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Abstract

This study investigates factors influencing Z generation consumers’ willingness
to pay when switching from free to paid applications (apps). These factors
include personal characteristics, product characteristics and availability, and
perceived performances of the service providers. The study employs an exploratory
approach to assess a structural model that organizes these variables within the
framework of a push-pull-mooring (PPM) framework. In this empirical study, the
SmartPLS was used for the purpose of model testing and moderator analysis.
The survey results, which included 239 respondents, identified price value of
premium apps, dissatisfaction with free apps, perceived performance risk of free
apps, price-quality inference, positive reputation of apps, and free mentality as
the factors most influencing consumers’ switching intention. A comparison of
hedonic (pleasure-oriented) and utilitarian (productivity-oriented) apps showed
significant differences in switching intentions, influenced by security and privacy
related concerns. The study identified two factors that were found to differ
between groups in terms of their impact on the intention to transition to paid
apps: perceived security risks associated with free apps and consumers’ privacy
concerns. The study’s original contribution lies in its formulation of a comparative
model and subsequent findings, which address salient aspects that mobile apps
developers should consider when formulating their pricing strategies.
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1. Introduction

According to the latest estimates from the GSMA (2025), mobile technologies and services currently
contribute approximately 5.8% to global GDP, with a similar contribution of around 5% to GDP across
Europe. This represents a substantial economic value of $6.5 trillion and almost €1.1 trillion in added
value. It is projected that by 2030, there will be unique mobile subscribers in Europe, reaching an
89% penetration rate.

Entertainment apps were the top-grossing mobile app categories during the first quarter of 2024
(Statista, 2025a). According to a report on the most popular app categories worldwide, tool apps
such as VPNs, browsers, and video players, were the most downloaded category in 2024. Commu-
nication apps were the second most popular. Productivity apps ranked third (Statista, 2025b). The
app market is home to a wide variety of services, including games, business, education, lifestyle,
utilities, entertainment, and more. The monetization strategies of mobile apps, however, show that
98% of worldwide revenue comes from free apps (Buildfire, 2024). Pricing strategies varies in digital
world of services as free and paid apps.

Kramer & Kalka (2016) classification of digital pricing strategies encompasses four distinct cate-
gories. The first category, designated as “for free,” involves the provision of B2C services free of
charge, with advertising serving as the primary revenue stream. The second category, “freemium,”
entails the provision of a basic service or a limited period of use free of charge, with upgraded
services incurring a cost. Examples include LinkedIn and Spotify. The third category, “subscription
models” or “premium,” prohibits the provision of any free product or service. The fourth category,
“flexible pricing/dynamic pricing,” pertains to pricing strategies employed by online retailers and
online travel booking platforms (Oztiirk, 2025). The utilization of both free and premium options is
a prevalent practice across numerous sectors, including but not limited to education, data storage,
data security, gaming, newspapers, media streaming, and social networks (Briiggemann & Lehmann-
Zschunke, 2023).

People are more interested in something when they see that it costs nothing. The “zero-price effect”
phenomenon (Niemand et al., 2015) represents the dual role of price, where a free offer minimizes
the perceived sacrifices of consumers and creates the perception of receiving greater benefits
or quality from a product. First, it signals more value because it does not include any monetary
costs. Furthermore, consumers judge prices, and form an attitude or willingness to pay based on
their reference prices. Since free offers tend to be lower than consumers’ reference prices, which
range from free to premium prices for a specific service, free services or freemium are effective in
increasing willingness to pay (Wagner et al., 2014). Additionally, zero-price products likely stir more
enjoyment, thereby inverting the price-quality relationship, and increasing consumers’ perception
of value (Niemand et al., 2015). Briiggemann & Lehmann-Zschunke (2023) used prospect theory and
vendor lock-in theory to explain the termination decision of premium users when there is clear neg-
ative disconfirmation. The analysis of factors that influence the termination of freemium business
models has the potential to provide freemium providers with the ability to predict cancellations,
and respond in a timely manner. This is crucial for turning free uses into paid ones.

The purpose of this study is to explore the factors that can influence Gen Z consumers’ switching
intention, to paid apps and to understand how intention to pay for apps differs in terms of orien-
tation (category) of mobile apps. Mobile app consumption is highest among young consumers. The
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average monthly hours spent on mobile apps by consumers aged 18-24 is 112, topping all other age
groups (Buildfire, 2024). Forbes (2022) reports that around 40% of mobile users worldwide are from
Generation Z. This generation is considered the “mobile-first generation” because they are young
adults who use mobile devices to a greater extent than other age groups. Consequently, they are
selected as a subject of research interest.

To this end, the study employs the PPM framework. The research process began with identifying the
factors that determine the intention to pay in mobile services. In this process, the relevant variables
in studies examining this topic were identified. These include the PPM model and other relevant
consumer behavior models. The study determined the positive or negative role these variables
play in the given contexts. Subsequently, these variables were classified based on their relative
importance in the purchasing and payment intentions of young consumers, in line with the scope
of the study. The research model was determined to investigate the relative relationships between
variables that motivate purchasing (pull), variables that can inhibit purchasing (push), and other
personal, social or contextual factors that can influence behavioral change (mooring variables).

Initially, the study’s original value and theoretical framework must be discussed in terms of its field,
scope, and selected variables. Studies investigating the factors affecting the intention to pay and/
or switch, which are relevant to the purpose of this research, are limited. To date, no study has been
found that explores differences among various types of mobile services through the lens of young
consumers. It is anticipated that the most significant theoretical contribution of the study will be in
this regard.

Secondly, the contributions made in terms of the PPM model will provide additional value for other
researchers who will use this framework. The PPM model is a framework that has been applied
in many areas to investigate changes in consumer behavior. The model has been chosen for the
following reasons, as outlined in this research:

» The results of studies conducted on this model summarize the factors that determine a
consumer’s decision to abandon a product/service they have previously consumed or are
currently consuming, and choose to use another product/service. The significance of this model
lies in its ability to encompass a wide range of factors, including both the negative aspects of
the abandoned product, and the positive aspects of the migrated product, as well as personal
and social variables in a broader scope.

» The model’s exploratory basis allows for updating of the consumer behavior model by adding and
renewing sub-variables in line with research in the field. The PPM’s adaptable and self-updating
infrastructure allows for the creation of unique behavioral narratives by each researcher.

Therefore, adapting this model in the lite rature and developing it by modeling the behaviors of
Turkish Generation Z consumers is one of the original theoretical contributions of this study. Third,
understanding the concept of willingness to pay or switching behavior to premium/paid services is
meaningful in the design and management of free and premium service strategies. Price setting for
mobile services is a complex matter. For instance in freemium model, it is difficult to determine the
optimal pricing strategy to encourage the conversion of free users into premium users. Initially, the
free use of a product or service is an attractive incentive for potential users. Therefore, as Niemand
et al. (2019) stated companies first focus on increasing the free user customer base. However,
according to data on conversion rates, it often proves to be unsuccessful. Increasing conversion rates
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was also a research focus. For instance, Wagner et al. (2014) recommended that companies offering
freemium services enhance the probability of user conversion by ensuring a stronger functional
fit between their free and premium offerings. This concept is referred to as premium fit. In mobile
games category, Ross (2018) revealed that usage time, defined as the duration of user engagement
with an app, emerged as the most effective predictor of monetization outcomes, while referring pos-
itive correlation between customer loyalty and monetization of freemium platforms (Briiggemann
& Lehmann-Zschunke, 2023). Mantymaki et al. (2020) have demonstrated that intention to upgrade
to premium is predicted by variables including enjoyment and price value, whereas for premium
users, attribute-level perceptions such as discovery of new content, ubiquity, and social connectivity
drive their continued use of the premium service. Runge et al. (2022) stated the importance of the
fit between the base product and premium features to facilitate the process. Furthermore, as the
base product becomes more utilized, there is an increased probability of incorporating additional
premium features. This, in turn, can lead to higher-priced premium purchases, which can enhance
the perceived value of the base product. Martins & Rodrigues (2024) analyzed consumers’ motiva-
tions for adopting freemium services, and converting to premium versions. They identified ubiquity,
perceived value, and satisfaction as key drivers.

As seen, understanding the motivations to transition to paid services remains an area of ongoing
research interest.

Summarizing the originality and value of this study, the following research questions are defined:

» Research Question 1: How do Gen Z consumers’ risk perceptions and dissatisfaction with free
apps affect their intention to switch?

» Research Question 2: To what extent do the following relate to the intention to switch to premium
apps: apps characteristics, perceived app reputation, perceived value of premium apps, and
attitudes toward premium apps?

» Research Question 3: To what extent do the availability of free substitutes, consumers’ free
mentality, price-quality inferences, and privacy concerns relate to the intention to switch to
premium apps?

» Research Question 4: Can the type (orientation) of apps moderate the relationship between all
(push, pull, and mooring) factors and switching intention?

2. Theoretical Framework and Hypotheses Formulation

2.1. Theoretical basis of the PPM framework

The PPM was initially developed for the study of human migration. The “push-pull” framework
(Bogue, 1969; 1977), expanded to include mooring variables, posits that individuals are motivated to
migrate from their places of origin due to negative factors, while positive factors serve as draws to
their destination (Moon, 1995); and push and pull factors interact with “mooring factors,” personal
and social factors that bind potential migrants to their origins or facilitate migration the new
destination (Marx, 2025).

This model has been examined in accordance with its relevance in the context of service switching
behavior by researchers after its introduction by Bansal (2005), and it has been found to be valuable
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in the services marketing context. According to Bansal (2005), the characteristics of human migration
are similar to consumers switching service providers.

Since then, it has been used in many different services in online or mobile, including the investi-
gation of migration among social networks (Chang et al., 2014), web browsers (Ye & Potter, 2011),
cloud storage services (Mohd-Any et al., 2024), mobile instant messaging apps (Sun et al., 2017),
mobile payment apps (Kuo, 2020; Wang et al., 2019), internet-only banks (Yoon & Lim, 2021). Others
include travelers switching to sharing accommodation platforms, and Al beauty platforms (Nugroho
& Wang, 2023), and research that payment intention related such as subscribing to video streaming
platforms and over-the-top (OTT) services (Tsai, 2023; Wu et al., 2025), paying for social question-
and-answer services (Liu et al., 2021), and so on.

All studies identify their own factors to explain how their research model fits into the PPM
framework. The general structure encompasses a range of variables, including push factors such
as satisfaction/dissatisfaction, regret, perceived sacrifices, low service and fatigue; pull factors like
alternative attractiveness, relative advantage, relative benefit, usefulness, enjoyment and subjec-
tive norm; and mooring factors including inertia, habits, attitude towards switching, and switching
costs.

2.2. Model conceptualization and hypothesis development

The study’s research model includes a variety of variables sourced from the PPM model, and other
research on consumers’ intention to use and willingness to pay for premium mobile services. The
push factors defined in the research model are perceived sacrifices related to free mobile service
use and dissatisfaction with free versions. The pull factors are identified as the characteristics of
apps, consumers’ perception of app reputation, the perceived value of premium apps, and attitudes
toward premium apps, in relation to their potential role in influencing switching intention. Personal
and contextual factors that relate positively or negatively to consumers’ switching intentions are
titled mooring factors. These include the availability of free substitutes, consumers’ mentality
toward free services, their price-quality inferences, and their privacy concerns. Here is an exami-
nation of these variables in terms of their conceptual and theoretical significance.

2.2.1. Perceived sacrifices of free apps (perceived risk)

The decision to install an application by a consumer is often influenced by their risk perceptions
(Harris et al., 2016). For free users, Briiggemann & Lehmann-Zschunke (2023) declared that the
expected risk is important for customers deciding whether to continue a premium subscription
or subscribe to a premium version for the first time. When decisions regarding consumption are
made, monetary risks are typically the first considerations. For instance, even when consumers are
considering a subscription to a video streaming service with a free trial period, they tend to prioritize
the cancellation policy (Wu et al., 2025). This is due to the potential financial risks associated with
paid services. It should be noted that no payment is included for the free use period of the premium,
and no monetary risk is involved, at least in the short term. Therefore, it isimportant to look also into
the non-monetary risks for any decision about a trial or use. As stated in the marketing literature,
there are several non-monetary risk considerations, including performance, psychological, social,
and so on (Casidy & Wymer, 2016).

According to Forsythe & Shi (2003), there are six types of risk: financial, product performance,
psychological, time loss, social, and physical. Financial risk is defined as a net loss of money to the
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consumer, and can manifest in several forms. Product performance risk is defined as the potential
for the application to malfunction or underperform according to expectations. When selecting
applications to install, consumers frequently lack the option to evaluate their full functionality prior
to making a purchase decision (Harris et al., 2016). Social risk is the perceived chance of experi-
encing a social loss (e.g., social embarrassment). Psychological risk is the likelihood of suffering a
psychological loss, such as a more negative self-image (Casidy & Wymer, 2016). In online context,
psychological risk encompasses disappointment and the emotional distress of frustration that
consumers encounter when their personal information is disclosed. As indicated by Kim et al. (2008),
other research has identified this category of risk, comprising privacy and security risk related to
information disclosure. The time and convenience risk is the loss of time and hassle when trying
to select, purchase, download, and install an app. For example, there might be a problem with the
customer’s account when they try to make a purchase, or the app might crash after the purchase
(Harris et al., 2016).

This study has identified “performance/quality risk”, and under the category of pychological risk,
“security/privacy risk” as variables, in accordance with research on different monetization strategies
in the sector and consumers’ intentions to use online/mobile services.

Performance or quality issues are inherent in services, particularly in the case of information-based
services. Performance risk is tend to higher for poor products in value that are low-priced, and for
services especially because of their intangible nature.

Mani & Chouk (2018) refered security risk as a person’s concerns about the potential loss of
control over personal and private information due to intrusion by potentially dangerous individuals
or fraudulent behavior by organizations. In essence, security risk is synonymous with uncertainty
and the possible unfavorable outcomes associated with technology-based services. The underlying
effects are attributable to both system performance and the behaviors of the individuals involved
in the process.

Thus, the following hypothesis is suggested.

H1. (a) Perceived performance risk, and (b) perceived security risk of free apps have
positive effect on the intention to switch to premium applications.

2.2.2. Dissatisfaction with free apps

Research indicates a positive correlation between consumer satisfaction and repurchase intention.
Dissatisfaction occurs when a customer’s expectations for a product are not met (Chang et al., 2014).

This relationship is illustrated as the correlation between dissatisfaction and the intention to switch
providers within the PPM framework. As stated in the selected framework, Liu et al. (2021) identified
dissatisfaction as a driving (push) factor, explaining why consumers are willing to switch to paid
social Q&A services. Ashilah et al. (2025) also state in their study that user dissatisfaction exerts a
positive and significant influence on the intention of users to switch to premium services in a mobile-
assisted language learning application. The authors stated the results as being consistent with those
reported by Kuo (2020), who indicated that low user satisfaction with system and information quality
leads consumers to switch to other mobile payment services.

13 (2), 99-136 104




Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

According to Marx (2025), dissatisfaction is a critical variable within the PPM research framework,
and it has been demonstrated to increase switching intention, as predicted by the expectation-
confirmation theory of consumer behavior models.

