what extent being able to choose freely (autonomy)
was important to the respondents, as well as how much the importance contributed in

choosing the preferable insurance package.

In the low level of autonomy, the respondents were asked to rank their preference of
accepting “The car loan requires you to pick their recommended car insurance company”.
The medium level was: ““You choose freely between 5 different car insurance companies”,
while the high level was: “You choose freely which car insurance company you want”.
Firstly, these conditions were asked to be ranked separately to each other on a Likert scale
1-7 from “Not desirable” to”” Extremely desirable” (see appendix Y) Secondly, the

importance of choosing one condition above another was to be selected. Thirdly, when
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selecting their preferred insurance package, the conditions were in random combinations with

other variables, i.e., against each other.

Therefore, as the experiment managed to test the respondents by creating variations and
combinations that impacted the respondents’ actual preferences regarding autonomy, the

“ACA Autonomy” variable was allowed to be conducted.
4.3.2 ACA privacy

Same procedure, where three different levels of privacy information, given to the insurance
company, were ranked from 1-7 on Likert scale from “Not Desirable” to " Extremely
desirable”. A low level of privacy means a person is willing to give away relatively much

information, and vice versa.

As from the ACA autonomy application, the variable is measured by the Likert scale, then by
the importance of giving up one level of information versus another and finally how a certain
privacy level impacts the decision when choosing an insurance package. Eventually, the data

results computes the variable for “ACA privacy”.

The three conditions are presented in appendix Y.
4.3.3 Perceived autonomy

The questions for the measurement of perceived autonomy were adapted from Chen et al.
(2014) and Michaelsen et al. 2021), as cited in Haugstulen (2021). This variable is measured
on the basis of 12 items (see appendix Y), using a Likert scale 1-7 from “Strongly agree” to
“Strongly disagree”. A low scale score on the “agree side” for question 5 to 8 means a low
level of perceived autonomy, as these questions are negatively loaded from an autonomy
perspective. However, low scale scores on the “agree side” for question 1-4 and 9-12 will
indicate a high level of perceived autonomy, on the other hand. Therefore, the scale scores for
these questions were reversed in the data sample to show the same impact on the perceived
autonomy variable from all 12 questions, i.e., the higher Likert scale in the data results, the

more perceived autonomy.
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4.3.4 Privacy concerns

The purpose of this variable is to measure the sample’s privacy concern in terms of giving up
personal information to insurance companies. The five survey questions (see appendix Y)
concerns to what extent on a Likert scale 1-7 the respondents are concerned about the likes of
their online personal privacy information, financial information, personal data being used for
other purposes, online behavior on websites being tracked and the threat of personal
information being shared to other parties. The questions are basically measured from 1 (Very
concerned) to 7 (Very unconcerned). However, these data are also reversed into the variable,

meaning that the higher scale score, the higher is the concern.

4.4 Description of analyses

4.4.1 Descriptives

Demographic information was included in the study, first of all to control that all respondents
are Norwegian internationals. Choosing Norway as their nation on a scale of 1-196, would
result in a value of 131, which was selected by all 104 respondents. This is the control
variable for the survey, as it secures the data to consist of the selected population only
(Pallant, 2016). In addition, the respondents were asked about their style of gender and age
group. Gender was measured on a scale 1-3, whereas as 1 = Male, 2 = Female and 3 = Do not
specify. The various age groups was measured on a scale 1-8 with indicator 1 “for Under 20”,
2 for “20-24”, 3 for “25-29”, 4 for “30-34”, 5 for “35-39”, 6 for “40-49”, 7 for “50-59 and 8

for “60 or over.
4.4.1 Tests of normality

To make sure the distribution of scores on a dependent variable is “normal”, tests of
normality were conducted. This test obtains a Kolmogorov-Smirnov statistic to assess
normality of the distribution of scores. A non-significant result with a Sig. value above .05
indicates normality (Pallant, 2016). As research often contains dependent variable scores that
are not normally distributed, it is important to check the data distribution of scores. The
skewness score provides information about the distribution’s symmetry, together with the

kurtosis which gives information about the distribution’s “peakedness” (Pallant, 2016). A
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perfectly normal distribution is present if both values are equal to 0, but this is rather
uncommon. However, a positive skewness value indicates the scores are clustered to the left
at the low values, while a negative value will show a clustering of scores in the top right-hand
side of a graph (Pallant, 2016). A positive kurtosis score means the distribution is rather
peaked in a center cluster, while a negative score indicates a relatively flat distribution. In
addition, a histogram was also used to provide a graphical examination of various variables,

to see which side the variables are skewed to.

Sig. values less than .05 are quite common in larger samples, despite suggesting violation of
the normality assumptions. Same applies to scales and measures that are skewed either
positively or negatively. However, such non-normal distribution does not necessarily indicate
a problem with the scale, but rather occurs in social science due to the underlying nature of

the construct being measured (Pallant, 2016).
4.4.2 Reliability analysis

Testing the sample for reliability is important to check how free it is from random error. It is a
type of correlation test with itself (Haugstulen, 2021). This can be measured through internal
consistency, which indicates the items” degree of how they “hang together” and if they
measure the same underlying construct. The common indicator used of internal consistency is
the Cronbach's alpha coefficient. This indicator (from 0 to 1) should preferably be above .7 to
indicate internal consistency and a good reliability of the scale (Pallant, 2016). Short scales
will often find quite low Cronbach values (ex. .5), as these values are quite sensitive to the
number of items in the scale. Therefore, it might be appropriate to report the inter-item

correlation for low scale items (Pallant, 2016).
4.4.3 Correlation analysis

In short words, a correlation analysis provides a description of the linear relationships
between two variables. It gives insight about their strength and direction in relation to each
other (Pallant, 2016). SPSS is able to calculate two types of correlations; a simple bivariate
correlation analysis between two variables, and a partial correlation, which explores the
relationship between two variables while controlling for another variable (Pallant, 2016). As
this thesis speculates in the relationships between two variables, the bivariate correlation was

used. Here, the indicators Pearson correlation coefficients (r) and non-parametric Spearman
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rho tell whether there is a positive or negative correlation between the variables, by
respectively positive and negative values. Positive correlation means if a variable increases,
the other does too, while a negative correlation means a variable increases, the other
decreases. A perfect correlation of 1 or -1 means that one can determine exactly one of the
variable’s values by knowing the value of the other. This relationship can be shown in a
scatterplot that contains a straight line. A nonexistent relationship between two variables is
present with a value of 0. (Pallant, 2016). This is the main type of analysis for the thesis,
because this will give answers to the hypotheses through indicating potential relationships

between the main variables.

4.4.4 Linear regression

A simple linear regression was performed to estimate the relationship between the dependent
(perceived autonomy) and independent variables (PD, IDV, MAS, UA, LTO and IVR). In
addition the privacy concerns variable was also tested as a dependent variable. .Generally, in
a linear regression the dependent variable is a constant value and is labeled as a regression
coefficient or regression weight. The independent variable is called as a predictor of the
dependent value, i.e., linear regression is a predictive analysis of a variable’s outcome (Lunt,
2013). At the same time, the analysis provides an extension of correlation of which direction
the linear relationship between the predictor and dependent variable moves in relation to each
other. However, in contrast to a correlation analysis, the linear regression provides a
prediction of how the explanatory (dependent) variables cause a change in the response
(independent) variable, through a statistical model (Kumari & Yadav, 2018). Finally, the

analysis requires six assumptions to be valid:

1. There exist a linear relationship between the dependent (Y) and independent (X) variables
2. Any value of Y possess the same variance of residual (homoscedasticity)

3. X is measured without any experimental error

4. Any fixed value of X includes normal distribution for Y

5. All'Y values are independent from each other, but depend on X

6. The values of X are set by the researcher
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5. Results

5.1 Descriptives

The questions from each of the survey pages were mandatory to complete before moving on
to the next, i.e., all incomplete results were removed from the dataset. This resulted in a total

of 104 respondents, illustrated in Appendix A.

5.1.1 Demographics

The frequency analysis (Appendix A) shows a gender dispersion of 56 males (53.8 percent),
45 females (43.3 percent), while 3 respondents answered that they would not specify their
gender (2.9 percent).

The most frequent age groups of the respondents were “20-24” and “25-29”, respectively at
22 and 23 respondents. As Facebook was used to share the survey, it can be argued that this is
a natural occurrence, considering that peers are the most frequent (friends and family). Age

groups “40-49” and “50-59” (respectively 17 and 12 respondents) were also quite frequent.

Lastly, all of the respondents live in Norway, as this was the targeted population of the

survey.
5.1.2 Perceived autonomy

The 104 respondents answered all the 12 questions spreading across the entire range,
illustrated as minimum and maximum in Appendix B. The respondents additionally answered
on average a mean value above 4 (more specifically from 4.36 to 5.56), which is on the

higher side of scale.

The “PerceivedAutonomy” scale was computed from the 12 survey questions. Out of the 104
respondents, the minimum value was 2.67 and the maximum value was computed to 7, where

the latter is at the maximum range of the Likert scale.

The mean value was calculated to 5.13, indicating that the average respondent feels they have

a higher degree of autonomy.
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A measurement of skewness was also included in the descriptive analysis. The skewness
value is an indication of how the scores of the questions/scales are distributed, or the
symmetry of the distribution. A positive skewness value indicates that the scores are clustered
more towards the low values, while a negative skewness value indicates that scores are
clustered towards the high values (Pallant, 2016). From Appendix B, the skewness values for
each individual question, as well as the summated scale, are negative, indicating that the

scores are clustered to the right at the high values.

5.1.3 Privacy concerns

Similarly to the Perceived autonomy questions, all five questions were answered across the
entire range, displayed as minimum and maximum values in Appendix C. The average mean
of each individual question ranged from 4.88 to 5.20, which is on the high side of the Likert

scale.

Similarly, the “PerceivedPrivacy” scale was computed from five questions, and out of 104
respondents, the minimum value was at the lowest possible value of 1 and the maximum

value was at the highest possible value of 7.

The mean value was then calculated to 5.05, indicating that the average respondent is on the

higher side of the scale when it comes to concerns about their privacy.

The skewness values for all the questions and the summated scales are negative, indicating a

clustering to the right at the high values.

5.1.4 Assessing normality

To assess the normality of the variables displayed in table 1, the Kolmogorov-Smirnov
statistic will be assessed in addition to interpreting the results from the histograms for each
variable. The Kolmogorov-Smirnov statistics and the histograms will assess the normality of
the variables by looking at the distribution of scores. A significant result with a Sig. value of
less than .05 suggests a violation of the assumption of normality, where a non-significant

result (above .05) indicates normality (Pallant, 2016). Furthermore, the Kolmogorov-Smirnov

34



statistics will be interpreted for all variables. For the interpretation of the histograms,
“Gender”, “AgeGroup” and “Country” will be excluded as these variables were thoroughly

interpreted in section 5.1.1.

Notably, variables “PerceivedAutonomy” and “PerceivedPrivacy” used a 7-point Likert scale,
whereas the cultural dimensions “PowerDistance”, “Individualism”, “Masculinity”,
“UncertaintyAvoidance”, “LongTermOrientation” and “Indulgence” used a 5-point Likert
scale. This is important information to consider when looking at the distributions in the

histograms.

From the results of the analysis found in table 1, the Sig. value for all variables is .000. The
exception is “PerceivedPrivacy”, where the Sig. value is .001. Nonetheless, all Sig. values are
below the .05 limit, which suggests a violation of the assumption of normality. Due to the fact
that many scales and measures, often the ones in social sciences, have skewed scores (Pallant,
2016). This may not indicate a fault with the scales, but rather “reflects the underlying nature
of the construct being measured” (Pallant, 2016, p. 81). On the basis of this, the data analysis

could continue without further action.

Tests of Normality

Kolmogaorov-3mirnoy

Statistic df Sig.

FPerceivedAutonomy 30 104 .0oo
PrivacyConcerms 118 104 om
FowerDistance 26 104 000
Individualism 61 104 000
Masculinity 1567 104 .0on
LIncertaintydvoidance 181 104 000
LongTermQrientation 136 104 000
Indulgence A73 104 .0oo
Gender 3449 104 .0on
AgeGroup 209 104 000
Country ) 104

Table 1: Tests of Normality

5.1.5 Adaptive Conjoint Analysis

Descriptive statistics were performed for the ACA variables. From the mean scores,

measuring the percentage of the importance, the highest value is 25.3 for the “Discount”
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variable, followed by “Price” at 23.4. This was expected as the total payment often is decisive
when purchasing insurance. More interestingly, autonomy and privacy, respectively at 20.4
and 20.9, was also important to the respondents. Both items accounted for almost 21% of the
respondents” answers, where the range was very large. Some emphasize their answers a lot
about autonomy (max.41.1%) and privacy (max.39.3%), in which others did not consider the
two terms at all, more or less, respectively a minimum value of 2.3 and 2. The preference for
using Al to calculate future insurance settlements was least important to the respondents, only

with a contribution averaging at 10% in their decision-making.
5.2 Reliability

In order to be able to analyze, interpret and compare scales in a study, it is important that the
scales that one uses are reliable. While there are several aspects to the concept reliability,
measuring the scale’s internal consistency is one of the more frequently used methods. This is
measured by the Cronbach’s Alpha coefticient, which measures whether or not, in this case,
the questions are measuring the same construct (Pallant, 2016). The Cronbach’s Alpha should
preferably be above .7. For smaller scales containing less than 10 items it is quite common to
find lower Cronbach’s Alpha values, where .5 would be considered to be the accepted
minimum. However, in such cases, it would be more appropriate to look at the mean
inter-item correlation value (DeVellis, 2012, as cited in Pallant, 2016). Here, the items mean

inter-item correlation value should be between .15 and .5 (Clark & Watson, 1995).

Table 2 (below) shows a summary of all Cronbach’s Alpha calculated in SPSS, which were

summarized from the outputs in Appendix F-M.

Cronbach’s Alpha
Perceived autonomy 0.872
Privacy concerns 0.891
Power distance 0.165
Individualism 0.671
Masculinity 0.729
Uncertainty avoidance 0.360
Long term orientation 0.553
Indulgence 0.269

Table 2: Cronbach’s Alpha
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From table 2, analyses find that “Perceived autonomy”, “Privacy concerns” and
“Masculinity” are the only scales above .7, as was the recommended minimum by DeVellis
(2012). For the remaining scales “Power distance”, “Individualism”, “Uncertainty
avoidance”, “Long term orientation” and “Indulgence”, the Cronbach’ Alpha coefficients are
below the recommended level. However, as stated above, in scales where the number of items
are low, the Cronbach’s Alpha is often found to be quite low. This is the case for the
mentioned scales, where all scales only contain four items each. Therefore, for these cases,

the mean inter-item correlation will be considered.

5.2.1 Reliability of Perceived Autonomy

A reliability test (Appendix F) was conducted for the 12 questions/items concerning

perceived autonomy (see Appendix Y).

The Cronbach’s Alpha coefficient for perceived autonomy was calculated to .872, which
suggests very good internal consistency between the items. While values above .7 are
acceptable, values above .8 are preferable (Pallant, 2016). In the Item-Total Statistics, it is
shown that the Cronbach’s Alpha will increase to .882 if item 5 is deleted. However,
considering that the Cronbach’s Alpha is already at a satisfactory level above .8 and that the
Cronbach’s Alpha will only increase minimally by .01, the item will not be deleted from the

scale.

5.2.2 Reliability of Privacy Concerns

The reliability test for privacy concerns (Appendix G) included 5 questions/items in its scale

(Appendix Y).

The Cronbach’s Alpha coefficient for privacy concerns was calculated to .891, which
suggests very good internal consistency and that they measure the same underlying
characteristics (Pallant, 2016). The coefficient is at a preferable value (above .8). The
Item-total statistics shows that no difference to the Cronbach’s Alpha will occur when any of

the items are deleted.
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5.2.3 Reliability of Power Distance

The reliability test for power distance (Appendix H) was conducted for a scale containing 4

questions/items (Appendix Y).

The Reliability Statistics output shows a low Cronbach’s Alpha at .165, suggesting that the
internal consistency is poor. Considering the nature of the scale where the number of items is
low, it would be more beneficial here to mean inter-item correlations value. In the Summary
Item Statistics, the mean value of inter-item correlations is calculated to .048, meaning below
the recommended scale between .15 and .5. This suggests that the internal consistency is still
poor. The Item-Total Statistics shows that the Cronbach’s Alpha will increase to .253 if item
3 is deleted.

Running a new reliability test with item 3 removed (Appendix N), the Summary Item
Statistics still shows that the mean value of inter-item correlations is low at .112. Again the
Item-Total Statistics shows that if “HofQ23” (which is Hofstede’s 23th question shown in
Appendix Y) is removed, the Cronbach’s Alpha will increase to .287. Yet again running a
new test with items 3 and 4 removed (Appendix O), the Summary Item Statistics shows a
satisfactory mean value of inter-item correlations at .172, indicating that removing items 3

and 4 result in acceptable internal consistency.

Removing too many items from the scale can also affect future results, and must also be
taken into account when considering removing too many items from a scale. In this case,
removing two items from the scale would leave only two items left in the scale. Considering
that the corrected item-total correlation (Item-Total Statistics in Appendix H) shows negative

value for item 3, which gives good cause to remove this item.