Also noted in a systematic literature review, dissatisfaction emerges as a common theme in many
studies (Chi et al., 2021; Fan et al., 2021; Xu et al., 2014; Yoon & Lim, 2021), indicating that negative
experiences and dissatisfaction with the existing offering can push customers towards considering
different alternatives in services or platforms (Krishnan & Raghuram, 2024). Accordingly, the follow-
ing hypothesis is proposed.

H2. Dissatisfaction with free apps has a positive effect on the intention to switch to
premium applications.

2.2.3. Application characteristics and perceived positive reputation

With its characteristics, mobile commerce offers users more flexibility and access to variety of
online information and services. This makes the mobile context more attractive than others. Most
consumers understand that mobile services on mobile devices are characterized by ubiquity, en-
compassing most of the advantages of m-commerce. Okazaki & Mendez (2013) listed the key values
of mobile as “immediacy, mobility, and searchability”. Immediacy is related to the responsiveness
of mobile services, facilitating easy and rapid actions. Mobility refers to the absence of location
constraints. Finally, searchability refers to the absence of limitations on time and place, while
searching for a wide variety of data (Chang et al., 2017). Therefore, when it comes to picking a mobile
service, it is key for service providers to go above and beyond what is expected. They should base
their service qualifications on these characteristics.

The technology in virtual environments can make a user’s experience better or worse. Information
fit with the tasks or visual appeal relates to consumers’ in increasing perception of value (Yang,
2024). A good reputation also depends on the characteristics of the app.

As part of their study on consumers’ perceived value and subscription intention for video streaming
platforms, Wu et al. (2025) stated that maintaining subscriber trust, data security, and content
quality is essential to a service provider’s reputation. Consumers prioritize platforms that offer high
quality, dependable content. The authors also noted that offering a free trial before payment can
potentially enhance a company’s image and credibility. The platform reputation is associated with
increased payment intentions and elevated satisfaction levels. It is also stated that perceived brand
reputation is sourced from several factors, including high-quality content, robust data security
capabilities, an array of privacy options, and enhanced transparency, all of which are designed to
increase consumer trust.

According to the literature on migration, it is important to consider the role of image, reputation,
and novelty in decision-making processes related to switching (Bansal, 2005). Thus, the following
hypothesis is proposed.

H3. (a) Application characteristics, and (b) perceived positive reputation have positive
effect on the intention to switch to premium applications.
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2.2.4. Perceived value of premium apps

Perceived value (Zeithaml, 1988) has been identified as a critical factor in determining the use and
benefits perceived by consumers of a given product based on the costs (Wang et al., 2020), and in
influencing their purchase decisions. Various types of value that impact the buying process have
beenidentified in previous research, such as functional, social, emotional, cognitive, and conditional
value (Aprianingsih et al., 2024). In their investigation of the intention to purchase digital items
within social networking communities, Kim et al. (2011) regarded value as having three dimensions:
functional, social, and emotional.

As defined by Sheth et al. (1991) and Sweeney & Soutar (2001), the most commonly referenced
value dimensions are as follows: “Quality/Performance value” is the utility that is derived from the
perceived quality and expected performance of the product. The perceived quality and performance
can be thought of as similar to the concept of perceived usefulness. “Emotional value” is defined
as the utility derived from the feelings or affective states generated by an item. According to Kim
et al. (2011), the term “item” refers to an entity capable of eliciting certain feelings or emotional
responses. “Social value” is defined as the utility derived from a product’s potential to enhance
social self-concept and social well-being (Kim et al., 2011). “Price value” (The value-for-money) is the
utility gained from the product that results from the reduction of perceived short-term and longer-
term costs (Hsu & Lin, 2015; Tyrvainen & Karjaluoto, 2024).

The existing literature has identified a strong correlation between perceived value and behavioral
intentions related to digital services, including mobile shopping, mobile payment services (Lin et
al.,, 2020), music streaming (Fernandes et al., 2019), gaming (Hsu & Chen, 2018), freemium services
(Hamari et al., 2020), augmented reality (AR) mobile applications (Trivedi et al., 2022), etc.

Martins & Rodrigues (2024) proposed that perceived value influences platform adoption and
premium conversion. In music streaming services, decisions to remain premium are based on other
constructs, such as discovering new music or ubiquity, when presented with a sufficiently good price-
value ratio. Hsu et al. (2024) stated that the fit between perceived value and user needs is crucial for
influencing users’ payment intentions and purchasing behaviors. In predicting the intention to pay,
Hsu & Lin (2015) included app ratings, free alternatives, and habit in their expectation-confirmation
model, which indicates that confirmation is positively related to perceived value and satisfaction.
They found that value for money, app ratings, and free alternatives to paid apps directly affected
the intention to purchase paid apps.

As indicated by Hamari et al. (2020), social value and enjoyment (emotional value) are positively
correlated with increased purchases of premium products and services. The researchers determined
that an increase in the perceived value of the freemium service (i.e., enjoyment) has the potential
to positively or negatively impact future profitability, depending on whether it leads to increased
customer retention or reduced monetization, respectively.

Cao et al. (2025) propose that perceived value is positively related to SaaS use continuance inten-
tions. Wu et al. (2025) presented a model of the intrinsic and extrinsic motivational factors that
influence free users’ intention to pay for mobile TV services, which are entertainment-based apps.
The authors identified value (functional, emotional, economic, and social) as a direct influence
on habits and subscription intentions. Functional value was identified as important for streaming
service functionality and efficiency. Emotional value is important because it depends on person-
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alization, user experience, and nostalgic elements to influence subscription intentions. Previous
research has shown that video streaming systems that evoke happiness, relaxation, and nostalgia
tend to keep more users. All have economic value, but streaming platforms could significantly boost
their social value by offering features that encourage community interaction and human connection,
as well as exclusive content and virtual watch parties. According to Wu et al. (2025), three factors,
service quality, perceived value, and social influences, were found to predict subscription. Thus, this
study proposes the following hypotheses:

Hs. (a) Perceived quality value, (b) perceived price value, and (c) perceived emotional
value have positive effect on the intention to switch to premium applications.

2.2.5. Attitude towards premium apps

Attitude refers to the degree to which an individual has a favorable or unfavorable evaluation
of a planned behavior. The prevailing consensus among scholars in the field is that the defining
characteristic of an attitude is its evaluative dimension, which can be categorized as positive or
negative. In the theoretical framework of the theory of planned behavior, attitude is conceptualized
as a pivotal factor influencing behavioral intention (Ajzen, 1991).

As Niemand et al. (2015) point out in their study on the freemium effect, a positive attitude towards
the service strengthens one’s intention to accept the offer, while a negative attitude will weaken
it. According to Hamari et al. (2020), attitude towards freemium price models is a significant factor
in the relationship between perceived value dimensions, as well as use and purchase intentions.
These attitudes can be either negative or positive.

Examining willingness to pay for music services, Wagner & Hess (2013) stated that users’ attitude
towards the premium version is positively related to their intention to use the premium version. In
the same context, Turkay et al. (2020) indicated a positive correlation between a consumer’s attitude
toward a premium version and their intention to pay for it. The authors also examined the attitudes
regarding free versions and found that those with a positive attitude toward premium were twice
as likely to be willing to pay for it than those with a negative attitude toward free versions. Other
studies on music services (Mantymaki et al., 2020; Wagner et al., 2014) also suggest that people’s
attitudes toward the premium version are a good predictor of whether they will purchase it. Thus,
the following hypothesis is suggested.

H5. Attitude toward premium apps has a positive effect on the intention to switch to
premium applications.

2.2.6. The availability of free alternatives

This is fact that even when users are satisfied and not regretful with their existing service providers,
they may still switch to another option because of its availability and attractiveness (Chang et al.,
2014).

The presence of alternatives can benefit consumers by offering more choice, but it can also present
challenges, including the potential to discourage consumer loyalty. If they are unaware of attractive
alternatives, consumers also feel the need to stick with their current option (Chang et al., 2014).
Chang et al. (2017) discuss the issue in the context of shopping channel switching behavior, explaning
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the alternative availability of different channels to shop and attractiveness of mobile retail shops
due to convenience.

Alternative attractiveness is positively related to switching intention in the PPM framework (Liao
et al,, 2021; Marx, 2025). Mohd-Any et al. (2024) refer to this relation in cloud storage services. In
freemium pricing context, it is a key indicator of user conversion rates (Phan Trong & Vo Thi Ngoc,
2024).

The reverse is true if there are free alternatives to premium services. When a better expected
outcome is anticipated, individuals often switch to the alternative. In the context of mobile apps, Hsu
& Lin (2015) propose that free alternatives to paid apps could serve as a substitute and potentially
hinder users’ continued use of paid apps. It is because when comparing options, consumers compare
them in terms of quality and prices. Especially if the next price is zero, it will be easier to swtich with
no financial risks. The authors also stated that free products speed up the decision-making process
because they do not require people to think about how much they will spend. In app markets, the
availability of free alternatives reduces consumers’ motivation to pay for an app. This is true even
when higher-performance paid versions are available. Accordingly, the following is proposed.

H6. The availability of free alternatives has a negative effect on the intention to switch
to premium applications.

2.2.7. Free mentality

People tend to avoid paying for online content. O'Brien (2022) defined free mentality as “the
consumer’s aversion to accept any price point other than zero”. In a study investigating consumers’
payment intentions for online news, the author confirmed the role of the free mentality on public’s
low payment intentions.

Some researchers even stated that the free mentality is the most important challenge for paid
content sites. This is because people have become used to getting free information since the start,
based on the idea that the Internet was originally meant to share information, and instead of
customers paying for online content, advertisers should pay for it (Dou, 2004).

Free mentality was investigated in a variety of context such as software (Niemand et al., 2015),
freemium games (Hamari et al., 2020), video streaming (Niemand et al., 2019), individual cloud
services (Yan & Wakefield, 2018), and digital journalism (O'Brien, 2022).

The existence of free alternatives is not synonymous with a free mentality. The presence of free
alternatives can lead to an increase in competition. However, the free mentality refers to the belief
that all content should be free and universally accessible. The free mentality is the belief that all
alternatives should be free of charge. Hiittel et al. (2018) mentioned to expect a price of zero to elicit
overly positive feelings, which will affect consumer choices, even for e-services.

According to Yan & Wakefield (2018), there is a negative relationship between the willingness to pay
for cloud services and free mentality. Lin et al. (2013) refered to a direct and negative impact of
free mentality on attitude toward paying for online music services. Thus, the following hypothesis
is suggested.

13 (2), 99-136 108




Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

H7. Consumers’ free mentality has a negative effect on the intention to switch to
premium applications.

2.2.8. Price-quality inference

An individual difference, such as a free mentality, price-quality inference is stated as a research
interest in consumer behavior. Niemand et al. (2019) defined the term as “the tendency to intuitively
expect a positive relationship between price and quality, i.e., value”. Another definition is “a thinking
according to which fees serve as a signal to higher quality of the digital product or service” which
is a concept derived from “price signaling.” In other words, the price of paid content signals higher
quality to potential subscribers (Pauwels & Weiss, 2008).

Niemand et al. (2019) investigated the role of the aforementioned variables on free versus premium
preferences. They suggest that when these two factors are in conflict as opposing forces, it can lead
to a reduction in consumer interest due to cognitive dissonance. In instances of minimal conflict,
such as those involving high free mentality and low price-quality inference, the preference of free
is more prominent (Biraglia et al., 2022).

According to Hsu et al. (2024), consumers switching to premium services still require further research
attention due to inconsistent results of empirical studies. Regarding music streaming service
conversion, Seifert et al. (2024) proposed that developers could decrease the benefits of the free
version to make users dissatisfied with its value. This is because high enjoyment is said to decrease
the intention to pay. Free users also overestimate the value of the free version due to the zero-
price effect (Niemand et al., 2015). In contrast, the insurance, taximeter, and overestimation effects
motivate consumers to subscribe to premium services (Lambrecht & Skiera, 2006), despite not using
most premium service features (flat-rate bias). Wang et al. (2018) declared that if consumers believe
they would gain more desirable benefits from using GPS navigation apps than from other options
when comparing the price they pay, they should prefer to purchase the app because of its perceived
value and necessity. Accordingly, the following is proposed.

H8. Consumers’ price-quality inference has a positive effect on the intention to switch
to premium applications.

2.2.9. Privacy concern

Companies collect customer information for several purposes: to better understand markets, to
customize services and environments, to provide free services through affiliations with other
businesses, and more. This information includes geo-locations, personal information such as dates
of birth, and consumption-related information. However, this also increases consumers’ concerns
about their privacy. Some consumers perceive this action as intrusive. They also see it as an abuse
of their personal information by unathorized access and use (Cosmo et al., 2021). Today, privacy
concerns in digital environments are the topic of discussion.

Privacy concern in online is consumers’ perceptions of how the information they provide online will
be used, and if this use is fair. Companies must consider this concern to develop strategies matching
the users’ valuations. Due to today’s pervasive data collection practices, privacy concerns are in a
raising trend (Mahmoodi et al., 2018). Tsai et al. (2011) investigated Internet users’ valuations of three
privacy aspects commonly captured in social networking service privacy policies: data collection,
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data control, and third party sharing. The authors demonstrated that people are willing to pay a
premium to purchase from websites that offer greater privacy protection when sufficient privacy
information is available. The authors researched low-priced products and found that people were
willing to pay up to 4% (around US$0.60) more for enhanced privacy. Egelman et al. (2013) demon-
strated that 25% of smartphone users would be willing to pay a US$1.50 premium to use a mobile
app that made fewer data requests.

However, another debate is that people may be willing to share information online despite having
privacy concerns. This phenomenon is known as the “privacy paradox” (Norberg et al., 2007). This
paradox has also been studied in the context of social networks. It is referred to as the result of a
trade-off: using digital services (for free or not) in exchange for disclosing information. Thus, privacy
and data are regarded as commodities traded between parties. Since willingness to pay is a measure
of marketing activities for commodities, it can be used to evaluate data disclosure and privacy. The
studies also included inquiries into customers’ experiences with privacy violations, such as breaches
or hacks. In the absence of such experiences, individuals may not fully comprehend the significance
of privacy, leading to an undervaluation of it. In cases involving identity theft, for example, the
experience is particularly valuable because the results are more clearly defined (Mahmoodi et al.,
2018). Consumers who perceive privacy risks are less likely to register with mobile apps and are
reluctant to provide personal information (Kang & Namkung, 2019). It is also explained in relation
to consumers’ control of information and their knowledge of privacy laws and the processing of
personal data. Cosmo et al. (2021) examined the relationship between privacy concerns and the
intention to use chatbots. The researchers hypothesized that privacy concerns would influence
people’s attitudes toward chatbots and their intention to use this technology. Tsai (2023) mentioned
earlier research on the idea that people might stop using services because of privacy concerns.
Thus, the following hypothesis is suggested.

H9. Consumers’ privacy concern has a negative effect on the intention to switch to
premium applications.