A new scale was created by removing item 3, but it should be noted that the internal

consistency and reliability of this scale is questionable.
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5.2.4 Reliability of Individualism

The reliability of Individualism (Appendix I) was conducted by testing a scale of 4
questions/items (Appendix Y).

The Cronbach’s Alpha coefficient found in Reliability Statistics was calculated to .671, which
initially suggests that the value is below the recommended level of .7. Scanning through
Item-Total Statistics, it is found that the Cronbach’s Alpha will not increase if any items are

deleted.

However, since the scale has below 10 items, the recommended level is at .5, and thus, it can
be argued that the scale shows good internal consistency. It would still be beneficial due to
the small number of items in the scale to look at the mean inter-item correlations value in
Summary Item Statistics. This value is .339, which is within the range between .15 and .5.

Therefore, the Individualism scale shows good internal consistency.

5.2.5 Reliability of Masculinity

The reliability test of Masculinity (Appendix J) was conducted by testing a scale with 4
questions/items (Appendix Y).

SPSS calculates the Cronbach’s Alpha to .729, as shown in Reliability Statistics. This
suggests that the scale has a good internal consistency and that the items measure the same
construct. The Item-Total Statistics shows that the Cronbach’s Alpha coefficient cannot be

increased if any of the items is deleted.

5.2.6 Reliability of Uncertainty Avoidance

The reliability test of uncertainty avoidance (Appendix K) was conducted on a scale

containing 4 questions/items (Appendix Y).

In Reliability Statistics it is found that the Cronbach’s Alpha coefficient is .360, which is
below .7 and below the minimum for smaller scales (.5). The mean inter-item correlations

value (Summary Item Statistics) is .120, which is below the recommended range between .15
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and .5. However, it is found in Item-Total Statistics that the Cronbach’s Alpha can be

increased by deleting an item, specifically item 4.

Running a new reliability analysis without item 4 (Appendix P), the Cronbach’s Alpha will
increase to .397, meaning still below recommended values. However, the mean inter-item
correlations value is now at .179, which is within the range of .15 and .5. Scanning the
Item-Total Statistics output, it is found that the Cronbach’s Alpha can be increased by
deleting item 1. This is not done, due to the fact that the mean inter-item correlations value is

acceptable.

To ensure reliability of the future tests, item 4 is removed and a new scale for Uncertainty

avoidance is made.

5.2.7 Reliability of Long Term Orientation

The reliability test of long term orientation (Appendix L) was conducted by a 4-item scale

(Appendix Y).

The Cronbach’s Alpha value (Reliability Statistics) is calculated to .553, which is above the
recommended minimum .5 for smaller scales. As the value is still below the initial .7
minimum, the mean inter-item correlations will be looked at. This value, found in Summary

Item Statistics, is at .250, which is well within the recommended scale between .15 and .5.

In Item-Total Statistics, it is found that the Cronbach’s Alpha coefficient can be increased by
deleting item 2, but considering that the internal consistency of the scale is proven good in

Summary Item Statistics, a new test will not be conducted.

5.2.8 Reliability of Indulgence

The reliability test of indulgence (Appendix M) was conducted on a scale of 4
questions/items (Appendix Y).

The Cronbach’s Alpha reported from Reliability Statistics is at .269, while the mean

inter-item correlations value (Summary Item Statistics) is .087. Both suggest very poor
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internal consistency of the scale. In Item-Total Statistics, however, it is found that item 4 can

be deleted to improve the Cronbach’s.

Running a new reliability test without item 4 (Appendix Q), the new Cronbach’s Alpha value
is at .354, but the mean inter-item correlations value is now at an acceptable level at .16.
Item-Total Statistics shows that yet another item can be deleted to improve Cronbach’s
Alpha, but since the mean inter-item correlations already is acceptable, this is chosen to not

do.

To make sure that the internal consistency of the scale is acceptable, item 4 is deleted from

the scale.
5.3 Regression

To answer the hypotheses, linear regression analyses were conducted. As the hypotheses ask
how each cultural dimension affects autonomy, and not how each cultural dimension interacts
with each other to predict autonomy. Therefore, several simple linear regression analyses
were conducted instead of multiple regression. Perceived autonomy and Privacy concerns as

dependent variables are tested on each of the cultural dimensions.

5.3.1 Regression of Perceived Autonomy

Checking assumptions

The first step in a linear regression analysis is to check if the data used are actually suitable

for linear regression. This is done by checking the assumptions specified in section 4.4.4.

All the assumptions can be tested by looking at Normal P-P Plot of Regression Standardized
Residual and Scatterplot, both found in Appendix R.

In the Normal P-P Plot, the points should lie in a reasonably straight diagonal line from
bottom left to top right (Pallant, 2016). As shown in Appendix R, all values in the Normal
P-P Plots do lie in a reasonably straight diagonal line, suggesting no major deviations from

normality.
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In the Scatterplot, the values should have a reasonably rectangular distribution and the scores
should mostly be clustered in the center, i.e, around 0 (Pallant, 2016). All Scatterplots in
Appendix R show roughly a rectangular distribution and the scores are concentrated in the

center. This suggests that the data shows homoscedasticity.

Checking for outliers is also important when conducting a regression analysis. Outliers are
defined as cases that have standardized residuals, either below -3.3 or above 3.3 (Tabachnick
& Fidell, 2013, as cited in Pallant, 2016). In this case, only one outlier is found between
Perceived autonomy & Masculinity. As only one is found, no further action to remove this

outlier will be taken.

Interpreting the results

The results are interpreted from the outputs in Appendix S-U. Appendix S contains all
ANOVA outputs, Appendix T presents all Model Summary tables, and Appendix U contains

all Coefficients outputs, where the predictor is specified within each output.

ANOVA
Predictor F Sig.
Power Distance 4 826 030
Individualism 21.257 000
Masculinity 20973 000
Uncertainty Avoidance 2576 112
Long Term Orientation 26.724 000
Indulgence 1.365 245

Table 3: ANOVA (Dependent variable: Perceived Autonomy)

The first thing to look at is the ANOVA table. This gives an indication if the model that is
being measured is statistically significant, and if the predictor is making a statistically
significant contribution to the dependent variable. This is determined by looking at the Sig.
value of the model, where results below .05 suggests that the contribution is statistically
significant. Table 3 above is a summary of the values of interest from each of the independent

predictors.
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It is found from the regression analyses that the predictors “Power Distance”,
“Individualism”, “Masculinity”, and “Long Term Orientation” have values below .05, and

thus, are making a statistically significant contribution to “Perceived Autonomy”.

The remaining predictors “Uncertainty Avoidance” and “Indulgence” have values above .05,
which is suggesting that both those models are not statistically significant. This indicates that

the data cannot provide evidence of an effect/prediction from the predictor on the dependent

variable.
Model Summary
Predictor R Square Adjusted R Square
Power Distance 045 036
Individualism 172 164
Masculinity 171 162
Uncertainty Avoidance 025 013
Long Term Orientation 208 200
Indulgence 013 004

Table 4: Model Summary (Dependent variable: Perceived Avutonomy)

The next point of interest in a regression analysis is the Model Summary, specifically the R
Square values. These values explain how much of the variance in the dependent variable is
explained by the predictor (Pallant, 2016). The regression analysis calculates two R Square
values: R Square and Adjusted R Square. While the values both explain the same, the R
Square tends to be rather optimistic in small sample sizes, and overestimates the variance

explained. The Adjusted R Square corrects this overestimation (Pallant, 2016).

In table 4 above, the R Square and Adjusted R Square values are summarized and reported
for each individual predictor. Since the sample size is a bit small (N=104), Adjusted R Square
will be reported. It is found that “Individualism”, “Masculinity” and “Long Term
Orientation” have the highest values, respectively at .172, .171, and .208. This means that in
each simple linear regression model, 17.2 percent of the variance in “Perceived Autonomy” is
explained by “Individualism”, 17.1 percent of the variance is explained by “Masculinity”,
and 20.8 percent is explained by “Long Term Orientation”. The predictors “Power Distance”,

“Uncertainty Avoidance”, and “Indulgence” have lower values, where 4.5 percent of the
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variance in “Perceived Autonomy” is explained by “Power Distance”, 2.5 percent is

explained by “Uncertainty Avoidance”, and only 1.3 percent is explained by “Indulgence”.