2.2.10. Intention to switch to premium applications and moderating role of application (software)
type
Ye & Potter (2011) refer intention to switch as product discontinuation. The concept is generally
defined as the desire for the subsequent option. In the PPM framework, switching intention is
examined in relation to a variety of push, pull, and mooring factors. Due to the relatively low
switching costs associated with apps, it is essential to ensure that users are fully engaged with the
app in order to encourage user retention. In contrast, the impact of migration from push and pull
factors may be less significant (Gu et al., 2020). This could also be a reference to the importance of
incorporating mooring factors into models with their direct relations and as moderator variables.

In order to develop a campaign that will appeal to potential users and attract users from competi-
tors, itis essential to understand consumers’ intentions to switch between options (Chen et al., 2023).

Consumers’ propensity to switch may vary based on the category of mobile applications. This
research shows that there is a gap in the research on comparing apps. Few studies directly compare
different types in their proposed research models.
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Wang et al. (2018) mentioned the rapid development of apps covering a wide variety of product and
service categories. These categories include hedonic apps, such as games, music, media, and enter-
tainment, as well as utilitarian apps, such as news, magazines, utilities, productivity, and navigation.
In their study, the authors focused on GPS navigation apps and mentioned some research indicating
that utilitarian apps are better at engaging and satisfying consumers than hedonic apps.

Hsu & Tsai (2017) investigated freemium pricing strategies in software as a service (SaaS) by
categorizing them as either productivity or pleasure-oriented, according to the marketing research
concepts of hedonic and utilitarian. They used the Unified Theory of Acceptance and Use of Tech-
nology (UTAUT) model, and defined the variables in different contexts to understand the differences
in willingness to pay. For example, performance expectancy in productivity-oriented Saas services
is defined as the extent to which an individual believes using the system or software will improve
his or her job performance. Conversely, in pleasure-oriented SaaS services it is defined as the extent
to which these services enable users to fulfill certain tasks, such as relaxing or communicating
with friends more effectively. A study by Nandi et al. (2021) examined the impact of perceived
interactivity, and perceived value on mobile app stickiness. The researchers found that respondents
anticipated different combinations of interactivity dimensions based on the purpose of the app. For
instance, some individuals prefer applications for work-related communication due to their rapid
and efficient nature. In the case of a productivity-related application, the presence of animations
or emoticons is of little concern. However, if the application is related to communication or social
media, the inclusion of such features is essential.

The concept of perceived value, which encompasses utilitarian value and hedonic value, is proposed
as adriving force behind app usage. However, users value mobile applications differently, with some
using them for productivity and or for entertainment. Social networking apps such as Facebook
facilitate the exchange of information through text, images, video, and audio via mobile devices.
For instance, social influences, such as social norms and social identification, have a significant
role in determining a user’s intention to use apps and make in-app purchases (Hsu & Lin, 2016). In
their study of app users, Sanchez-Fernandez & Iniesta-Bonillo (2009) identified four types of value,
which are also evident in the variety of app categories, such as problem-solving apps (including
productivity, financial planning, travel arrangement), entertainment and leisure apps (games, music,
videos, etc.), social networking, and communication apps (Facebook, etc.), and information and
others (shopping apps and news, etc.). Tyrvainen & Karjaluoto (2024) highly advised comparing
the effect of perceived value on trust and willingness to pay a premium between two types of
services: hedonic and utilitarian. Additionally, Guo (2022) notes that video streaming consumption
is influenced more by hedonic than utilitarian values. Thus, it is apparent that not only do mobile
applications differ in nature, but consumers’ wants, expectations, and tolerances towards use may
also differ.

H10. Application type moderates all relationships among variables in the research
model.

The research model was conceptualized using the PPM framework to understand the switching

intentions of young adults. Figure 1 shows the research variables in relation to the focus of interest:
intention to switch.
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Figure 1. Research Model

3. Methodology

This research received ethical approval from the Istanbul University Social and Humanities Research
Ethics Committee (Date: 28.04.2025, No: 04).

3.1. Measures

The proposed hypothesis on the effect of push-pull and mooring factors on switching intention was
examined using a quantitative method. The data is collected using a survey method. The question-
naire is divided into three parts: the first part begins with filtering questions to filter respondents by
age and usage of mobile apps, the second part contains scales for measuring the variables, and the
last part includes multiple choice and open-ended questions to collect respondents’ demographic
information and their preferences regarding mobile service consumption, such as the monthly and
annual amount of payment to mobile apps. All measurement items for each variable were derived
from prior research. In the interest of clarity and unambiguity, the translation-back translation
technique (Oquendo et al., 2001) was employed. In order to assess the relationships that were
hypothesized, a series of constructs were examined and adapted for the purposes of this research.
The Perceived Sacrifices (Risk) Scale was adapted from Kleijnen et al. (2007) based on Stone &
Grnhaug (1993). The scale for measuring dissatisfaction was derived from the work of Mohd-Any et
al. (2024). The application characteristics and perceived positive reputation were measured by the
same-labeled scales employed by Harris et al. (2016) and based on the scale Hsu & Lin (2015) used
for scaling the app rating. The concept of perceived value was adapted from Hsu & Lin (2016) with
further refinement based on a comprehensive review of extant literature on consumer values. The
attitude scale was adapted from Kim et al. (2017), which was based on Voss et al. (2003). The scale for
the availability of free alternatives was adapted from Hsu & Lin (2015). The Free Mentality Scale was
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developed based on the work of Hsu et al. (2024) and Niemand et al. (2019). Price-Quality Inference
was derived from the study of Niemand et al. (2019) once more. The measurement of privacy concern
was adapted from the studies of Mani & Chouk (2017) and Malhotra et al. (2004). Finally, the switching
intention scale is drawn from the works of Mohd-Any et al. (2024) and Sun et al. (2017). Appendix 1
details the 10 variables used in this study and their respective 59 measurement items. All scales
were measured using a Likert scale of 1-5, with 5 indicating ‘strongly agree’ and 1indicating ‘strongly
disagree’, except for attitude scale which is measured as in the original scale, with bipolar adjectives,
such as “(...) Very Necessary-Not Necessary at All".

3.2. Sample and data collection

Data were collected through an online questionnaire. In May 2025, a self-administered survey was
circulated to a group of respondents using a convenience sampling method over a five-week period.
The online survey was administered via a Google Docs form. Of the 260 responses received, those
who reported not using mobile apps were excluded. After checking for outliers in the data, 239 valid
questionnaires were used for further analysis. The sample profile is presented in Table 1.

Table 1. Characteristics of the Survey Sample

Characteristics N % Characteristics N %
Gender Operating system
Female 112 469 Android 77 322
Male 127 531 10S 162 67.8
Age Daily use of mobile devices
18-19 8 33 Less than 1 hour on average 1 0.4
20-21 81 339 1-3 hours on average 55 23.0
22-23 92 385 3-5 hours on average 101 423
24-25 32 134 5-7 hours on average 64  26.8
26-27 7 29 7 hours and above 18 75
28-29 10 42  Monthly spending for mobile services (Turkish Liras)
30 9 3.8 0-100 84 351
Education 101-200 45 188
High School 155 64.9 201-300 33 13.8
Bachelor’s Degree 78 32,6 301-400 1 4.6
Master’s Degree/Doctorate 6 2.5 401-500 26 10.9
Monthly Income (Turkish Liras) 501-600 8 33
0 - 20,000 33 138 601 and above 32 13.4
20,001 - 40,000 42 176  Annual spending for mobile services (Turkish Liras)
40,001 - 60,000 28 1.7 0-1,000 108 45,2
60,001 — 80,000 29 121 1,001-2,000 54 22,6
80,001 - 100,000 39 163 2,001-3,000 24 10,0
100,001 - 120,000 20 84 3,001-4,000 13 54
120,001 - 140,000 13 54 4,001-5,000 13 54
140,001 - 160,000 14 59 5,001-6,000 9 3,8
160,001 - 180,000 4 1.7 6,001-7,000 4 1,7
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Characteristics N % Characteristics N %

180,001 and above 17 7 7,001 and above 14 59

The total sample consists of young consumers between the ages of 18 and 30 (Table 1). A total of
153 respondents mentioned hedonic apps (social, games, etc.) as the most used category, while the
utilitarian apps (productivity, tools, navigation, etc.) comprised 86 respondents. The filter question
at the beginning of the survey excluded those above or below these ages. The sample consists of
47% women and 53% men. The age range is predominantly within the range representing young
adults, specifically between 18 and 25 years old. The sample characteristics also include information
on mobile device and mobile application usage. Accordingly, a significant majority spend at least 3
hours or more per day on their mobile devices, and the vast majority spend at least up to 200 TL per
month (54%). In terms of annual spending, 45% spend at least up to 1,000 TL. This study categorizes
apps as either hedonic (pleasure-oriented) or utilitarian (productivity-oriented). The sample was
divided into these categories based on which category was used the most.

3.3. Data Analysis and Results

This empirical study used SmartPLS 4 for model testing and moderator analysis. This is due to the
exploratory nature of the study, as in PPM studies, the framework is shaped around the research
idea and modeled accordingly. The PLS technique is said to be best suited for PPM studies with
complex models because it has minimal restrictions (Chang et al., 2014).

The PLS method shares commonalities with multiple regression analysis, as both aim to explain
variance in outcome variables and evaluate the quality of the model based on psychometric attrib-
utes of the measurement and structural models (Ribeiro et al., 2023). PLS is a structural equation
modeling (SEM) technique that can accommodate a significant number of variables, relationships,
and moderating effects with small sample sizes. It makes no distributional assumptions and can
handle constructs measured with single- and multi-item measures (Hair et al., 2021). It is recom-
mended to use PLS-SEM when the analysis involves testing a theoretical framework from a predictive
standpoint (Hair et al., 2021).

3.3.1. Common Method Bias

Common methos bias (CMB) is an issue that is likely to occur when evaluating data obtained
from self-reported items (Singh & Kathuria, 2023; Thi Nguyet Trang et al., 2025). In this study, CMB
is controlled with some precautions such as respondents were being assured of their anonymity
and research confidentiality with mentioning the academic purposes, and that there were no right
or wrong.

The most important thing was to provide honest answers to the questions, thinking of social desir-
ability bias. Then, Herman's single factor analysis and the VIF values (Kock, 2015) are used to test
for common method bias. According to Herman'’s single factor analysis, factor analysis in SPSS with
factors to extract set to 1 reveals that the maximum variance explained by a single factor is 15.662%,
which is below 50%. Therefore, it can be concluded that CMB is not a concern (Podsakoff et al., 2024).
VIF for all constructs (see Table 2 and Table 7) were in the acceptable range below the threshold of 3
(Hair et al., 2019). Collinearity analysis confirmed the absence of CMB, thereby enhancing the robust
nature of the model results.
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3.3.2. Measurement Model Assessment

The measurement model was validated through indicator loadings, internal consistency reliability,
convergent validity, and discriminant validity (Hair et al., 2021). As outlined in Hair et al. (2019),
all the outer loadings were above 0.708 and significant at a 1% level. Concurrently, all AVE values
exceeded 0.50, which indicates satisfactory levels of convergent validity. The VIF values, a measure
of the degree of multicollinearity, were found to be less than three, the commonly accepted ideal
threshold value. These findings imply that the structural model does not exhibit any undesirable
effects and is free from multicollinearity across items or predictor constructs. (see Table 2).

Table 2. Item loadings, convergent validity and collinearity statistics

Loadings Average Variance Extracted Variance Inflation
(AVE) Factor (VIF)
Construct Items _ | s s = o © 5 = a 9] 5
sE § & §&8 & & §&8 § g
88 2 s 648 ¢ £ &8 ¢ E
) o) )
PPROF 0.754 0.742 0.769
PROF1  0.847 0.837 0.863 1.873 1.748 2147
PROF2  0.896 0.900 0.885 2.203 211 2.393
PROF3  0.861 0.846 0.882 1.900 1.892 1.886
PSROF 0.760 0.727 0.829
PROF6  0.976 0.961 0.987 1.540 1.352 211
PROF7  0.753 0.728 0.828 1.540 1.352 211
DWF 0.811 0.811 0.815
DWF1 0.884 0.880 0.895 2.426 2.391 2.602
DWF2 0.931 0.941 0.913 3.168 3.496 2.836
DWF4 0.887 0.879 0.900 2.337 2.423 2.322
AC 0.848 0.863 0.827
AC1 0.924 0.899 0.922 1.941 2189 1.753
AC2 0.917 0.959 0.896 1.941 2189 1.753
PR 0.627 0.585 0.651
AC10 0.798 0.699 0.847 1.655 1.774 1.443
AC8 0.771 0.842 0.770 1.196 1137 1.405
AC9 0.807 0.747 0.803 1.738 1.837 1.570
Qv 0.783 0.787 0.776
Qv1 0.925 0.932 0.926 2181 2105 2.363
Qv2 0.874 0.889 0.838 2.785 2.799 2.784
Qv3 0.855 0.838 0.876 2.835 2.764 2.978
PV 0.813 0.807 0.822
PV1 0.875 0.879 0.874 2109 2126 2211
PV2 0.919 0.921 0.91 2.423 2.724 2.013

Note: PPROF: Perceived performance risk of free apps, PSROF: Perceived security risk of free apps, DWF: Dissatisfaction with free apps,
AC: Application characteristics, PR: Positive reputation, QV: Quality value, PV: Price value, EV: Emotional value, ATP: Attitude towards
Premium apps, AOFA: Availability of free alternatives, FM: Free mentality, PQI: Price-quality inference, PC: Privacy concern, Si:
Switching intention.
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In the overall sample and for each group, Cronbach’s Alpha (a) met the threshold of at least 0.70
and/or 0.60 in exploratory research, as required. As shown in Table 3, the composite reliability (CR)
scores met the threshold of 0.70. This indicates that the measurement model is reliable and free of

errors.
Table 3. Construct reliability
Cronbach’s alpha CR(rho_c)
Construct Overall . e . Overall . .
sample Hedonic Utilitarian sample Hedonic Utilitarian
Perceived performance risk of free 0.837 0.827 0.851 0.902 0.896 0.909
Perceived security risk of free 0.744 0.676 0.841 0.862 0.839 0.906
Dissatisfaction with free 0.883 0.883 0.887 0.928 0.928 0.930
Application characteristics 0.821 0.849 0.792 0.918 0.927 0.905
Positive reputation 0.708 0.690 0.736 0.835 0.808 0.848
Quality (performance) value 0.869 0.875 0.861 0.916 0.917 0.912
Price value 0.885 0.881 0.892 0.929 0.926 0.933
Emotional value 0.886 0.892 0.870 0.929 0.932 0.920
Attitude towards premium 0.886 0.866 0.908 0.884 0.877 0.899
Availability of free alternatives 0.774 0.760 0.804 0.868 0.862 0.880
Free mentality 0.747 0.774 0.694 0.863 0.896 0.846
Price-quality inference 0.828 0.81 0.842 0.896 0.884 0.904
Privacy concern 0.833 0.828 0.841 0.900 0.898 0.904
Switching intention 0.911 0.913 0.907 0.944 0.945 0.941

Discriminant validity was assessed by applying three methods: the correlations’ Fornell-Larcker
Criterion and the heterotrait-monotrait ratio (HTMT) (Henseler et al., 2015) and the examination of
cross-loadings (Hair et al., 2021).

Table 4. Discriminant validity (Overall sample)

Construct 01 02 03 04 05 06 07 08 09 10 1 12 13 14

01.PPROF 0.868 0.545 0.386 -0.011 0199 0.006 0.148 0.105 -0.044 -0.013 0.057 0.362 0155 0.361
02.PSROF 0.649 0.872 0122 0.042 0186 0152 0132 0.090 0.006 0.050 0.115 0.228 0.340 0.239
03.DWF 0.447 03122 0.901 -0.080 0114 -0.020 0144 0.085 -0.045 0.032 0.056 0.411 0.044 0.363
04.AC 0.074 0106 0.092 0.921 0.382 0.239 0126 0192 0.085 0.158 0.035 0.016 0.197 0.107
05.PR 0.257 0.262 0149 0.495 0.792 0.087 0.224 0.200 0.055 0.054 0.068 0.202 0.281 0.279
06.QV 0.039 0194 0.086 0.294 0126 0.885 0.424 0.568 0161 0134 0132 0148 0.231 0.224
07.PV 0170 0164 0163 0.147 0.277 0.486 0.902 0.519 0189 -0.078 -0.056 0.298 0.163 0.461
08.EV 0119 0.097 0.092 0.230 0.249 0.652 0.579 0.901 0.201 0.002 0.061 0.266 0.171 0.293
09.ATP 0104 0.044 0112 03139 0.061 0187 03159 0.237 0.812 -0.107 -0.066 0129 0.021 0.179
10.AOFA 0149 0.090 0118 0.203 0116 0190 0.096 0.056 0156 0.829 0.359 0.092 0.167 -0.083

11.FM 0185 0175 0167 0.033 0137 0152 0.075 0.067 0106 0.465 0.873 0.000 0.229 -0.119
12.PQl 0.431 0.242 0.469 0.021 0.260 0163 0.346 0.307 0111 0112 0.059 0.861 0.196 0.407
13.PC 0189 0.386 0.069 0.237 0.380 0.273 0190 0.205 0.060 0.208 0.280 0.239 0.867 0.102
14.51 0.413 0.239 0.403 0123 0.340 0.232 0.512 0.321 0114 0.097 0119 0.454 0117 0.922

Note: Diagonal elements (in bold) represent square root of AVE value for the corresponding construct, the values above the diagonal
indicate Fornell-Larcker results, and the values below indicate HTMT values.
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According to the Fornell-Larcker criterion, the on-diagonal values (the square root of the AVE) in
the model above should be higher than the off-diagonal values. Additionally, the HTMT ratio should
have a value smaller than 0.9 to confirm discriminant validity (Hair et al., 2021; Henseler et al., 2015).

Table 5. Discriminant validity (Hedonic)

Construct 01 02 03 04 05 06 07 08 09 10 1 12 13 14

01.PPROF 0.862 0.478 0.387 0.026 0142 -0.027 0.053 0.064 0.046 -0.051 0.026 0.272 0.096 0.347
02.PSROF 0.584 0.853 0.092 0.091 0110 0.055 -0.094 -0.045 0115 0.045 0.058 0.096 0.303 0.200
03.DWF 0.454 0.143 0.901 -0158 0.081 -0.082 0.063 0.014 -0.032 -0.015 0.071 0.453 -0.033 0.378
04.AC 0.084 0.209 0.192 0.929 0.369 0.321 0.162 0.254 -0.048 0.097 0.068 -0.053 0.234 0.039
05.PR 0180 0.310 0133 0.468 0.765 0.072 0.238 0190 0.033 -0.084 0.011 0112 0.218 0.195
06.QvV 0.093 0.078 0.156 0.396 0141 0.887 0.369 0.546 0.203 0162 0.083 0109 0.211 0.206
07.PV 0.091 0.122 0.089 0195 0.259 0.420 0.898 0.525 0.283 -0185 -0.173 0162 0.043 0.483
08.EV 0.087 0.078 0.055 0.303 0.246 0.627 0.582 0.906 0.249 -0.021 -0.067 0.174 0124 0.300
09.ATP 0.068 0.132 0109 0.044 0.090 0.245 0.288 0.282 0.803 -0.169 -0.208 0.179 0.025 0.213
10.AOFA 0177 0.099 0128 0121 04138 0.219 0.231 0.062 0.213 0.822 0.397 0.070 0166 -0.218
11.FM 0138 0.082 0.188 0.076 0112 0124 0.224 0.080 0180 0.516 0.901 -0.080 0.219 -0.257
12.PQl 0.330 0.150 0.525 0.060 0.135 0133 0.176 0196 0197 0.094 0.095 0.847 0.047 0.314
13.PC 0146 0.379 0117 0.283 0.338 0.252 0.078 0153 0.067 0.212 0.268 0.072 0.864 -0.080
14.51 0.396 0.221 0.420 0.048 0.216 0.206 0.531 0.325 04153 0.261 0.298 0.338 0.092 0.923

Note: Diagonal elements (in bold) represent square root of AVE value for the corresponding construct, the values above the diagonal
indicate Fornell-Larcker results, and the values below indicate HTMT values.

Table 4, Table 5 and Table 6 show acceptable discriminant validity based on overall sample for both
criteria and data from two groups. The discriminant validity of the measurement models appears
to be well established, according to the findings.

Table 6. Discriminant validity (Utilitarian)

Construct 01 02 03 04 05 06 07 08 09 10 1 12 13 14

01.PPROF 0.877 0.623 0.383 -0.011 0.292 0.080 0.313 0.200 -0120 -0.002 0.306 0.447 0.228 0.364
02.PSROF 0.734 0.911 0156 0.027 0.253 0.330 0.499 0.334 -0.106 0.052 0.279 0.393 0.395 0.292
03.DWF 0.442 0141 0.903 0.035 0.221 0107 0.292 0.224 -0.069 0.058 0173 0.357 0.175 0.336

04.AC 0.097 0100 0.074 0.909 0.473 0117 0.073 0.085 0.231 0.282 -0.0177 0119 0155 0.238
05.PR 0.362 0.269 0.279 0.601 0.807 0.097 0.268 0.207 0.150 0.306 0.207 0.334 0.368 0.470
06.QV 0110 0377 04127 0144 0110 0.881 0.545 0.607 0.097 0.070 0.285 0.256 0.278 0.284
07.PV 0.358 0.536 0.324 0.088 0.328 0.618 0.906 0.529 0.055 0.083 0.274 0.519 0.385 0.443
08.EV 0.233 0.380 0.255 0104 0.275 0.705 0.589 0.891 0129 0.051 0.311 0.462 0.284 0.314

09.ATP 0.200 0182 0128 0.313 0160 0103 0.086 0.162 0.833 -0.004 0.099 0.109 0.043 0.162
10.AOFA 0118 0.091 0142 0.312 0385 0142 0126 0.094 0139 0.844 0.255 0.087 0.163 0.162

11.FM 0.312 0354 0192 0138 0.278 0.341 0.292 0.425 0180 0384 0.858 0.179 0.225 0.227
12.PQl 0.533 0.445 0.398 0147 0.431 0.295 0.596 0.540 0.095 0137 0.202 0.870 0.413 0.540
13.PC 0.267 0.402 0.203 0193 0.454 0.324 0.443 0.334 0.079 0.214 0300 0.494 0.872 0.423
14.51 0.411 0.262 0.373 0.278 0.559 0300 0.479 0.349 0110 0166  0.247 0.601 0.478 0.918

Note: Diagonal elements (in bold) represent square root of AVE value for the corresponding construct, the values above the diagonal
indicate Fornell-LarcRer results, and the values below indicate HTMT values.
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Another criterion for checking the discriminant validity of the measurement models is to use cross-
loading results. Tables Appendix 2, Appendix 3, and Appendix 4 in the Appendix detail the data;
the bold values relate to the measures of the specific constructs in the rows. As can be seen, the
constructs’ measures share a higher correlation within than with the other measures.

3.3.3. Assessment of structural model and hypotheses testing

The structural model was assessed through PLS using Smart-PLS 4, including the evaluation of
path coefficients, coefficient of determination (R2), predictive relevance values (Q2), and statistical
significance. This study performed 5,000 bootstrap resampling iterations on two samples.

Table 7 shows that the overall sample has an R? value of 0.411, hedonic app users have an R? value
of 0.493, and utilitarian app users have an R? value of 0.462. These values are considered moderate
in terms of explanatory power. According to Hair et al. (2019), any Q2 value above zero is meaningful
(for the overall sample and hedonic app users, the value of predictive accuracy is medium, while
for productivity app users, it is small) and a well-model fit is indicated by an SRMR value lower than
0.2, which is evident in the results for both groups. VIF values are also below 3 for latent constructs.

Table 7. Structural model assessment

Variable VIF VIF . VIF‘ o
(Overall sample)  (Hedonic) (utilitarian)
PPROF -> SI 1.779 1.600 2.317
PSROF -> S| 1.633 1.531 2.280
DWEF -> Sl 1.363 1.520 1.342
AC -> S| 1.302 1.401 1.470
PR -> S| 1.353 1.312 1.726
Qv -> Sl 1.731 1.716 1.987
PV -> S| 1.565 1.615 2111
EV -> Sl 1.804 1.802 1.989
ATP -> S| 1.098 1.249 1178
AOFA -> S| 1.250 1.338 1.258
FM -> S| 1.231 1.321 1.394
PQl ->SI 1.474 1.434 1.922
PC ->SI 1.316 1.272 1.460
R? 0.41 0.493 0.462
Structural Model Q? 0.320 0.373 0.150
SRMR 0.058 0.069 0.071

As seen in Table 8, the model demonstrates a significantly stronger predictive ability for hedonic app
users than for utilitarian app users. The Q2 predicted values were also above 0. Predictive relevance
is stronger again for hedonic app users.
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Table 8. PLS predict results for predictive power of the model

Overall . el
Hedonic Utilitarian
Sample
Item PLS- PLS- PLS- PLS- PLS- PLS-
Q* Q2 Q?
. SEM_ SEM_ . SEM_ SEM_ . SEM_ SEM_
predict predict predict
RMSE* MAE* RMSE* MAE* RMSE* MAE*
S 0.270 0.987 0.784 0.308 0.937 0.767 0.091 1145 0.939
SI3 0.288 0.999 0.796 0.316 0.972 0.760 0.225 1.053 0.889
Sl4 0.255 0.999 0.802 0.325 0.967 0.774 0.044 1.075 0.846

Notes: PLS-SEM_RMSE < LM_RMSE, PLS-SEM_MAE < LM_MAE

The results showed that the price of premium apps, dissatisfaction with free apps, the perceived
performance risk of free apps, the price-quality inference, the positive reputation of apps, and
the free mentality impacted switching intention for both groups (see Table 9). For hedonic apps,
perceived price value (B = 0.356, p = 0.000), dissatisfaction with free apps (B = 0.277, p = 0.001),
perceived security risk of free apps (B = 0189, p = 0.009), perceived performance risk of free apps
(B =0.125, p = 0.048), and perceived quality value (B = 0,124, p= 0.040) were positively related to the
intention to switch, respectively. Furthermore, the free mentality (B = -0.117, p = 0.010) and privacy
concern (B = -0.150, p = 0.044) were negatively related to the intention. For utilitarian apps, price-
quality inference (B = 0.265, p = 0.026) and positive reputation (B = 0.220, p = 0.035) were positively
related to the intention to switch.

Table 9. Effects, t-values and p-value

Overall Sample Hedonic Utilitarian Supported
Effects Path tvalue pvalue Path tvalue pvalue Path tvalue pvalue OS/H/U
Coefficients Coefficients Coefficients

Hla PPROF ->SI 0152 2.348 0.009* 0125 1.668 0.048* 0.158 1136 0128 Yes/Yes/No
H1b PSROF -> S| 0.058 0.857  0.196 0.189 2.356  0.009* -0.116 0.812 0.208 No/Yes/No
H2 DWF ->SI 0.205 3.097 0.001* 0.277 3172 0.001* 0.092 0.924 0178 Yes/Yes/No
H3a AC->SI 0.032 0.537  0.296 -0.008 0107  0.457 0.038 0.342 0366 No/No/No
H3b PR->SI 0.126 2289 0.011* 0.060 0.901 0.184 0.220 1.807 0.035* Yes/No/Yes
H4a QV ->SI 0.085 1.318  0.094 0.124 1751  0.040* 0128 0.930 0176  No/Yes/No
H4b PV ->SI 0.277 3.641 0.000* 0.356 3.970 0.000* 0.129 0.923 0.178 Yes/Yes/No
H4c EV ->SI -0.008 0129  0.449 0.028 0.394  0.347 -0.073 0.581 0.281 No/No/No
H5 ATP ->SI 0.092 1147 0.126 0.006 0.077  0.469 0.088 0.677 0.249 No/No/No
H6 AOFA ->SI -0.044 0.596  0.276 -0.073 1.050 0147 0.020 0160 0.436 No/No/No
H7 FM ->S]| -0117 1.710  0.044* -0a71 2315 0.010* 0.007 0.055 0.478 Yes/Yes/No
H8 PQl->SI 0.138 2.009 0.022* 0.051 0.691  0.245 0.265 1.950 0.026* Yes/No/Yes
H9 PC->SI -0.050 0.743  0.229 -0.150 1,701  0.044* 0.147 1131 0129 No/Yes/No

Notes: *p < 0.05; OS: Overall Sample, H: Hedonic, U: Utilitarian.

The objective of this study is to examine the factors that can influence Generation Z consumers’
intention to switch from free apps to paid apps. Additionally, the study seeks to understand how
intention to pay for apps differs based on the category of mobile apps. To this end, multigroup
analysis (MGA) was conducted to assess the moderating effect of the orientation of the application.
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The objective was to ascertain whether there are significant differences in path coefficients between
hedonic and utilitarian app users.

Table 10. Results of invariance measurement testing (Step 1 & MICOM Step 2)

Configural  Original 5.09 Permutation Compositonal

Construct invariance correlation p-value invariance
PPROF Yes 0.997 0.985 0.497 Yes
PSROF Yes 0.998 0.718 0.823 Yes

DWF Yes 0.999 0.992 0.713 Yes
AC Yes 0.993 0.545 0.675 Yes
PR Yes 0.961 0.898 0.247 Yes
Qv Yes 0.999 0.849 0.927 Yes
PV Yes 0.997 0.996 0.100 Yes
EV Yes 0.999 0.989 0.770 Yes

ATP Yes 0.980 0.189 0.877 Yes

AOFA Yes 0.987 0.142 0.900 Yes
FM Yes 0.955 0.218 0.597 Yes

PQl Yes 0.994 0.985 0.309 Yes
PC Yes 1.000 0.364 0.995 Yes
Sl Yes 1.000 0.999 0195 Yes

Prior to conducting multigroup analyses, the MICOM procedure was applied as an assessment to
determine the measurement invariance of the model (see Table 10 and Table 11). An analysis of the
invariance measure is conducted to guarantee that the measurement model is capable of identifying
the same measurement attribute under varying conditions.