Coefficients

Model Unstandardized Coefficients

B Sig.
(Constant) 3.851
Power Distance 345 030
(Constant) 2.330
Individualism 6092 000
(Constant) 2.610
MMazculinity 624 000
(Constant) 4220
Uncertainty Avoidance 251 112
(Constant) 2.302
Long Term Orientation 747 000
(Constant) 4438
Indulgence 181 245

Table 5: Coefficient (Dependent variable: Perceived Autonomy)

The final point of interest in the regression analysis is to see how (and if) the variable
(predictor) included in the model predicts the dependent variable. In table 5 above, the
Coefficients outputs are summarized for each simple linear regression analysis. The B value
for each predictor under Unstandardized Coefficients (in table 5) explains the slope of the
predictor, meaning that if the predictor increases by 1, the dependent variable will increase
(or decrease if negative) with B. The Sig. values in table 5 are similar to the Sig. values in

table 3 (ANOVA).

From table 5, it is found that “Individualism”, “Masculinity” and “Long Term Orientation”
have the largest B values, indicating that these make the strongest contribution to explaining
“Perceived Autonomy”. “Power Distance”, “Uncertainty Avoidance” and “Indulgence” make

weaker contributions to explaining “Perceived Autonomy”.

From the simple linear regression analyses, the predictors’ contribution to explaining

“Perceived Autonomy” ranked from strongest to weakest are:
1. Long Term Orientation

2. Individualism
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3. Masculinity
4. Power Distance
5. Uncertainty Avoidance

6. Indulgence

5.3.3 Regression of Privacy Concerns

Although not a part of the hypotheses, it could be interesting to run the similar tests to
Privacy Concerns, as was done to Perceived Autonomy in the previous section. Like before,

checking assumptions to determine model fit is the first step.

Checking assumptions:

The Normal P-P Plot of Regression Standardized Residual and Scatterplot (both found in
Appendix V) are investigated to check the assumptions, specified in 4.5.4.

All Normal P-P Plots show that the values reasonably follow the straight diagonal line from

bottom left to top right, suggesting no major deviations from normality.

Each Scatterplot shows that the values have a reasonably rectangular distribution, in addition
to being mostly grouped in the center around 0. This suggests that the data in the model

shows homoscedasticity.

Lastly, outliers should also be identified. This is done by scanning the Scatterplots for values
below -3.3 and above 3.3. Here, only one outlier is identified in the Scatterplot for Privacy
Concerns & Masculinity, however, as only one is found, no further action to remove this

outlier will be taken.

Interpreting the results:

Like before, the first step is to check if the models are significant. This is done by looking at
ANOVA, specifically the Sig. value.
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ANOVA
Predictor F Sig.
Power Distance 2000 098
Individualism 111 740
Masculinity 676 413
Uncertainty Avoidance 3.140 079
Long Term Orientation 014 903
Indulgence 343 559

Table 6: ANOVA (Dependent variable: Privacy Concerns)

Table 6, shown above, summarizes each ANOVA output from the analyses in Appendix W.
From the table it is found that none of the predictors are making a statistically significant
contribution to explaining Privacy Concerns (DV). This suggests that none of the predictors

are good predictors of the outcome variable “Privacy Concerns”.

Additionally from the Model Summary in Appendix X, it is found that all predictors explain
very little of the variance in the dependent variable. All predictors have a negative Adjusted
R Square, with the exception of “Uncertainty Avoidance”, where the Adjusted R Square was

at the low value of .020 (summarized in table 7 below).

Model Summary
Predictor R Square Adjusted R Square
Power Distance 000 -.010
Individualism 001 -.009
Masculinity 007 =003
Uncertainty Avoidance 030 020
Long Term Orientation 2000 -.010
Indulgence 003 -.006

Table 7: Model Summary (Dependent variable: Privacy Concerns)

Even though the model fit was good, none of the predictors makes a statistically significant
contribution to privacy concerns. This suggests that the cultural dimensions are poor
predictors of privacy concerns. This assumption is also strengthened by the low Adjusted R

Square values in Model Summary.
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5.3.4 Summary of hypotheses
The hypotheses were the following:

Hi: A higher level of power distance contributes to lower consumer autonomy
H,: A higher level of individualism contributes to higher consumer autonomy
Hj: A higher level of masculinity contributes to lower consumer autonomy

Hy: A higher level of uncertainty avoidance contributes to higher consumer autonomy

Hypothesis 1:

It was found from the simple regression analysis that masculinity makes a statistically
significant contribution to explaining perceived autonomy. This contribution was interpreted
by the B-value, which was .345. This indicates that when the “Power Distance” predictor
increases by 1, the “Perceived Autonomy" will increase by .345. In total, both considering B
value and the Sig. value, this means that power distance is making a statistically significant

positive contribution to perceived autonomy.
Hypothesis 2:

The simple regression analysis showed that individualism makes a statistically significant
contribution to explaining perceived autonomy. The contribution was measured by the
B-value at .692. This suggests that individualism makes a statistically significant positive

contribution to explaining perceived autonomy.
Hypothesis 3:

The regression analysis showed that masculinity makes a statistically significant contribution
to perceived autonomy. The B-value, or how strong the contribution, was valued at .624,

indicating that masculinity makes a positive contribution to predict perceived autonomy.

Hypothesis 4:
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Running a regression analysis shows that uncertainty avoidance does not make a statistically

significant contribution to perceived autonomy, as the Sig. value was well above .05

(specifically at .112). The B-value was .251, meaning that when “Uncertainty Avoidance”

increases by 1, “Perceived Autonomy” increases by .251. This suggests a positive

contribution to explaining perceived autonomy, however the results are statistically

non-significant.

Hj: A higher level of power distance contributes to lower consumer autonomy

Not supported*

H;: A higher level of individualism contributes to higher consumer autonomy

Supported*®

Hj: A higher level of masculinity contributes to lower consumer autonomy

Not supported®

Hy: A higher level of uncertainty avoidance contributes to lower consumer autonomy

Not supported**

Table §: Summary of hypotheses (* = statistically significant, ¥ = statistically non-significant)

48




6. Discussion

This section discusses the results and the existing literature, and presents it in a structural

manner.

6.1 Power distance and its effect on perceived consumer

autonomy

Based on the literature review it was hypothesized that a higher level of power distance
would contribute to a lower consumer autonomy. Interestingly, the regression analysis finds
that power distance makes a (statistically significant) positive contribution to predict
perceived consumer autonomy. This means that the opposite contribution is found: a higher
level of power distance contributes to a higher level of perceived consumer autonomy, and

hence, not supporting the initial hypothesis.

Basabe (2005), Lee & Antonakis (2012), Conway et al. (1992) and Hofstede et al. (2011) all
find that autonomy and power distance negatively correlate with each other, which implies
that the results of this thesis finds a contradiction to the existing literature and research on the
area. A possible explanation for this can lie within the nature of the construct. As mentioned
in the abstract, the research and literature on relationships between consumer autonomy and
Hofstede’s cultural dimensions represent a large research gap, thus forcing a different
approach. Basabe (2005), Lee & Antonakis (2012), Conway et al. (1992) and Hofstede et al.
(2011) do not specifically assess the relationship between the dimensions and consumer
autonomy, but rather autonomy on a general basis, and hence, may explain the difference
between the results and the literature. Further research is needed to find the relationship

between autonomy in decision-making and consumer situations.

Thus, the findings imply that higher levels of power distance contribute to consumer

autonomy specifically.
6.2 Individualism and its effect on perceived consumer autonomy

Before the data was analyzed it was hypothesized on the basis of existing literature that a

higher level of individualism contributes to higher consumer autonomy. The results of the
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analyses show that individualism provides a significant, positive contribution to explain

consumer autonomy, thus supporting the initial hypothesis.

This result supports and confirms the findings of Triandis & Gelfand (2012), who suggest
that it is common that individualistic people tend to be more autonomous. Similarly to the
previous section(6.1), very little literature and research are found regarding specifically
consumer autonomy. The result of this thesis provides new insights and adds to the existing
literature by providing research on consumer autonomy, and suggests that autonomous
decision-making and consumer autonomy both are predicted by the higher levels of

individualism.
6.3 Masculinity and its effect on perceived consumer autonomy

It was hypothesized before the data was analyzed that a higher level of masculinity
contributes to lower consumer autonomy. However, the result of the regression analysis in
this thesis suggests that masculinity makes a statistically significant positive contribution to
explaining consumer autonomy, thus implying that the opposite effect is true: a higher level

of masculinity contributes to higher consumer autonomy.

The hypothesis was deduced from the literature, where Wang et al. (2017) and Richins &
Dawson (1992) find that masculine cultures tend often to search for personal well-being in
life, and followingly, Ditmar et al. (2014), Nagpaul & Pang (2016) and Wang et al. (2017)
show that autonomy reduce well-being due to a low satisfaction by the psychological need for

autonomy.