Table 11. Results of invariance measurement testing (MICOM Step 3)

Mean- Mean Confidence Variance-  Variance Equal
Construct Original Permutation Interval Original Permutation Cl95% :;euaanl
difference  p value (1) 95% difference  p value K
variance
PPROF -0.284 0.030 -0.270 0.254 -0.235 0.233 -0.355 0.394 No/Yes
PSROF -0.103 0.482 -0.264 0.257 -0.234 0.142 -0.278 0.337 Yes/Yes
DWF -0.063 0.671 -0.262 0.286 -0.201 0.214 -0.312 0.334 Yes/Yes
AC 0.193 0158 -0.263 0.259 -0.493 0184 -0.677 0.703 Yes/Yes
PR -0.172 0.200 -0.279 0.260 0125 0.576 -0.404 0.421 Yes/Yes
Qv 0.070 0.610 -0.261 0.284 0.189 0.526 -0.489 0.521 Yes/Yes
PV -0.054 0.697 -0.267 0.273 0.004 0.984 -0.341 0.384 Yes/Yes
EV 0126 0.343 -0.247 0.263 0.201 0.408 -0.467 0.447 Yes/Yes
ATP 0183 0172 -0.261 0.262 -0.359 0.092 -0.403 0.443 Yes/Yes
AOFA 0.012 0.928 -0.289 0.269 -0.190 0.331 -0.368 0.367 Yes/Yes
FM -0.097 0.465 -0.247 0.233 0141 0.447 -0.351 0.388 Yes/Yes
PQl -0.302 0.028 -0.276 0.258 -0.344 0.029 -0.305 0.313 No/No
PC -0.141 0.302 -0.262 0.254 0.076 0.693 -0.364 0.420 Yes/Yes
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Sl -0.258 0.059 -0.260 0.268 0.008 0.947 -0.291 0.288 Yes/Yes

The PLS models, data treatment, and algorithm settings used for the groups were all the same. This
means that the configural invariance was established (MICOM Step 1). To check the compositional
invariance of the model (MICOM Step 2), the SmartPLS Permutation procedure was used. According
to the results, the requirements for the first two steps of the three-step MICOM procedure (Henseler
et al,, 2016) were met. This means that partial measurement invariance was achieved. According
to Sarstedt et al. (2022) and several other research using the method, this allows for multigroup
analyses.

Table 12. Hypothesis testing of moderation of app orientation with multi-group analysis

p value (Hedonic vs Utilitarian)

Effects Path. Coefficient . Welch- ‘ Support
Difference Henseler’'s-MGA Parametric test Satterthwaite
test
PPROF -> SI -0.033 0.411 0.410 0.418 No
PSROF -> SI 0.305 0.033 0.022 0.032 Yes
DWF -> SI 0184 0.081 0.091 0.083 No
AC -> Sl -0.045 0.358 0.359 0.365 No
PR ->SI -0.159 0125 0.106 0126 No
Qv ->SI -0.004 0.487 0.490 0.491 No
PV -> S| 0.227 0.088 0.077 0.087 No
EV ->SI 0.101 0.236 0.224 0.242 No
ATP -> S| -0.082 0.280 0.288 0.297 No
AOFA -> S| -0.094 0.241 0.240 0.259 No
FM -> SI -0.178 0110 0.096 0.112 No
PQl -> SI -0.214 0.078 0.065 0.084 No
PC ->SI -0.297 0.034 0.026 0.030 Yes

The results of the multigroup analysis are shown in Table 12. The study identified two factors that
differ between groups in terms of their impact on the intention to transition to paid apps: perceived
security risks associated with free apps and consumers’ privacy concerns. Since unequal variances
were determined for some constructs, Welch-Satterthwaite test was also used as a basis. The p-
values referring the significance of differences between paths were all below 0.05.

4. Conclusion

The primary aim of the research is to better understand consumers’ intention to pay for apps.
According to the results, which included responses from 239 people, the factors most influencing
consumers’ switching intention were identified as the price value of premium apps, dissatisfaction
with free apps, perceived performance risk of free apps, price-quality inference, positive reputation
of apps, and free mentality, respectively. Then, as part of the research questions, the orientation
of apps was investigated to determine if it moderates the relationship between the antecedents of
switching intention and the respective variable.

A comparison of hedonic (entertainment-oriented) and utilitarian (productivity-oriented) apps
revealed significant differences in switching intentions influenced by security and privacy related
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concerns. The study found two factors that were different between groups in how they affected the
desire to use paid apps. These factors were the perceived security risks of free apps and consumers’
privacy concerns.

This study yielded valuable results through a comparison of the research model in different service
contexts.

4. Discussion and theoretical implications

In this study, among push factors, dissatisfaction and perceived risk related to the performance of
free apps are significant. Satisfaction with the existing offering is a common theme, and dissatis-
faction with that offering is a frequent complaint. Negative experiences with the existing product
offer can also motivate customers to consider alternatives (Krishnan & Raghuram, 2024). As one of
the most frequently referenced variables in PPM studies, it is not surprising that dissatisfaction with
free apps is creating meaningful differences in the selection of paid apps.

People are also motivated to choose paid apps by perceived performance risk or sacrifices relating
to the output of utilities or apps. Normally, free or freemium services is helpful for reducing
uncertainties of services. Hsu & Lin (2015) stated that free or freemium apps reduce the risk and
uncertainty of purchasing an app, allowing consumers to become more familiar with the content.
Depending on the monetization strategy (premium with fixed monthly payments after a free trial
period, free with in-app purchases, etc.), people can choose how to unlock the value they will receive
from the service. They can get more value in various forms, such as paying for additional benefits
in performance or to remove ads included. On the contrary, with limited features or limited use
time (Tyrvainen & Karjaluoto, 2024) perceptions on free/freemium service performances could be a
concern. For hedonic apps, all push factors are significant, while for utilitarian apps, none are. This
may signal that, in utilitarian free apps, dissatisfaction or risk perceptions are low, and these factors
are not related to people’s need to turn to paid apps in the research interets of young consumers.
Performance risk is a concern for hedonic apps, and if users are dissatisfied, they will seek out
paid versions. The perception of security risk also has been shown to have a positive impact on
the intention to switch. On mobile apps, Dinsmore et al. (2017) stated that exploring the effects of
different risk factors on purchasing behavior could be informative, considering the small financial
risk associated with small fees compared to the significant privacy risk of purchasing a product
online. Yang et al. (2022) included privacy risk to performance risk to understand how these variables
relate to intentions to upgrade to paid online healthcare consultations. Therefore, it was determined
that incorporating privacy/security risk perceptions into this study was an appropriate decision to
ensure the comparability of results.

The factors that have the greatest impact on a user’s intention to switch to paid apps are those
related to price value. Mantymaki et al. (2020) revealed the effects of price value, and enjoyment on
switching intention to premium, accounting for differences in subscription type (basic vs. premium).
The perceived value of a product or service is determined by the subtle differences in value
judgments made by the users. For instance, millennials place greater value on smartphones than
on traditional desktop or laptop computers or televisions, despite the latter's smaller screen size
(Nandi et al., 2021). This study on young consumers revealed that price value is significant in the
hedonic apps, along with quality/performance value.
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People’s concern for the positive reputation of apps attracts consumers and contributes to switching
intentions in the utilitarian category. As Harris et al. (2016) stated the reputation of an application
market or developer can be influenced by the actions and perceptions of others, including websites
and friends. Thus, if consumers find a site reputable, they may trust the site more and perceive
less risk.

As mooring factors, individual characteristics of free mentality and price-quality inference con-
tribute to the intention to switch. In the hedonic app category, free mentality and privacy concerns
are significant, while price-quality inference is significant for the utilitarian category.

As an important challenge for paid content sites, the free mentality has been an ongoing barrier
since the introduction of the freemium-premium pricing concept. As prior studies (Lin et al., 2013;
Yan & Wakefield, 2018) have mentioned, there is a negative relationship between willingness to pay
for services and the free mentality. This effect is found to be significant for hedonic services in this
study. The implementation of a paid model for content that was previously free would potentially
lead to a sense of loss among consumers, as they would be comparing it to the prior, complimentary
price point. This may be a result of a learned behavior where advertising based business models
support free use in consumer markets such as radio, TV or the Internet (0'Brien, 2022). Therefore,
the free mentality is a personal characteristic that should be included in this area of research.

In addition, price-quality inference is of considerable importance in the context of the utilitarian
category. Niemand et al. (2019) discussed how consumers’ responses to free offers are not
thoughtful, but rather driven by intuition. As previously stated, people activate these intuitions, free
mentality and price-quality inferences, during the decision-making process. Their study illustrated
that user preferences are shaped not only by features. Intuitive thoughts about freemium offers also
shape preferences. Thus, people who believe that high prices are linked to high quality tend not to
choose free options. Even if they have favorable thoughts about the free option, they abandon it
because of negative expectations about its quality and functionality.

Privacy concerns only affect switching intentions in the hedonic app category, just as security risk
perceptions of free push users towards paid options in the same category. Boerman et al. (2017)
explained privacy concerns with the help of social presence theory. Social presence is the feeling of
being with someone else during mediated communication and if it's a computer or a mobile phone
collecting the data, it feels the same as when someone looks over your shoulder as you browse. As
posited by Harris et al. (2016), individuals may have privacy or security concerns regarding data that
is not essential for app functionality and for which consumers must grant permission. If companies
provide their customers with the proper information, they can potentially collect more consumer
data without losing customers when they request in-app permissions. The authors studied the
factors that influence consumers’ decisions to install mobile apps. They stated that perceived
security could decrease risk perceptions and increase trust in mobile apps.

Another interesting finding is that the perceived security risks of free apps and consumers’ privacy
concerns are variables that differ between groups in terms of their effects on the intention to switch;
these effects are higher and significant for the hedonic app category. This may indicate that young
consumers tend to behave similarly without the presence of security risks and/or when their privacy
concerns are low, and that these are the only effects that differ by app category. This result is thought
to provide a valuable foundation for further research.
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4.2. Practical implications

One finding is that reducing performance risk perceptions is valuable in any mobile service context.
The proper functioning of utilities offered by the mobile channel could help consumers become
more satisfied. If not, with an increase in risk perception, users can choose to switch to a premium

app.

Decreasing performance and security risk perceptions is also valuable for encouraging consumers
to convert to premium apps, especially in the entertainment category. This category includes apps
such as music, games, and social media. Information risks regarding security and privacy can be
addressed through companies educating users and users asking companies to be more transparent,
security-oriented, and to invest in security protocols. Games and social media also provide a
platform for brands to display their advertisements and commercials. Thus, users of these apps
need to be profiled based on personal characteristics or usage-based filters to provide a more
customized service. Users should be aware that if they want to use free apps, they will have to
provide contextually relevant information to companies. However, premium apps also collect data
to provide superior services. If managed properly, consumers should not feel security risks when
using mobile devices, whether free or paid.

Price value is the utility gained from the product that results from the reduction costs. The apps in
the entertainment category provided more value for money, and, given their performance benefits,
they had a significant pull effect to encourage paying for premium apps. It can be concluded that
service providers in this category should prioritize value and quality. As these increase, so does the
likelihood that people will pay for these apps.

The results regarding the relationship between a positive reputation and switching intention must
be discussed in terms of their implications. This variable affects consumers’ intention to pay in
general and for a specific category. The utilitarian category includes tool apps, navigation apps,
health apps, etc. These types of apps are especially chosen for utilitarian purposes. A reputation
can be built upon many things, including utility, quality of service, and brand attributes. Today, with
the integration of Al, as we have seen with chatbots, more consumers are incorporating them into
their daily tasks. A well-known brand and a reputable service would be a significant advantage for
an app of this nature, as it would likely attract users willing to pay for services.

Companies can practically do nothing to solve the issue of the free mentality. This is due to all
the practices since the beginning of the internet and IT tech-enabled services. As mentioned, most
apps are still free. However, by offering free and premium options together and setting meaningful
prices with price fences for the premium options, consumers may be more willing to pay after trying
them. Mobile service providers could leverage people’s price-quality preferences much better by
communicating the relative advantages.

Understanding privacy concerns is another obstacle. People’s intentions and behavior contradict
each other when they have concerns but still use the service. This is referred to as the “privacy
paradox” in the literature (Norberg et al., 2007). Privacy and security could also be communicated
as part of app providers’ branding activities and service design processes.
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4.3. Limitations and future research directions

The study’s results highlight the importance of privacy/security risks on consumers’ psychology
when it comes to entertainment purposes. Further studies could investigate the reasons behind risk
perceptions and satisfaction results in case these risks are actually higher due to the current impli-
cations of entertainment service providers in the mobile sector. Alternatively, it could be related to
a broader selection of apps in an app category, such as in games, compared to utilitarian services.
Another possibility is that it is due to people’s interest and knowledge in different categories. Push
variables and their antecedents need further attention.

Further research is necessary to investigate the negative correlation between free mentality and
switching intention, as well as the reasons why it is a concern for entertainment services.

According to the results, the availability of free alternatives does not influence the intention to
switch. Further research could investigate other relevant variables, such as the attractiveness of
different alternatives. If there are relatively better alternatives than the free versions, the likelihood
of switching can be higher. Of course, people’s tendencies should also be modeled with control
variables other than age, such as gender and income.

Social influences could also be added to a model when young consumers and different app cate-
gories are included. Social norms, or social value as part of value dimensions, could be a variable
for further research. This would be particularly relevant if the market of interest is hedonic apps
such as games.

Attitudes toward premium apps could also be a variable to focus on, not just for its direct effect on
switching intention, but also for its mediating effects. Another proposition that the research could
include is that perceived value affects attitudes, with another path that could be included in the
model with a chain of effects between value, attitude, and behavior. According to Phan Trong &
Vo Thi Ngoc (2024) study of the PPM framework in over-the-top (OTT) services, willingness to pay
increases conversion intent from free to premium among freemium service users. Willingness to pay
could be one of the factors to consider in future studies.

In a comparison of free and premium services, Tyrvdinen & Karjaluoto (2024) address the differences
between different monetization strategies, calling them “limited features” and “virtual items,” and
on willingness to pay, they use a multidimensional perspective of value that includes functionality,
price, social, and hedonic dimensions. The authors proposed that perceived value would differ
between the two strategies. Based on the findings of the study, further research may include a
detailed comparison of app monetization strategies across different orientations.

13 (2), 99-136 125




Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ...

Declarations

Oztiirk, 2025

Ethics Committee  This research received ethical approval from the Istanbul University Social and Humanities Research Ethics Com-

Approval mittee (Date: 28.04.2025, No: 04).

Conflict of interest The author(s) have no competing interests to declare that are relevant to the content of this article.

Open Access

This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the

original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made.
The images or other third party material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons

licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need
to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/ /creativecommon

s.org/licenses/by/4.0/.

References

Ajzen, 1. (1991). The theory of planned behavior.
Organizational Behavior and Human Decision
Processes, 50(2), 179-211. https://doi.org/10.1016/0749-
5978(91)90020-t

Aprianingsih, A, Nusantara, B. D., Maharatie, A. P,
& Widyasthana, G. S. (2024). Factors Influencing
Indonesian Mobile Gamers on Repurchase Intention in
Freemium Mobile Game With Perval. Indonesian Journal
of Business and Entrepreneurship. https://doi.org/10.
17358/ijbe10.2.351

Ashilah, F. D., Efendi, N. H., Havara, Y. F,, Handayani, P. W., &
Harahap, N. C. (2025). An Analysis of Factors Impacting
Users' Choice of Freemium or Premium Services in
a Mobile-Assisted Language Learning App. Electronic
Journal of E-Learning, 23(1), 66-80. https://doi.org/10.
34190/ejel.23.1.3894

Bansal, H. S. (2005). “Migrating" to New Service Providers:
Toward a Unifying Framework of Consumers' Switching
Behaviors. Journal of the Academy of Marketing Science,
33(1), 96-115. https:/ /doi.org/10:1177/0092070304267928

Biraglia, A., Bowen, K. T., Gerrath, M. H., & Musarra, G.
(2022). How need for closure and deal proneness shape
consumers' freemium versus premium price choices.
Journal of Business Research, 143, 157-170. https://doi.
org/10.1016/j.jbusres.2022.01.064

Boerman, S. C., Kruikemeier, S., & Zuiderveen Borgesius,
F.J. (2017). Online Behavioral Advertising: A Literature
Review and Research Agenda. Journal of Advertising,
46(3), 363-376. https://doi.org/10:1080/00913367.2017.
1339368

Bogue, D. ). (1969). Principles of demography. Wiley.

Bogue, D. J. (1977). A Migrant's-Eye View of the Costs and
Benefits of Migration to a Metropolis11The study on
which this article is based was financed by a grant
from the Ford Foundation for research on “Problems of
Living in the Metropolis.". In Internal Migration (pp. 167-

13 (2), 99-136

182). Elsevier. https:/ /doi.org/10.1016/b978-0-12-137350-
4.50016-0

Briiggemann, P, & Lehmann-Zschunke, N. (2023). How to
reduce termination on freemium platforms-literature
review and empirical analysis. Journal of Marketing
Analytics, 11(4), 707-721. https:/ /doi.org/10.1057/s41270-
023-00212-y

Buildfire. (2024, December). Mobile App Download
Statistics & Usage Statistics. https:/ /buildfire.com/app-
statistics/

Cao, C., Zheng, M., Huang, S, & Shao, X. (2025).
How do subscription-based products hook users?
SaaS user satisfaction and~continued purchasing
from information ecology perspective. Industrial
Management &amp; Data Systems, 1-41. https:/ /doi.
org/10.1108/imds-05-2024-0436

Casidy, R., & Wymer, W. (2016). A risk worth taking:
Perceived risk as moderator of satisfaction, loyalty, and
willingness-to-pay premium price. Journal of Retailing
and Consumer Services, 32, 189-197. https:/ /doi.org/10.
1016/].jretconser.2016.06.014

Chang, H. H., Wong, K. H., & Li, S. Y. (2017). Applying
push-pull-mooring to investigate channel switching
behaviors: M-shopping self-efficacy and switching costs
as moderators. Electronic Commerce Research and
Applications, 24, 50-67. https:/ /doi.org/10.1016/j.elerap.
2017.06.002

Chang, 1.-C., Liu, C.-C., & Chen, K. (2014). The push, pull
and mooring effects in virtual migration for social
networking sites. Information Systems Journal, 24(4),
323-346. https://doi.org/10.1111/isj12030

Chen, J. V,, Ha, Q. A, Widjaja, A. E., & Lien, N. T. (2023). To
switch or not to switch Investigating users' switching
behaviours of fitness wearable devices. International
Journal of Mobile Communications, 21(1), 95. https:/ /doi.
0rg/10:1504/ijmc.2023:127385

126


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/0749-5978(91)90020-t
https://doi.org/10.1016/0749-5978(91)90020-t
https://doi.org/10.17358/ijbe.10.2.351
https://doi.org/10.17358/ijbe.10.2.351
https://doi.org/10.34190/ejel.23.1.3894
https://doi.org/10.34190/ejel.23.1.3894
https://doi.org/10.1177/0092070304267928
https://doi.org/10.1016/j.jbusres.2022.01.064
https://doi.org/10.1080/00913367.2017.1339368
https://doi.org/10.1080/00913367.2017.1339368
https://doi.org/10.1016/b978-0-12-137350-4.50016-0
https://doi.org/10.1016/b978-0-12-137350-4.50016-0
https://doi.org/10.1057/s41270-023-00212-y
https://doi.org/10.1057/s41270-023-00212-y
https://buildfire.com/app-statistics/
https://buildfire.com/app-statistics/
https://doi.org/10.1108/imds-05-2024-0436
https://doi.org/10.1016/j.jretconser.2016.06.014
https://doi.org/10.1016/j.jretconser.2016.06.014
https://doi.org/10.1016/j.elerap.2017.06.002
https://doi.org/10.1016/j.elerap.2017.06.002
https://doi.org/10.1111/isj.12030
https://doi.org/10.1504/ijmc.2023.127385

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ...

Chi, M., Wang, J., Luo, X,, & Li, H. (2021). Why travelers
switch to the sharing accommodation platforms? A
push-pull-mooring framework. International Journal of
Contemporary Hospitality Management, 33(12), 4286-
4310. https:/ /doi.org/10.1108/ijchm-02-2021-0253

Cosmo, L. M. de, Piper, L., & Di Vittorio, A. (2021). The
role of attitude toward chatbots and privacy concern
on the relationship between attitude toward mobile
advertising and behavioral intent to use chatbots.
Italian Journal of Marketing, 2021(1-2), 83-102. https://
doi.org/10.1007/s43039-021-00020-1

Dinsmore, J. B., Swani, K., & Dugan, R. G. (2017). To ~Free" or
Not to “Free": Trait Predictors of Mobile App Purchasing
Tendencies. Psychology &amp; Marketing, 34(2), 227-
244, https:/ /doi.org/101002/mar.20985

Dou, W. (2004). Will Internet Users Pay for Online Content?.
Journal of Advertising Research, 44(4), 349-359. https://
doi.org/10.1017/s0021849904040358

Egelman, S., Felt, A. P, & Wagner, D. (2013). Choice
Architecture and Smartphone Privacy: There's a Price
for That. In The Economics of Information Security
and Privacy (pp. 211-236). Springer Berlin Heidelberg.
https:/ /doi.org/101007/978-3-642-39498-0_10

Fan, L., Zhang, X., Rai, L., & Du, Y. (2021). Mobile Payment:
The Next Frontier of Payment Systems? - An Empirical
Study Based on Push-Pull-Mooring Framework. Journal
of Theoretical and Applied Electronic Commerce
Research, 16(2), 164-178. https:/ /doi.org/10.4067/s0718-
18762021000200111

Fernandes, T, Joa, N., & Guerra, O. (2019). Drivers
and deterrents of music streaming services purchase
intention. International Journal of Electronic Business,
15(1), 21. https:/ /doi.org/101504/ijeb.2019.099061

Forbes. (2022, January). Understanding The Differences
In Mobile App Use Across Generations. https://
www.forbes.com/councils/forbestechcouncil/2022/01/
12/understanding-the-differences-in-mobile-app-use-
across-generations/

Forsythe, S. M., & Shi, B. (2003). Consumer patronage
and risk perceptions in Internet shopping. Journal of
Business Research, 56(11), 867-875. https:/ /doi.org/10.
1016/s0148-2963(01)00273-9

GSMA. (2025). The Mobile Economy 2025. https://
www.gsma.com/solutions-and-impact/connectivity-
for-good/mobile-economy/

Gu, J.,, Wang, X., & Lu, T. (2020). | like my app but | wanna
try yours: exploring user switching from a learning
perspective. Internet Research, 30(2), 611-630. https://
doi.org/10.1108/intr-07-2018-0310

Guo, M. (2022). The Impacts of Service Quality, Perceived
Value, and Social Influences on Video Streaming

13 (2), 99-136

Oztiirk, 2025

Service Subscription. International Journal on Media
Management, 24(2), 65-86. https://doi.org/10.1080/
14241277.2022.2089991

Hair, ). F,, Hult, G. T. M,, Ringle, C. M., Sarstedt, M., Danks,
N. P, & Ray, S. (2021). Partial Least Squares Structural
Equation Modeling (PLS-SEM) Using R: A Workbook.
Springer International Publishing. https://doi.org/10.
1007/978-3-030-80519-7

Hair, J. F, Risher, J. )., Sarstedt, M., & Ringle, C. M. (2019).
When to use and how to report the results of PLS-SEM.
European Business Review, 31(1), 2-24. https:/ /doi.org/
10.1108/ebr-11-2018-0203

Hamari, )., Hanner, N., & Koivisto, J. (2020). “Why pay
premium in freemium services?" A study on perceived
value, continued use and purchase intentions in free-
to-play games. International Journal of Information
Management, 51, 102040. https://doi.org/10:1016/].
ijinfomgt.2019.102040

Harris, M. A., Brookshire, R, & Chin, A. G. (2016).
Identifying factors influencing consumers' intent to
install mobile applications. International Journal of
Information Management, 36(3), 441-450. https:/ /doi.
org/10.1016/j.ijinfomgt.2016.02.004

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new
criterion for assessing discriminant validity in variance-
based structural equation modeling. Journal of the
Academy of Marketing Science, 43(1), 115-135. https://
doi.org/10.1007/s11747-014-0403-8

Henseler, )., Ringle, C. M., & Sarstedt, M. (2016). Testing
measurement invariance of composites using partial
least squares. International Marketing Review, 33(3),
405-431. https:/ /doi.org/10.1108/imr-09-2014-0304

Hsu, C.-L., & Chen, M.-C. (2018). How does gamification
improve user experience? An empirical investigation on
the antecedences and consequences of user experience
and its mediating role. Technological Forecasting and
Social Change, 132, 118-129. https://doi.org/101016/].
techfore.2018.01.023

Hsu, C.-L., & Lin, J. C.-C. (2015). What drives purchase
intention for paid mobile apps? - An expectation
confirmation model with perceived value. Electronic
Commerce Research and Applications, 14(1), 46-57.
https:/ /doi.org/10.1016/j.elerap.2014.11.003

Hsu, C.-L., & Lin, J. C.-C. (2016). Effect of perceived value
and social influences on mobile app stickiness and
in-app purchase intention. Technological Forecasting
and Social Change, 108, 42-53. https://doi.org/10.1016/
j.techfore.2016.04.012

Hsu, P--F,, & Tsai, W.-C. (2017). From Free to Pay: A Three-
Stage Freemium Strategy. ICIS 2017 Proceedings, 20.

127


https://doi.org/10.1108/ijchm-02-2021-0253
https://doi.org/10.1007/s43039-021-00020-1
https://doi.org/10.1002/mar.20985
https://doi.org/10.1017/s0021849904040358
https://doi.org/10.1007/978-3-642-39498-0_10
https://doi.org/10.4067/s0718-18762021000200111
https://doi.org/10.4067/s0718-18762021000200111
https://doi.org/10.1504/ijeb.2019.099061
https://www.forbes.com/councils/forbestechcouncil/2022/01/12/understanding-the-differences-in-mobile-app-use-across-generations/
https://www.forbes.com/councils/forbestechcouncil/2022/01/12/understanding-the-differences-in-mobile-app-use-across-generations/
https://www.forbes.com/councils/forbestechcouncil/2022/01/12/understanding-the-differences-in-mobile-app-use-across-generations/
https://www.forbes.com/councils/forbestechcouncil/2022/01/12/understanding-the-differences-in-mobile-app-use-across-generations/
https://doi.org/10.1016/s0148-2963(01)00273-9
https://doi.org/10.1016/s0148-2963(01)00273-9
https://www.gsma.com/solutions-and-impact/connectivity-for-good/mobile-economy/
https://www.gsma.com/solutions-and-impact/connectivity-for-good/mobile-economy/
https://www.gsma.com/solutions-and-impact/connectivity-for-good/mobile-economy/
https://doi.org/10.1108/intr-07-2018-0310
https://doi.org/10.1080/14241277.2022.2089991
https://doi.org/10.1080/14241277.2022.2089991
https://doi.org/10.1007/978-3-030-80519-7
https://doi.org/10.1007/978-3-030-80519-7
https://doi.org/10.1108/ebr-11-2018-0203
https://doi.org/10.1016/j.ijinfomgt.2019.102040
https://doi.org/10.1016/j.ijinfomgt.2019.102040
https://doi.org/10.1016/j.ijinfomgt.2016.02.004
https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.1108/imr-09-2014-0304
https://doi.org/10.1016/j.techfore.2018.01.023
https://doi.org/10.1016/j.techfore.2018.01.023
https://doi.org/10.1016/j.elerap.2014.11.003
https://doi.org/10.1016/j.techfore.2016.04.012
https://doi.org/10.1016/j.techfore.2016.04.012

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

Hsu, P.-F, Yen, H.-R. R,, Hu, P. J.-H., & Nguyen, T. K. (2024).
Converting free users to paying customers in freemium
services: a SaaS success model. Information Systems
and E-Business Management, 23(2), 355-390. https://
doi.org/10.1007/s10257-024-00690-2

Hittel, B. A., Schumann, J. H., Mende, M., Scott, M. L.,
& Wagner, C. J. (2018). How Consumers Assess Free
E-Services: The Role of Benefit-Inflation and Cost-
Deflation Effects. Journal of Service Research, 21(3), 267-

Kuo, R.-Z. (2020). Why do people switch mobile payment
service platforms? An empirical study in Taiwan.
Technology in Society, 62, 101312. https://doi.org/10.
1016/j.techs0c.2020.101312

Lambrecht, A, & Skiera, B. (2006). Paying Too Much
and Being Happy about It: Existence, Causes, and
Consequences of Tariff-Choice Biases. Journal of
Marketing Research, 43(2), 212-223. https:/ /doi.org/10.
1509/jmkr.43.2.212

283. https:/ /doi.org/10.1177/1094670517746779 ) ) )
Liao, J., Li, M., Wei, H., & Tong, Z. (2021). Antecedents

Kang, J.-W. & Namkung, Y. (2019). The role of of smartphone brand switching: a push-pull-mooring
personalization on continuance intention in food framework. Asia Pacific Journal of Marketing and
service mobile apps: A privacy calculus perspective. Logistics, 33(7), 1596-1614. https://doi.org/10.1108/
International Journal of Contemporary Hospitality apjml-06-2020-0397

Management, 31(2), 734-752. https:/ /doi.org/10.1108/

. Lin, K.-Y., Wang, Y.-T., & Huang, T. K. (2020). Explorin
ijchm-12-2017-0783 g g (2020). Exploring

the antecedents of mobile payment service usage:

Kim, D. )., Ferrin, D. L, & Rao, H. R. (2008). A trust- Perspectives based on cost-benefit theory, perceived
based consumer decision-making model in electronic value, and social influences. Online Information Review,
commerce: The role of trust, perceived risk, and their 44(1), 299-318. https:/ /doi.org/10.1108/0ir-05-2018-0175

antecedents. Decision Support Systems, 44(2), 544-564.