A possible explanation to the different results can again be that the literature do not specify
predictions to consumer autonomy in specific. Regardless, as the research from the literature
provides the opposite contribution compared to the result of the analysis, this thesis
contributes with new insights and knowledge to the area of understanding the relationship

between masculinity and consumer autonomy.
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6.4 Uncertainty avoidance and its effect on perceived consumer

autonomy

Finding no existing, consistent literature to support the specific relationship between
uncertainty avoidance and consumer autonomy, a logical approach based on the tendencies of
individuals with higher levels of uncertainty avoidance was used to form a hypothesis. It was
hypothesized that a higher level of uncertainty avoidance contributes to lower consumer
autonomy. The regression analysis shows that uncertainty avoidance does in fact make a
positive contribution, but however, the contribution is statistically non-significant. This
means that the result suggests a positive contribution of uncertainty avoidance on consumer

autonomy, and not a negative, thus not initially supporting the hypothesized contribution.

However, the non-significant nature of the analysis may simply imply that the sample size
was too small or that the random variation is too large to significantly predict the outcome
(Pallant, 2016), suggesting that the opposite contribution may also be true. The insignificant
nature of the relationship may indicate that not enough evidence is provided to successfully

and accurately predict consumer autonomy.

6.5 Additional contributions on perceived consumer autonomy

No literature was found regarding the relationship between autonomy (both including
consumer autonomy and autonomy on a general basis) and long term orientation and
indulgence. Therefore, no hypotheses were created, but however, the regression analyses
were still completed for the two remaining dimensions. The results of the analyses find that
long term orientation makes a significant positive contribution to explaining consumer

autonomy, while indulgence does not make a significant contribution.

The results and findings of this thesis therefore provides a unique contribution to the research
of how a higher level of long term orientation and indulgence contributes to explain
consumer autonomy, but further research should be employed to more closely analyze the

relationship between these two dimensions and consumer autonomy.
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7 Conclusions

In the developing age of artificial intelligence in marketing, studying consumer autonomy
may be more important than ever. In societies with cultural diversity, ref. culture dimensions,
there is no guarantee that all citizens (or nations) will react similarly to external influence on

their consumer autonomy.

Hofstede’s cultural dimensions, used to measure cultural attributes, are proposed in this thesis
to predict and explain consumer autonomy. To study consumer autonomy in an age where
artificial intelligence is becoming more and more widespread is highly relevant, as
Al-recommendation technologies influences consumer choices and even manages to change
consumers’ preferences (Franklin et al., 2022: Cha et al., 2019: Melumad et al., 2020: Murray
& Haubl, 2009). The literature finds evidence that some of the cultural dimensions influence
autonomy, but there is however very limited research on how the cultural dimensions
influence the level of consumer autonomy, which makes this thesis a new and unique

contribution to the field.

The study consists of one research question: Do cultural factors influence the level of
consumer autonomy? In order to provide a detailed answer, the research question was

extended to four hypotheses.

The thesis finds evidence that a higher level of power distance, individualism and masculinity
all make significant positive contributions to consumer autonomy. Although not a part of the
extended hypothesis, the study finds additionally that a higher level of long term orientation

makes a significant positive contribution to explaining consumer autonomy.

In total, the thesis finds that cultural factors do influence the level of consumer autonomy,

however, not all contributions are significant.
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Appendix A - Frequencies (Demographics)

Statistics

Gender AgeGroup Country

[+ Walid 104 104 104
Missing 0 0 ]
Gender
Curmulative
Frequency Fercent  “alid Percent Fercent
Valid Male 56 538 538 538
Female 45 433 433 a7 1
Will not specify 3 2.9 2.8 100.0
Total 104 100.0 100.0
AgeGroup
Cumulative
Frequency Percent Walid Percent Percent
Valid Under 20 4] 438 48 48
20-24 22 21.2 212 26.0
2825 23 221 221 481
30-34 10 9.6 9.6 av.y
35-39 4] 438 48 62.5
40-49 17 16.3 16.3 Va8
a0-59 12 11.5 11.5 q0.4
60 or over 10 9.6 9.6 100.0
Total 104 100.0 100.0
Country
Cumulative
Frequency Fercent  “alid Percent Fercent
Valid Morway 104 100.0 100.0 100.0
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Appendix B - Descriptives (Perceived Autonomy)

Descriptive Statistics

I Minimum  Maximum Mean Std. Deviation Skewness
Statistic Statistic Statistic Statistic Statistic Statistic Std. Error
| feel a sense of choice 104 1 7 5.56 1.378 -1.223 237
and freedom in the
choice | made
| feel that my decision 104 1 T 543 1.406 -.854 237
reflected what | really
want
| feel my choice 104 1 7 489 1.365 - 226 237
expresses who | really
am
| feel | chose what really 104 1 7 53 1.384 -.Ga7 237
interests me
Choosing made me feel 104 1 T 436 1.7849 -.386 237
like "l had to"
| feltforced to make a 104 1 T 5.02 1.7495 - 553 237
choice which | narmally
wouldn't do
| felt pressured to make 104 1 T 5.26 1.806 -.f70 237
the choice
Making a choice felt like 104 1 T 468 1.845 -.353 237
an ohligation
| feltin contral of my 104 1 T 539 1.610 -.881 237
choice
| feltthat my choices 104 1 7 540 1514 -850 237
helonged to me
My choice reflected my 104 1 T 542 1.499 -.845 237
preferences
The choice | made were 104 1 7 474 1.810 -.200 237
free from external
influence
Walid M (listwise) 104
Descriptive Statistics
[ Minimum  Maximum Mean Std. Deviation Skewness

Statistic Statistic Statistic Statistic Statistic Statistic Std. Error
FerceivedAutonomy 104 2.67 7.00 51346 1.03936 -185 237
Walid M (listwise) 104
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Appendix C - Descriptives (Privacy Concerns)

Descriptive Statistics

Stl. Deviation
Statistic

Mean
Statistic

Maximum
Statistic

I Minimum
Statistic Statistic

Skewness
Statistic

Std. Error

How concerned would
you be that your personal
data may be used for
purposes other than the
reason you provided the
inforrmation for?

How concerned would
you be ahoutyour online
personal privacy?

How concerned would
you be aboutthe fact that
sites you visited might be
knownftracked?

How concerned would
you be about your
persanal infarmation
heing shared with other
parties?

How concerned are you
about disclosing your
financial information?

valid N (listwise)

104

104

104

104

104

104

1

7

517

4.88

4499

5.20

5.02

1.622

1.591

1.445

1.516

1.625

-.843 237

-G48 237

-.672 237

-1.015 237

-.T65 237

[
Statistic

Minirmurm
Statistic

Descriptive Statistics

Maximurm
Statistic

Mean

Statistic

Std. Deviation
Statistic

Skewness
Statistic Std. Error

104
104

PrivacyConcerns
Walid M (listwise)

1.00

7.00

5.0538

1.30368

-.807 237
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Appendix D - Tests of normality

Tests of Normality

Kolmogorov-Smirnoy? Shapiro-Wilk
Statistic df Sig. Statistic df Sig.

PerceivedAutonomy 30 104 000 845 104 .0oo
PrivacyConcerns 118 104 om A4 104 000
FowerDistance 26 104 000 68 104 012
Individualism 161 104 .0oo A3y 104 .0oo
Masculinity 57 104 .0on 936 104 .0oo
IncertaintyAvoidance 81 104 000 854 104 oo
LongTermQrientation 136 104 000 861 104 004
Indulgence 173 104 .0oo 947 104 .0oo
Gender 349 104 .0on 658 104 .0oo
AgeGroup .209 104 .0on 801 104 .0oo
Country ) 104 . ) 104

a. Lilliefors Significance Correction



Appendix E - Adaptive Conjoint Analysis

Descriptive Statistics

N Range Minimum Maximum Mean Deitig-tion Variance Skewness Kurtosis

Statistic Statistic Statistic Statistic Statistic Statistic Statistic Statistic  5td. Error | Statistic  Std. Error
ACA Autonomy 104 38.8696970 2.24200937 41.1117063 20.3533866 9.20257018 54.687 259 237 -.558 469
ACA Privacy 104 37.3111134 1.96637178 39.2774852 20.8568934 9.80464829 96.131 101 237 -1.004 469
Price 104 31.8292190 7.44829878 39.2775178 23.3960154 7.02857459 49.401 .035 237 -.660 469
Discount 104 31.2014708 9.54653206 40.7480029 25.3120528 5.70835386 32.585 .297 237 370 469
Al preference 104 26.7680364 .525304101 27.2933405 10.0816518 6.47402313 41.913 .659 237 -.380 469
Valid N (listwise) 104
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Appendix F - Reliability of Perceived autonomy