. . Lin, T. C,, Hsu, J. S. C., & Chen, H. C. (2013). Customer
https:/ /doi.org/10.1016/].dss.2007.07.001 J (2013)

willingness to pay for online music: The role of free
Kim, H.-W., Gupta, S., & Koh, J. (2011). Investigating mentality. Journal of Electronic Commerce Research,
the intention to purchase digital items in social 14(4), 315-333.

networking communities: A customer value perspective. . .
Liu, Z., (Chris) Zhao, Y., Chen, S., Song, S., Hansen, P, &

Information &amp; Management, 48(6), 228-234. . o
Zhu, Q. (2021). Exploring askers' switching from free to

https:/ /doi.org/101016/j.im.2011.05.004 ) ) . .
paid social Q&amp;A services: A perspective on the

Kim, H.-Y., Lee, J. Y, Mun, J. M., & Johnson, K. push-pull-mooring framework. Information Processing
K. P. (2017). Consumer adoption of smart in-store &amp; Management, 58(1), 102396. https://doi.org/10.
technology: assessing the predictive value of attitude 1016/j.ipm.2020.102396

versus beliefs in the technology acceptance model.
International Journal of Fashion Design, Technology
and Education, 10(1), 26-36. https://doi.org/10.1080/
17543266.2016.1177737

Mahmoodi, J., Curdova, J., Henking, C., Kunz, M., Mati¢, K.,
Mohr, P, & Vovko, M. (2018). Internet Users' Valuation
of Enhanced Data Protection on Social Media: Which
Aspects of Privacy Are Worth the Most?. Frontiers in

Kleijnen, M., Ruyter, K. de, & Wetzels, M. (2007). An Psychology, 9. https:/ /doi.org/10.3389/fpsyg.2018.01516
assessment of value creation in mobile service delivery
and the moderating role of time consciousness. Journal
of Retailing, 83(1), 33-46. https://doi.org/10.1016/j.
jretai.2006.10.004

Malhotra, N. K., Kim, S. S., & Agarwal, J. (2004). Internet
Users' Information Privacy Concerns (IUIPC): The
Construct, the Scale, and a Causal Model. Information
Systems Research, 15(4), 336-355. https://doi.org/10.

Kock, N. (2015). One-Tailed or Two-Tailed P Values in PLS- 1287/isre1040.0032
SEM?. International Journal of E-Collaboration, 11(2), 1-7.

. .. Mani, Z., & Choulk, I. (2017). Drivers of consumers' resistance
https://doi.org/10.4018/ijec.2015040101

to smart products. Journal of Marketing Management,
Krishnan, G., & Raghuram, J. N. V. (2024). Exploring factors 33(1-2), 76-97. https://doi.org/101080/0267257x.2016.
and contextual applications of the Push-Pull Mooring 1245212
(PPM) framework in switching intention: A systematic
literature review. Multidisciplinary Reviews, 7(1),
2024003. https:/ /doi.org/10.31893/multirev.2024003

Mani, Z.,, & Chouk, I. (2018). Consumer Resistance to
Innovation in Services: Challenges and Barriers in the
Internet of Things Era. Journal of Product Innovation

Kramer, A, & Kalka, R. (2016). How Digital Disruption Management, 35(5), 780-807. https://doi.org/10.1111/
Changes Pricing Strategies and Price Models. jpim.12463
In Phantom Ex Machina (pp. 87-103). Springer
International Publishing. https://doi.org/10.1007/978-3-
319-44468-0_6

Martins, J., & Rodrigues, R. (2024). Motivations in
the adoption and conversion of freemium services:
insights for digital entrepreneurship. Review of

13 (2), 99-136 128



https://doi.org/10.1007/s10257-024-00690-2
https://doi.org/10.1177/1094670517746779
https://doi.org/10.1108/ijchm-12-2017-0783
https://doi.org/10.1108/ijchm-12-2017-0783
https://doi.org/10.1016/j.dss.2007.07.001
https://doi.org/10.1016/j.im.2011.05.004
https://doi.org/10.1080/17543266.2016.1177737
https://doi.org/10.1080/17543266.2016.1177737
https://doi.org/10.1016/j.jretai.2006.10.004
https://doi.org/10.1016/j.jretai.2006.10.004
https://doi.org/10.4018/ijec.2015040101
https://doi.org/10.31893/multirev.2024003
https://doi.org/10.1007/978-3-319-44468-0_6
https://doi.org/10.1007/978-3-319-44468-0_6
https://doi.org/10.1016/j.techsoc.2020.101312
https://doi.org/10.1016/j.techsoc.2020.101312
https://doi.org/10.1509/jmkr.43.2.212
https://doi.org/10.1509/jmkr.43.2.212
https://doi.org/10.1108/apjml-06-2020-0397
https://doi.org/10.1108/apjml-06-2020-0397
https://doi.org/10.1108/oir-05-2018-0175
https://doi.org/10.1016/j.ipm.2020.102396
https://doi.org/10.1016/j.ipm.2020.102396
https://doi.org/10.3389/fpsyg.2018.01516
https://doi.org/10.1287/isre.1040.0032
https://doi.org/10.1287/isre.1040.0032
https://doi.org/10.1080/0267257x.2016.1245212
https://doi.org/10.1080/0267257x.2016.1245212
https://doi.org/10.1111/jpim.12463
https://doi.org/10.1111/jpim.12463

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ...

Managerial Science, 19(7), 2127-2148. https:/ /doi.org/10.
1007/511846-024-00754-0

Marx, T. (2025). The push-pull-mooring model of consumer
service switching: a~meta-analytical review to guide
future research. Journal of Service Theory and Practice,
35(7), 1-29. https:/ /doi.org/10.1108/jstp-06-2024-0201

Mohd-Any, A. A, Sarker, M., & Hui, F. L. Z. (2024).
Understanding users' switching intention of cloud
storage services: A push-pull-mooring framework.
Journal of Consumer Behaviour, 23(2), 748-768. https://
doi.org/10.1002/cb.2239

Moon, B. (1995). Paradigms in migration research:
exploring “moorings" as a schema. Progress in
Human Geography, 19(4), 504-524. https:/ /doi.org/10.
1177/030913259501900404

Mantymaki, M., Islam, A. N., & Benbasat, I. (2020). What
drives subscribing to premium in freemium services?
A consumer value-based view of differences between
upgrading to and staying with premium. Information
Systems Journal, 30(2), 295-333. https:/ /doi.org/101111/
isj12262

Nandi, S., Nandi, M. L., & Khandker, V. (2021). Impact of
perceived interactivity and perceived value on mobile
app stickiness: an emerging economy perspective.
Journal of Consumer Marketing, 38(6), 721-737. https:/ /
doi.org/10.1108/jcm-02-2020-3661

Niemand, T., Mai, R., & Kraus, S. (2019). The zero-price
effect in freemium business models: The moderating
effects of free mentality and price-quality inference.
Psychology &amp; Marketing, 36(8), 773-790. https:/ /
doi.org/10.1002/mar.21211

Niemand, T,, Tischer, S., Fritzsche, T, & Kraus, S. (2015, ). The
freemium effect: Why consumers perceive more value
with free than with premium offers. Proceedings of the
International Conference on Information Systems (ICIS
2015).

Norberg, P.A.,, Horne, D. R., & Horne, D. A. (2007). The Privacy
Paradox: Personal Information Disclosure Intentions
versus Behaviors. Journal of Consumer Affairs, 41(1),
100-126. https://doi.org/10.1111/j1745-6606.2006.00070.
X

Nugroho, A, & Wang, W.-T. (2023). Consumer switching
behavior to an augmented reality (AR) beauty product
application: Push-pull mooring theory framework.
Computers in Human Behavior, 142, 107646. https:/ /doi.
0rg/10:1016/j.chb.2022.107646

0'Brien, D. (2022). Free lunch for all? - A path analysis
on free mentality, paying intent and media budget for
digital journalism. Journal of Media Economics, 34(1),
29-61. https:/ /doi.org/10.1080/08997764.2022.2060241

13 (2), 99-136

Oztiirk, 2025

Okazaki, S., & Mendez, F. (2013). Perceived Ubiquity in
Mobile Services. Journal of Interactive Marketing, 27(2),
98-111. https:/ /doi.org/10:1016/j.intmar.2012:10.001

Oquendo, M. A,, Baca-Garcia, E., Graver, R., Morales, M.,
Montalvan, V., & Mann, J. J. (2001). Spanish adaptation
of the Barratt Impulsiveness Scale (BIS-11). European
Journal of Psychiatry, 15(3), 147-155.

Pauwels, K., & Weiss, A. (2008). Moving from Free to Fee: How
Online Firms Market to Change Their Business Model
Successfully. Journal of Marketing, 72(3), 14-31. https://
doi.org/10.1509/jmkg.72.3.014

Phan Trong, N., & Vo Thi Ngoc, T. (2024). Freemium
Users' Push-Pull Motivation and Willingness to Pay for
Conversion Intent from Free to Premium. Journal of
Distribution Science, 22(11), 27-38. https://doi.org/10.
15722/)DS.2211.202411.27

Podsakoff, P. M., Podsakoff, N. P, Williams, L. )., Huang,
C., & Yang, ). (2024). Common Method Bias: It's Bad,
It's Complex, It's Widespread, and It's Not Easy to
Fix. Annual Review of Organizational Psychology and
Organizational Behavior, 11(1), 17-61. https:/ /doi.org/10.
1146/annurev-orgpsych-110721-040030

Ribeiro, M. A, Seyfi, S., Elhoushy, S., Woosnam, K. M.,
& Patwardhan, V. (2023). Determinants of generation
Z pro-environmental travel behaviour: the moderating
role of green consumption values. Journal of
Sustainable Tourism, 33(6), 1079-1099. https:/ /doi.org/
10.1080/09669582.2023.2230389

Ross, N. (2018). Customer retention in freemium
applications. Journal of Marketing Analytics, 6(4), 127-
137. https:/ /doi.org/10:1057/541270-018-0042-x

Runge, )., Levay, J., & Nair, H. S. (2022). Price promotions and
“freemium" app monetization. Quantitative Marketing
and Economics, 20(2), 101-139. https:/ /doi.org/10.1007/s
11129-022-09248-3

Sarstedt, M., Hair, . F., Pick, M., Liengaard, B. D., Radomir, L.,
& Ringle, C. M. (2022). Progress in partial least squares
structural equation modeling use in marketing research
in the last decade. Psychology &amp; Marketing, 39(5),
1035-1064. https:/ /doi.org/101002/mar.21640

Seifert, R., Denk, J., Clement, M., Kandziora, M., & Meyn, J.
(2024). Conversion in Music Streaming Services. Journal
of Interactive Marketing, 59(2), 201-219. https:/ /doi.org/
10.1177/10949968231186950

Sheth, J. N., Newman, B. |, & Gross, B. L. (1991). Why we buy
what we buy: A theory of consumption values. Journal
of Business Research, 22(2), 159-170. https:/ /doi.org/10.
1016/0148-2963(91)90050-8

Singh, H., & Kathuria, A. (2023). Heterogeneity in passenger
satisfaction of bus rapid transit system among age
and gender groups: A PLS-SEM Multi-group analysis.

129


https://doi.org/10.1007/s11846-024-00754-0
https://doi.org/10.1007/s11846-024-00754-0
https://doi.org/10.1108/jstp-06-2024-0201
https://doi.org/10.1002/cb.2239
https://doi.org/10.1177/030913259501900404
https://doi.org/10.1177/030913259501900404
https://doi.org/10.1111/isj.12262
https://doi.org/10.1111/isj.12262
https://doi.org/10.1108/jcm-02-2020-3661
https://doi.org/10.1002/mar.21211
https://doi.org/10.1111/j.1745-6606.2006.00070.x
https://doi.org/10.1111/j.1745-6606.2006.00070.x
https://doi.org/10.1016/j.chb.2022.107646
https://doi.org/10.1080/08997764.2022.2060241
https://doi.org/10.1016/j.intmar.2012.10.001
https://doi.org/10.1509/jmkg.72.3.014
https://doi.org/10.15722/JDS.22.11.202411.27
https://doi.org/10.15722/JDS.22.11.202411.27
https://doi.org/10.1146/annurev-orgpsych-110721-040030
https://doi.org/10.1146/annurev-orgpsych-110721-040030
https://doi.org/10.1080/09669582.2023.2230389
https://doi.org/10.1057/s41270-018-0042-x
https://doi.org/10.1007/s11129-022-09248-3
https://doi.org/10.1007/s11129-022-09248-3
https://doi.org/10.1002/mar.21640
https://doi.org/10.1177/10949968231186950
https://doi.org/10.1016/0148-2963(91)90050-8
https://doi.org/10.1016/0148-2963(91)90050-8

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

Transport Policy, 141, 27-41. https://doi.org/10.1016/]. Turkay, P. B., Kose, S. G., & Kircova, I. (2020). Would you like
tranpol.2023.07.009 to be a premium customer a research on the factors
related to the intention to pay for a premium music
service. Pressacademia, 7(1), 42-52. https://doi.org/10.
17261/ Pressacademia.2020.1196

Statista. (2025a, February). Most popular app categories
worldwide in 2024, by downloads. https:/ /www.statista.
com/statistics/1497133/top-global-app-categories-by-
download/ Tyrvainen, 0., & Karjaluoto, H. (2024). Willingness to
. . L pay for freemium services: Addressing the differences

Statista. (2025b, May). Mobile app usage - statistics & facts. L . .

between monetization strategies. International Journal
of Information Management, 77, 102787. https:/ /doi.org/

101016/].ijinfomgt.2024.102787

https:/ /www.statista.com/topics/1002/mobile-app-

usage/?srsltid=AfmBOor14h)P7ZIFQhv0i5W6CzSMZV5_o

94wh7U3B2gHpi220F7FWV7Z#topicOverview

Voss, K. E., Spangenberg, E. R., & Grohmann, B. (2003).
Measuring the Hedonic and Utilitarian Dimensions
of Consumer Attitude. Journal of Marketing Research,
40(3), 310-320. https://doi.org/10.1509/jmkr.40.3.310.
19238

Stone, R. N., & Grnhaug, K. (1993). Perceived Risk: Further
Considerations for the Marketing Discipline. European
Journal of Marketing, 27(3), 39-50. https://doi.org/10.
1108/03090569310026637

sun, Y., Liu, D., Chen, S., Wu, X., Shen, X.-L., & Zhang, X. (2017).

. o ) . Wagner, T. M., & Hess, T. (2013, ). What drives users to pay for
Understanding users' switching behavior of mobile

. . L . freemium services? Examining people's willingness to
instant messaging applications: An empirical study . . . .
pay for music services. Proceedings of the 19th Americas

from the perspective of push-pull-mooring framework. .
persp P P g Conference of Information Systems (AMCIS 2013).