Reliability Statistics

1,
Cronbach's
Alpha Based
on
Cronbach's Standardized
Alpha [tems [+ of ltems
Inter-item Correlation Matrix
Ifeel a sense Ife=l my Ifeltforced o The choice |
ofchoiceand  |feel thatmy choice make a Ifelt I felt that my mads were
freedom in decision eapresses ITeell chose Choosing thoice which |  prassuredto Making a choices
the choice | reflectad what whao | really what really mada me fael normally make the choice feltlike  1f2Hin control belongad to reflected my
made | réally want am interests me like "I had 1o wouldntdo choice an obligation of my choice me prefarences
| feel a sense of choice 1.000 T06 563 622 07 325 .268 215 AN 363 458 305
and freedom in the
choice | made
| feel that my decision 706 1.000 61 789 050 308 22 274 378 436 576 506
reflected what | really
want
| feel my choice 563 &1 1.000 650 -.068 12 125 037 306 219 407 m
axprasses wha | really
am
| feel | chose what really 622 789 650 1.000 088 43 a3 227 456 423 555 446
interests me
Choosing made me feel o7 050 -.068 089 1.000 536 A43 532 025 L) 82 -048
like "I had to™
| felt forcad to make a 325 308 2 343 536 1.000 B3 .05 343 AT 509 23
choice which I normally
wouldn1do
| felt pressured to make 269 n 125 37 A43 X} 1.000 iyl ne 385 A78 252
the choice
Making a choice felt like 215 m 037 i 532 705 IH 1.000 229 i ] A4 128
an obligation
I feltin conirol of my AN 379 306 A56 025 343 318 220 1.000 679 522 il
choice
| feltthat my choices 363 436 219 423 091 4“7 385 73 €79 1.000 659 489
belonged to me
My choice reflected my A58 576 A07 555 182 509 AT9 A4 522 659 1.000 502
preferences
The choice | made were 305 506 333 A46 -048 237 252 128 319 489 502 1.000

fre from exemal
influence
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Item-Total Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Wariance if [tem-Total Multiple Alpha if tem
ltemn Deleted [tern Deleted Correlation Correlation Deleted
| feel a sense of choice 56.06 135442 EE6 578 862
and freedom in the
choice I made
| feel that my decision 56.18 131.937 670 753 BET
reflected what | really
want
| feel my choice 86.72 1401445 4149 A20 870
expresses who | really
am
| feell chose what really 56.31 132.390 BE2 699 B&T
interests me
Choosing made me feel 57.26 140.893 270 342 .Baz
like "l had to"
| felt forced to make a 56.60 124.7049 .6B4 A74 853
choice which | normally
wouldn't do
| felt pressured to make 56.36 125804 654 a3 B56
the choice
Making a choice felt like 56.93 129267 E46 G185 864
an obligation
| felt in cantral of my 56.22 132.8970 539 R34 864
thoice
| felt that my choices 8612 131,676 622 G45 B854
belonged to me
My choice reflected my 56.149 128176 N 611 852
preferences
The choice | made were 56.83 133.310 454 386 870

free from external
influence
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Appendix G - Reliability of Privacy Concerns

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
.8 .8a3 i
Inter-ltem Correlation Matrix
How
concerned
would you he
that your How How
personal data concerned concerned
may be used How would you be would you be
for purposes concerned aboutthe fact about your How
other than the would you be that sites you personal concerned
reasonyou aboutyour visited might information are you about
provided the online be being shared disclosing
information personal knownfracke with other your financial
for? privacy? d? parties? information?
How concerned would 1.000 712 589 641 507
you be that your personal
data may be used for
purposes other than the
reason you provided the
information for?
How concerned would 712 1.000 621 714 609
you be about your online
personal privacy?
How concerned would .589 621 1.000 723 591
you be about the fact that
sites you visited might be
knownfracked?
How concerned would 641 T14 723 1.000 538
you be about your
personal information
being shared with other
parties?
How concerned are you 507 609 591 538 1.000

about disclosing your
financial information?
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Scale Meanif
ltem Deleted

Scale
Wariance if
ltern Deleted

Item-Total Statistics

Corrected
[tem-Total
Correlation

Squared
Multiple
Correlation

Cronbach's
Alpha if ltem
Deleted

How concerned would
you be thatyour personal
data may be used for
purposes otherthan the
reason you provided the
information for?

How concerned would
you be aboutyour online
personal privacy?

How concerned would
you be about the fact that
sites you visited might be
knownftracked?

How concerned would
you be about your
personal information
being shared with other
parties?

How concerned are you
about disclosing your
financial information?

2010

20.38

20.28

2007

20.35

27.602

26.841

28.844

27772

2B8.597

718

796

745

ATT

647

555

656

592

647

446

872

854

866

858

888
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Appendix H - Reliability of Power Distance

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
68 68 4

Inter-Item Correlation Matrix

HofQ2 HofQ7 HofQ20 HofQ23

HofQ2 1.000 A72 -114 169
HofQ7 A72 1.000 040 -.004
HofQ20 -114 .040 1.000 026
HofQ23 169 -.004 026 1.000

Item-Total Statistics

Scale Corrected Squared Cronbach's
Scale Meanif Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
Hof@2 10.03 3.407 138 074 056
HofQ7 10.51 3.068 A04 034 088
Hof@20 11.15 3.685 -014 014 253
Hof23 10.71 3.023 085 032 02

Summary Item Statistics

Maximum /
Mean Minimum  Maximum Range Minimum Yariance M of tems
Inter-ltem Correlations 048 -114 A72 285 -1.511 011 4
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Appendix I - Reliability of Individualism

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
BT B72 4

Inter-ltem Correlation Matrix

Hofa1 Hof(4 HofQé HofQg
HofQ1 1.000 325 385 247
HofQ4 325 1.000 A51 284
HofQ 6 385 451 1.000 341
HofQg 247 .284 A4 1.000

Summary Item Statistics

Maxirmurm /
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Caorrelations 339 247 451 204 1.825 005 4
ltem-Total Statistics
Scale Corrected Squared Cronhbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltermn
[tem Deleted [tem Deleted Correlation Correlation Deleted
Hofii1 1215 3.743 424 J87 628
Haofi 4 12.00 3.831 A78 245 5490
Hof 11.99 3.563 A 300 543
Hofiag 12.52 4.271 AT 148 651

69



Appendix J - Reliability of Masculinity

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
28 28 4

Inter-iltem Correlation Matrix

HofQ3 HofQ5 HofQ8 HofQ10

Hof@3 1.000 481 460 322
HofQ5 481 1.000 387 471
HofQ8 460 .387 1.000 .293
HofQ10 .322 AT1 293 1.000

Item-T otal Statistics

Scale Carrected Squared Cronbach's
Scale Mean if Variance if [tem-Taotal Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
HofQ3 12.25 4422 h47 324 651
Hof@s 11.580 4 476 k| 360 626
HofGa 12.30 4.833 485 265 687
Hof@10 12.07 4821 456 242 705
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Appendix K - Reliability of Uncertainty Avoidance

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
360 3R2 4

Inter-ltem Correlation Matrix
Hof(15 HofG18 HofGi21 HofG24

HofQ15 1.000 ATE 04 010
HofQ18 ATE 1.000 256 -.054
HofG 21 A04 256 1.000 225
HofG24 010 -.054 225 1.000

Item-T otal Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
Hofa15 11.22 4.271 146 035 342
Hofa18 10.53 3.4672 A9 A 296
Hof 21 10.28 2.805 338 25 0482
Hofa24 10.84 3.808 105 064 3497
Summary Item Statistics
Maxirnurm §
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Correlations 20 -.054 256 304 -4.768 014 4
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Appendix L - Reliability of Long Term Orientation

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
AAR3 AT 4

Inter-ltem Correlation Matrix
Hof(13 HofG14 Hof(19 Hof(22

HofQ13 1.000 430 466 24
HofQ14 430 1.000 042 O3
Hofi 19 AGE 042 1.000 289
HofG22 24 0N .280 1.000

Item-T otal Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
Hofa13 11.24 3738 587 397 286
Hofia1 4 11.86 4474 209 219 5490
Hofia149 11.27 4121 366 276 ART
Hof22 11.158 4 306 248 00 S60
Summary Item Statistics
Maxirnurm §
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Correlations 2580 031 AGE 4345 151249 03 4
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Appendix M - Reliability of Indulgence

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [+ of ltems
268 278 4

Inter-ltem Correlation Matrix
HofG11 HofG12 HofG16 Hof(17

Hof@11 1.000 142 265 -.248
Hof@12 142 1.000 072 075
HofQ16 265 072 1.000 214
HofQ17 -.248 075 214 1.000

Item-T otal Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
Haofa11 9.93 3170 087 187 278
Hofia1 2 10.56 2735 159 033 184
Hofa 16 9.94 2.754 310 163 002
Hofa17 10.96 3632 014 165 354
Summary Item Statistics
Maxirnurm §
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Correlations 087 -.248 265 12 -1.069 030 4
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Appendix N - Reliability of Power Distance without

item 3

Reliability Statistics

Cronbach's
Alpha Based
on
Cronbach's Standardized
Alpha [tems [ of ltems
253 275 3
Item-Total Statistics
Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
HofG2 7.05 2.318 24 058 -.00g®
HofQ 7 7.53 2.252 085 03 .282
Hof23 7.73 2174 .0&s5 030 287

a. The value is negative due to a negative average covariance amaong items. This violates
reliability model assumptions. You may want to check item codings.

Summary Item Statistics

Maximum /
Mean Minimum  Maximurm Range Minimum YWariance M of ltems
Inter-ltermn Correlations 112 -.004 T2 A76 -41.136 .oo8 3
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Appendix O - Reliability of Power Distance without

items 3 and 4

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [ of ltems
287 283 2
ltem-Total Statistics
Scale Corrected Squared Cronhbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltermn
[tem Deleted [tem Deleted Correlation Correlation Deleted
Hof2 363 1.130 A72 029
Hofa 7 411 736 A72 028
Summary Item Statistics
Maxirmurm /
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Correlations A72 A72 AT2 000 1.000 000 2
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Appendix P - Reliability of Uncertainty Avoidance

without item 4

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardized
Alpha [tems [ of ltems
38y 385 3

Item-Total Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tern Deleted [tern Deleted Correlation Correlation Deleted
Hof@145 7.7 2.801 A74 035 405
Hof18 7.08 1.8975 287 .0gs ATE
Hof2 21 6.83 1.834 246 069 280
Summary Item Statistics
Maximum /
Mean Minimum  Maximum Range Minimum Yariance M of tems
Inter-lterm Correlations 74 104 256 152 2.468 .00 3

Appendix Q - Reliability of Indulgence without item

4

Reliability Statistics

Cronbach's
Alpha Based
an
Cronbach's Standardize
Alpha [tems [ of ltems
354 363 3
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Item-T otal Statistics

Scale Corrected Squared Cronbach's
Scale Mean if Yariance if [tem-Total Multiple Alpha if ltem
[tem Deleted [tem Deleted Correlation Correlation Deleted
Haofa11 7.10 1.932 268 085 133
Hofia1 2 T.72 2.048 A37 oM AT
Hofa 16 7.1 2.251 217 a7 248
Summary Item Statistics
Maximum f
Mean Minimum  Maximum Range Minirmum Yariance M of tems
Inter-ltem Correlations 60 072 265 182 3.653 008 3
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Appendix R - Checking assumptions (DV: Perceived

Autonomy)
Perceived autonomy & Power Distance:

Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PerceivedAutonomy
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Perceived autonomy & Individualism:

Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PerceivedAutonomy
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Perceived autonomy & Masculinity:
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Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PerceivedAutonomy
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Perceived autonomy & Uncertainty Avoidance:
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Normal P-P Plot of Regression Standardized Residual
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Regression Standardized Predicted Value

Perceived autonomy & Long Term Orientation:
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Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PerceivedAutonomy
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Perceived autonomy & Indulgence:
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Regression Standardized Residual

Normal P-P Plot of Regression Standardized Residual
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Appendix S - Regression (PA) - ANOVA

ANOVA?
sum of
Macel Squares df Mean Sguare F Sig.
1 Fegression 5.027 1 5027 4 826 030®
Fesidual 106.241 102 1.042
Total 111.268 103

a. Dependent Variable: PerceivedAutonamy

. Predictors: (Constant), MewFowerDistance

ANOVA?
sum of
Macel Squares df Mean Sguare F Sig.
1 Fegression 19.190 1 19.190 21.257 .ooo®
Fesidual 92.078 102 803
Total 111.268 103

a. Dependent Variable: PerceivedAutonamy

. Predictors: (Constant), Individualism

ANOVA?
sum of
Model Squares df Mean Sguare F Sig.
1 Regression 18.977 1 18.977 20873 .0oo®
Residual 52,281 102 405
Total 111.268 103

a. Dependent Variable: PerceivedAutonaomy

. Predictors: (Constant), Masculinity

ANOVA?
sum of
Model Squares df Mean Sguare F Sig.
1 Regression 2.741 1 2741 2.576 4128
Residual 108.527 102 1.064
Total 111.268 103

a. Dependent Variable: PerceivedAutonaomy

. Predictors: (Constant), MewlnceraintyAvoidance
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ANOVA?

Sum of
Model Squares df Mean Square F Sig.
1 Regression 23100 1 23100 26.724 .ooo®
Residual 88.168 102 864
Total 111.268 103
a. Dependent Variable: PerceivedAutonaomy
b. Predictors: (Constant), LongTermCrientation
ANOVA?
Sum of
Madel Squares df Mean Sguare F Sig.
1 Regression 1.469 1 1.469 1.365 245"
Residual 108.7499 102 1.076
Total 111.268 103

a. Dependent Variable: PerceivedAutonomy

b. Predictors: (Constanf), Mewlndulgence
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Appendix T - Regression (PA) - Model Summary

Model Summaryh

Adjusted R Std. Error of
Maocel F R Square Sguare the Estimate
1 213° 045 {036 1.02058
a. Predictors: (Constant), MewFowerDistance
b. Dependent Variable: PerceivedAutonomy
Model Summaryh
Adjusted R Std. Error of
Madel R R Square Sguare the Estimate
1 4157 72 64 85012
a. Predictors: (Constant), Individualism
b. Dependent Variable: PerceivedAutonomy
Model Summau‘;«h
Adjusted R Std. Error of
Model R R Square Square the Estimate
1 A413® A7 62 45122
a. Predictors: (Constant), Masculinity
k. Dependent Variable: PerceivedAutonomy
Model Summaryh
Adjusted R Std. Error of
Madel F R Square Square the Estimate
1 1577 025 015 1.03150

a. Predictors: (Constant), MewlnceraintyAvoidance

b. Dependent Variable: PerceivedAutonaomy

Model Summau‘;«h

Adjusted R Std. Error of
Model R R Square Square the Estimate
1 4557 208 200 G247 3

a. Predictors: (Constant), LongTermCrientation

k. Dependent Variable: PerceivedAutonomy
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Model Summaryh

Adjusted R Std. Error of
Model R R Square Square the Estimate
1 1157 013 004 1.03753

a. Predictors: (Constanf), Mewlndulgence

. Dependent Variable: PerceivedAutonamy
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Appendix U - Regression (PA) - Coefficients

Coefficients?

Standardized

Unstandardized Coeficients  Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model B Std. Error Beta t Sig Lower Bound  UpperBound  Zero-order Partial Part Tolerance VIF
1 (Constant) 3.851 5493 6.496 o000 2675 5.027
MewPowerDistance 345 157 213 2197 .030 034 657 213 213 213 1.000 1.000

a. Dependent Variable: PerceivedAutonomy

Coefficients”
Standardized
Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B Coarrelations Collinearity Statistics
Model B Std. Erraor Beta t Sig. Lower Bound  Upper Bound  Zerc-order Partial Part Talerance WIF
1 (Constant) 2,330 615 3.786 000 1.109 3.551
Individualism (92 150 415 4.611 .000 394 RLEE] 415 415 415 1.000 1.000

a. Dependent Variable: PerceivedAutonomy

Coefficients®

Standardized

Unstandardized Coefficients Coeflicients 95.0% Confidence Interval for B Carrelations Collinearity Statistics
Maode! B Std. Error Beta t Sig. LowerBound ~ UpperBound  Zero-order Fartial Part Tolerance WIF
1 (Constant) 2610 559 4. 669 .000 1.501 3718
Masculinity 624 136 413 4.580 .0o0 354 .Bos 413 413 413 1.000 1.000

a, Dependent Variable: PercelvedAutonomy

Coefficients®

Standardized

Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model B Std. Error Beta t Sig LowerBound  UpperBound  Zero-order  Partial Part Tolerance VIF
1 (Caonstant) 4.229 573 7.375 .000 3.091 5.366
Mewlncerainty&voidanc .251 166 87 1.608 12 -.059 561 8T 57 167 1.000 1.000

e

a. Dependent Variable: Perceive dAutonomy

Coefficients”

Standardized

Unstandardized Coefficients  Coefficients 95.0% Confidence Intzrval for B Carrelations Caollinearity Statistics
Model B Std. Error Beta 1 Sig. LowerBound  UpperBound  Zero-order Partial Fart Tolerance WIF
1 (Constant) 2.302 555 4145 000 1.200 3404
LongTermOrientation 747 144 456 5.169 000 460 1.033 456 456 456 1.000 1.000

a. Dependent Variable: PerceivedAutonomy

Coefficients”

Standardized

Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model B Std. Error Beta t Sig Lower Bound  UpperBound  Zero-order  Partial Part Tolerance WIF
1 (Constant) 4.438 605 7.337 .000 3.238 5.638
Newlndulgence 191 163 115 1.168 .245 -133 514 115 115 115 1.000 1.000

a. Dependent Variable: PerceivedAutonomy
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Appendix V - Checking assumptions (DV: Privacy

Concerns)
Privacy Concerns & Power Distance:

Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Privacy Concerns & Individualism:

Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Privacy Concerns & Uncertainty Avoidance:
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Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Privacy Concerns & Long Term Orientation:
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Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Privacy Concerns & Indulgence:
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Regression Standardized Residual

Normal P-P Plot of Regression Standardized Residual

Dependent Variable: PrivacyConcerns
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Appendix W - Regression (PC) - ANOVA

ANOVA?
sum of
Macel Squares df Mean Sguare F Sig.
1 Fegression 000 1 000 000 agg®
Residual 175.058 102 1.716
Tatal 175.058 103
a. Dependent Variable: PrivacyConcerns
. Predictors: (Constant), MewFowerDistance
ANOVA®
Sum of
Madel Squares df Mean Sguare F Sig.
1 Fegression 180 1 180 A1 7408
Residual 174869 102 1.714
Total 175.058 103
a. Dependent Variable: PrivacyConcerns
k. Predictors: (Constantf), Individualism
ANOVA?
Sum of
Model Squares df Mean Square F Sig.
1 Regression 1.1563 1 1.153 B7E 4130
Residual 173.805 102 1.705
Total 175.068 103
a. Dependent Variable: PrivacyConcerns
b. Predictors: (Constant), Masculinity
ANOVA?
sum of
Macel Squares df Mean Sguare F Sig.
1 Fegression 5228 1 5228 3.140 079"
Residual 169.830 102 1.665
Tatal 175.058 103

a. Dependent Variable: PrivacyConcerns

. Predictors: (Constant), MewlncertaintyAvoidance
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ANOVA?

Sum of
Model Squares df Mean Square F Sig.
1 Regression 025 1 025 014 apsP
Residual 175.034 102 1.716
Total 175.068 103
a. Dependent Variable: PrivacyConcerns
b. Predictors: (Constant), LongTermCrientation
ANOVA?
sum of
Model Squares df Mean Sguare F Sig.
1 Regression 587 1 B8T 343 550
Residual 174,471 102 1.711
Tatal 175.058 103

a. Dependent Variable: PrivacyConcerns

. Predictors: (Constant), Mewlndulgence
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Appendix X - Regression (PC) - Model Summary

Model Summaryh

Adjusted R Std. Error of
Maocel F R Square Sguare the Estimate
1 .oop? .0oo -.010 1.31006
a. Predictors: (Constant), MewFowerDistance
b. Dependent Variable: PrivacyConcerns
Model Summau‘;«h
Adjusted R Std. Error of
Model R R Square Square the Estimate
1 .033® 001 -.008 1.30835
a. Predictors: (Constant), Individualism
b. Dependent Variable: PrivacyConcerns
Model Summaryh
Adjusted R Std. Error of
Model R R Square Square the Estimate
1 naqd ooy -.003 1.30574
a. Predictors: (Constant), Masculinity
b. DependentVariable: PrivacyConcerns
Model Summaryh
Adjusted R Std. Error of
Madel R R Square Sguare the Estimate
1 A738 030 020 1.290345

a. Predictors: (Constant), MewlncertaintyAvoidance

. Dependent Variable: PrivacyConcerns

Model Summaryh

Adjusted R Std. Error of
Madel F R Square Square the Estimate
1 0128 .0oo -.010 1.309487

a. Predictors: (Constant), LongTermQrientation

b. Dependent Variable: PrivacyConcerns
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Model Summam,ttl

Adjusted R Std. Error of
Model R R Square Square the Estimate
1 .05g8® .003 -.006 1.30786

a. Predictors: (Constanf), Mewlndulgence

. Dependent Variable: PrivacyConcerns
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Appendix Y - Survey questions

Survey variable

Measure

Reference

Power Distance

2+7:

1. of utmost importance
2. very important

3. of moderate importance
4. of little importance

5. of very little or no

importance

20+23:

1. strongly agree
2. agree

3. undecided

4. disagree

5. strongly disagree

2. have a boss (direct superior) you can

respect (1 = PD)

7. be consulted by your boss in

decisions involving your work (1 = PD)

20. How often, in your experience, are
subordinates afraid to contradict their
boss (or students, their teacher?) (1 =

PD)
23. An organization structure in
which certain subordinates have two

bosses should be avoided at all cost

(1=PD)

Hofstede &
Minkov, 2013
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Individualism vs

Collectivism

1. of utmost importance

2. very important

3. of moderate importance
4. of little importance

5. of very little or no

importance

1. have sufficient time for your personal

or home life

4. have security of employment
6. do work that is interesting

9. have a job respected by your

family and friends

Hofstede &
Minkov, 2013

Masculinity vs Femininity
1. of utmost importance

2. very important

3. of moderate importance
4. of little importance

5. of very little or no

importance

3. get recognition for good performance

(1 =MAYS)
5. have pleasant people to work with
8. live in a desirable area

10. have chances for promotion

Hofstede &
Minkov, 2013
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Uncertainty Avoidance

15: 1. always, 2. usually 3.

sometimes 4. seldom 5. never

18: 1. very good 2. good 3.
fair 4. poor 5. very poor

21+24: 1. strongly agree 2.
agree 3. undecided, 4.

disagree 5. strongly disagree

15. How often do you feel nervous or

tense?

18. All in all, how would you describe
your state of health these days?

21. One can be a good manager
without having a precise answer to
every question that a subordinate
may raise about his or her work
24. A company's or organization's
rules should not be broken -

not even when the employee
thinks breaking the rule would be

in the organization's best interest

Hofstede &
Minkov, 2013

Long Term Orientation

13+14: 1. of utmost

importance 2. very important
3. of moderate importance 4.
of little importance 5. of very

little or no importance

19: 1. very proud, 2. fairly

proud, 3. somewhat proud

4. not very proud

13. doing a service to a friend

14. thrift (not spending more than
needed)

19. How proud are you to be a citizen

of your country?
22. Persistent efforts are the

surest way to results

Hofstede &
Minkov, 2013
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5. not proud at all

22: 1. strongly agree 2. agree
3. undecided, 4. disagree 5.

strongly disagree

Indulgence vs Restraint

11+12: 1. of utmost

importance 2. very important
3. of moderate importance 4.
of little importance 5. of very

little or no importance

16+17: 1. always, 2. usually
3. sometimes 4. seldom 5.

never

11. keeping time free for fun
12. moderation: having few desires
16. Are you a happy person?

17. Do other people or circumstances
ever prevent you from doing what you

really want to?

Hofstede &
Minkov, 2013
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Perceived autonomy
Likert scale 1-7

1. Strongly agree

3. Somewhat agree

5. Somewhat disagree

7. Strongly disagree

1. I feel a sense of choice and freedom

in the choice I made

2. I feel that my decision reflected

what I really want

3. I feel my choice expresses who I

really am
4. 1 feel I chose what really interests me

5. Choosing made me feel like ““I had

2

to

6. I felt forced to make a choice which I

normally wouldn’t do
7. 1 felt pressured to make the choice

8. Making a choice felt like an

obligation
9. I felt in control of my choice

10. I felt that my choices belonged to

me
11. My choice reflected my preferences

12. The choice I made were free from

external influence

Haugstulen,
2021: Chen et
al., 2015:
Michaelsen et

al., 2021
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Privacy concern

1. Very concerned

3. Slightly concerned

5. Slightly unconcerned

7. Very unconcerned

1. How concerned would you be about

your online personal privacy?

2. How concerned are you about

disclosing your financial information?

3. How concerned would you be that
your personal data may be used for
purposes other than the reason you

provided the information for?

4. How concerned would you be about
the fact that sites you visited might be

known/tracked?

5. How concerned would you be about
your personal information being shared

with other parties?

Wirtz et al.,
2007:

Haugstulen,

2021

Conjoint analysis variable

Measure

Reference

ACA autonomy

(High level) You choose freely which

car insurance company you want.

(Medium level) You choose freely
between 5 different car insurance

companies

(Low level) The car loan requires you
to pick their recommended car

insurance company
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ACA privacy

(High level) Personal information
given: damage history, estimated
mileage, place of residence,
demographics. GPS tracks: where and
how much you are driving, speed limit
violations, sharp

braking/accelerating/turns.

(Medium level) Personal information
given: damage history, estimated
mileage, place of residence,

demographics.

(Low level) Personal information
given: damage history and estimated

mileage.

Price

3000 NOK, 2000 NOK, 1000 NOK

Discount

15%, 30%,45%

Preference for artificial

intelligence

(High) Any potential insurance
settlements calculated by artificial

intelligence
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(Low) Any potential insurance

settlements calculated by humans.
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