Computers in Human Behavior, 75, 727-738. https:/ /doi.
0rg/10.1016/j.chb.2017.06.014 Wagner, T. M., Benlian, A, & Hess, T. (2014). Converting
. freemium customers from free to premium-the role of
Sweeney, J. C., & Soutar, G. N. (2001). Consumer perceived . . . .
the perceived premium fit in the case of music as a
service. Electronic Markets, 24(4), 259-268. https:/ /doi.

0rg/10:1007/s12525-014-0168-4

value: The development of a multiple item scale. Journal

of Retailing, 77(2), 203-220. https://doi.org/10.1016/s

0022-4359(01)00041-0

Wang, C., Teo, T. S., & Liu, L. (2020). Perceived value and
continuance intention in mobile government service in
China. Telematics and Informatics, 48, 101348. https://
doi.org/10.1016/j.tele.2020.101348

sanchez-Fernandez, R., & Iniesta-Bonillo, M. A. (2009).
Efficiency and quality as economic dimensions of
perceived value: Conceptualization, measurement, and
effect on satisfaction. Journal of Retailing and
Consumer Services, 16(6), 425-433. https://doi.org/10. Wang, L., Luo, X, Yang, X, & Qiao, Z. (2019). Easy come
1016/j.jretconser.2009.06.003 or easy go? Empirical evidence on switching behaviors

in mobile payment applications. Information &amp;

Thi Nguyet Trang, T., Chien Thang, P, Thi Truong Nguyen, G., . L.
suy 8 g g Neuy Management, 56(7), 103150. https:/ /doi.org/10.1016/j.im.

& Thi Minh Nguyen, H. (2025). Factors driving Gen Z's

. i . 2019.02.005
news engagement on TikTok: A hybrid analysis through
CB-SEM and PLS-SEM. Computers in Human Behavior Wang, Y.-Y., Lin, H.-H., Wang, Y.-S., Shih, Y.-W., & Wang, S.-
Reports, 18, 100645. https://doi.org/10.1016/j.chbr.2025. T. (2018). What drives users' intentions to purchase a
100645 GPS Navigation app: The moderating role of perceived

availability of free substitutes. Internet Research, 28(1),

Trivedi, )., Kasilingam, D., Arora, P, & Soni, S. (2022). The . .
251-274. https:/ /doi.org/10.1108/intr-11-2016-0348

effect of augmented reality in mobile applications on

consumers' online impulse purchase intention: The Wu, T, Jiang, N., & Chen, M. (2025). The role of
mediating role of perceived value. Journal of Consumer cognitive factors in consumers' perceived value and
Behaviour, 21(4), 896-908. https://doi.org/101002/ch. subscription intention of video streaming platforms.
2047 Acta Psychologica, 254, 104758. https:/ /doi.org/10.1016/

. - j.actpsy.2025.104758
Tsai, ). Y., Egelman, S., Cranor, L., & Acquisti, A. (2011).

The Effect of Online Privacy Information on Purchasing Xu, Y., Yang, Y. Cheng, Z, & Lim, ). (2014). Retaining
Behavior: An Experimental Study. Information Systems and attracting users in social networking services:
Research, 22(2), 254-268. https://doi.org/10.1287/isre. An empirical investigation of cyber migration. The
1090.0260 Journal of Strategic Information Systems, 23(3), 239-253.

. . o https:/ /doi.org/10.1016/].jsis.2014.03.002
Tsai, L. L. (2023). A deeper understanding of switching

intention and the perceptions of non-subscribers. Yan, J., & Wakefield, R. (2018). The freemium (two-tiered)
Information Technology &amp; People, 36(2), 785-807. model for individual cloud services: Factors bridging
https:/ /doi.org/101108/itp-04-2021-0255

13 (2), 99-136 130



https://doi.org/10.1016/j.tranpol.2023.07.009
https://doi.org/10.1016/j.tranpol.2023.07.009
https://www.statista.com/statistics/1497133/top-global-app-categories-by-download/
https://www.statista.com/statistics/1497133/top-global-app-categories-by-download/
https://www.statista.com/statistics/1497133/top-global-app-categories-by-download/
https://www.statista.com/topics/1002/mobile-app-usage/?srsltid=AfmBOor14hJP7ZlFQhv0i5W6CzSMZv5_o94wh7U3B2gHpi220F7FWV7Z#topicOverview
https://www.statista.com/topics/1002/mobile-app-usage/?srsltid=AfmBOor14hJP7ZlFQhv0i5W6CzSMZv5_o94wh7U3B2gHpi220F7FWV7Z#topicOverview
https://www.statista.com/topics/1002/mobile-app-usage/?srsltid=AfmBOor14hJP7ZlFQhv0i5W6CzSMZv5_o94wh7U3B2gHpi220F7FWV7Z#topicOverview
https://doi.org/10.1108/03090569310026637
https://doi.org/10.1108/03090569310026637
https://doi.org/10.1016/j.chb.2017.06.014
https://doi.org/10.1016/s0022-4359(01)00041-0
https://doi.org/10.1016/s0022-4359(01)00041-0
https://doi.org/10.1016/j.jretconser.2009.06.003
https://doi.org/10.1016/j.jretconser.2009.06.003
https://doi.org/10.1016/j.chbr.2025.100645
https://doi.org/10.1016/j.chbr.2025.100645
https://doi.org/10.1002/cb.2047
https://doi.org/10.1002/cb.2047
https://doi.org/10.1287/isre.1090.0260
https://doi.org/10.1287/isre.1090.0260
https://doi.org/10.1108/itp-04-2021-0255
https://doi.org/10.17261/Pressacademia.2020.1196
https://doi.org/10.17261/Pressacademia.2020.1196
https://doi.org/10.1016/j.ijinfomgt.2024.102787
https://doi.org/10.1509/jmkr.40.3.310.19238
https://doi.org/10.1509/jmkr.40.3.310.19238
https://doi.org/10.1007/s12525-014-0168-4
https://doi.org/10.1016/j.tele.2020.101348
https://doi.org/10.1016/j.im.2019.02.005
https://doi.org/10.1016/j.im.2019.02.005
https://doi.org/10.1108/intr-11-2016-0348
https://doi.org/10.1016/j.actpsy.2025.104758
https://doi.org/10.1016/j.actpsy.2025.104758
https://doi.org/10.1016/j.jsis.2014.03.002

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

the freetier and the paying tier. Journal of Information
Technology Management, 29(1), 47-61.

Yang, M., Jiang, )., Kiang, M., & Yuan, F. (2022). Re-Examining
the Impact of Multidimensional Trust on Patients'
Online Medical Consultation Service Continuance
Decision. Information Systems Frontiers, 24(3), 983-1007.
https://doi.org/10.1007/s10796-021-10117-9

Yang, X. (2024). Mobile learning application characteristics
and learners' continuance intentions: The role of flow
experience. Education and Information Technologies,
29(2), 2259-2275. https://doi.org/10:1007/510639-023-
11910-6

Ye, C., & Potter, R. (2011). The Role of Habit in Post-Adoption
Switching of Personal Information Technologies:
An Empirical Investigation. Communications of the
Association for Information Systems, 28. https://doi.
org/10.17705/1cais.02835

Yoon, C., & Lim, D. (2021). Customers' Intentions to Switch
to Internet-Only Banks: Perspective of the Push-Pull-
Mooring Model. Sustainability, 13(14), 8062. https://doi.
org/10.3390/su13148062

Zeithaml, V. A. (1988). Consumer Perceptions of Price,
Quality, and Value: A Means-End Model and Synthesis of
Evidence. Journal of Marketing, 52(3), 2-22. https://doi.
org/10.1177/002224298805200302

Oztiirk, S. (2025). Innovative Marketing Approaches in
the Digital Era-The Transformation of Businesses
and Marketing Mix Strategies. In Multidisciplinary
Approaches to Contemporary Marketing (pp. 3-44).
Springer Nature Switzerland. https://doi.org/10.1007/
978-3-031-78026-4_1

13 (2), 99-136 131



https://doi.org/10.1007/s10796-021-10117-9
https://doi.org/10.1007/s10639-023-11910-6
https://doi.org/10.1007/s10639-023-11910-6
https://doi.org/10.17705/1cais.02835
https://doi.org/10.3390/su13148062
https://doi.org/10.1177/002224298805200302
https://doi.org/10.1007/978-3-031-78026-4_1
https://doi.org/10.1007/978-3-031-78026-4_1

Determining how application type moderates Gen Z consumers' intentions to switch to paid mobile services: A study of ... Oztiirk, 2025

Appendix
Appendix 1. Measures
Constructs Constructs Sources
PROF1 | worry about the performance of free apps.
PROF2 I'm concerned that the benefits offered by free apps are insufficient.
PROF3 I'm concerned that free apps are not user-friendly in terms of performance.
Perceived

) PROF4 Free apps are often time-consuming because they contain ads. B
Sacrifices o d that d Kleijnen et al. (2007);
. PROF5 I'm concern T may n rovi re service.
(Perceived 5 concerned that free apps may not provide a secure service Stone & Grnhaug (1993)

Risk) PROF6 | worry about the privacy of my personal information in free apps.

G Free apps share my information with other individuals/organizations to benefit
advertisers.

PROF8 | worry about the security of my personal information in free apps.

DWF1 [I've generally been dissatisfied with the free apps I've used in the past.*
o . DWF2 The free apps I've used haven’t satisfied me.*
Dissatisfaction . . Mohd-Any et al. (2024)
DWF3 I'm contended with my decision to use free apps.

DWF4 Free apps are never satisfying.*

AC1  It'simportant for an app to have a high rating.
AC2  It'simportant for an app to have positive user reviews.
AC3  It'simportant for an app to have a high number of downloads (popularity).

The Application AC4  The storage space an app will take up is important.

Characteristics The permissions requested when | want to download/use the app are important )
. AC5 . Harris et al. (2016); Hsu &
& Perceived (camera, microphone, access to my contacts, etc.). Lin ( )
o in (2015
Positive AC6  The extent to which the app meets my needs is important.
Reputation AC7  The extent to which the app contains ads is important.
AC8 It's important for the app to personalize the service for me.
AC9 The reputation of the app owner/brand is important.
AC10 It's important that | trust the app owner/brand.
QV1  The apps are well-designed.
QV2 The apps have an acceptable quality standard.
QVv3  The apps offer consistent quality.
PV1  The app prices are reasonable.
Perceived Hsu & Lin (2015); Sweeney
PV2  The apps are value for money.
Value & Soutar (2001)
PV3  The app quality is good for the price.
EV1 Using the apps makes me feel relaxed.
EV2 I enjoy using the apps.
EV3  Using the apps makes me feel good.
The premium version of the apps in this category is
ATF1  (...) Very Necessary-Not Necessary at All
. ATF2  (...) Very Useful-Not Useful at All Kim et al. (2017); Voss et al.
Attitude . )
ATF3  (...) Very Beneficial-Not Beneficial at All (2003)
ATF4  (...) Very Good-Not Good at All
ATF5  (...) Very Fun-Not Fun at All
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Constructs Constructs Sources
ATF6 (...) Very Enjoyable-Not Enjoyable at All
ATF7  (...) Very Attractive-Not Attractive at All
AOFA1 There are many free alternatives to paid apps in the app market.
Ui gy AOFA2 Free alternatives to paid apps meet my needs.
of Free Hsu & Lin (2015)
Alternatives AOFA3 Free alternatives to paid apps offer good quality.
AOFA4 | can find free alternatives to paid apps.
FM1  The internet should be free, so we shouldn’t pay for any content.
FM2  Providing free content fits the internet’s original purpose to provide information. )
Free Mentality = FM3  Advertisers, not users, should be paying for online content. Htsulezzaoligozl;); Niemand
FM4  Online information or software should be free. o
FM5  The price | pay for an application is important factor for me.
PQI1  Generally, the higher the price of a product or service, the higher its quality.
Price-Quality . . .
e PQI2 The saying “You get what you pay for” generally rings true. Niemand et al. (2019)
PQI3 The price of a product is a good indicator of its quality.
PC1 I'm concerned about threats to the privacy of my personal information.
PC2 I refuse to provide requested personal information and leave the website/app.
Privacy e It bothers me to give personal information so | distort information when Malhotra et al. (2004);
Concern providing it. Mani & Chouk (2017)
PC4 1do notaccurately reflect my personal information.
PC5 I worry about the security of my personal information.
SI I would consider upgrading from the free app to the paid version.
Switching SI2 I plan to upgrade from the free app to the paid version. Mohd-Any et al. (2024);
Intention SI3 I would rather stop using the free app and opt for the paid version. Sun et al. (2017)
Sl4 The chance of my switching to the paid app version in the future is high.
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PPROF PSROF DWF AC PR Qv PV EV ATP AOFA FM PQl PC SI
PROF1  0.847 0.479 0.260 0.069 0155  0.044 0.121 014  -0.011  0.015 0.013  0.386 071 0.292
PROF2 0.896  0.441 0.353 -0.022 0180 -0.021 0159 0.051 -0.089 -0.100 0.01 0.274 0.071 0.332
PROF3  0.861 0.504 0388 -0.069 0182 -0.005 0.105 0112 -0.010 0.059 0123 0.290 0.167 0.314
PROF6  0.548  0.976 0.154 0.005 0.185 0.150 0.126 0.098 0.014  0.042 0.110 0.244 0348  0.264
PROF7  0.363 0.753 -0.014  0.40 0132 0.110 0107  0.040 -0.018 0.059 0.094 0105 0.206  0.087
DWF1 0.351 0.131 0.884 -0.064 0.093 0.039 0.115 0.086 -0.077  0.057 0.063  0.337  0.051 0.307
DWF2  0.350 0.123 0931 -0103 0.098 -0.038 0132 0.070  -0.017  0.022 0.078 0.362  0.019 0.347
DWF4  0.343 0.077 0.887 -0.047 0116 -0.052 0.41 0.074 -0.032  0.011 0.010  0.412  0.051 0.324
AC1 -0.004 0.048 -0109 0.924 0355 0.244 0.134 0185  0.095 0.144 0.047  0.012 0.181 0.101
AC2 -0.015 0.029 -0.037 0917 0.349 0195 0.097 0168  0.060 0.148 0.016  0.017 0.182 0.096
AC10 0.145 0.222 0.013 0.339 0.798 0114 0.142 0.120 0.030 0.046  0.098 0.137 0.307 0.211
AC8 0158 0.016 0145 0.303 0.771  0.042 0.21 0184  0.024  0.025 0.016 0.169 0.118 0.255
AC9 0.170 0.243 0.102 0.259 0.807 0.054 0.169 0.168 0.087 0.062  0.055 0.173 0.270 0.184
Qv 0.023 0.108 0.045 0.172 0.082 0.925 0.381 0.518 0171 0.108 0.109 0.170 0.186 0.259
Qv2 -0.005 0171  -0.033  0.281 0102  0.874 0.351 0.486  0.108 0.134 0141 0114 0.223 0.160
Qv3 -0.017 0148 -0123 0.213 0.041 0.855 0.409 0.511 0133 0.124 0109 0.080  0.225 0132
PV1 0.140 0.138 0.159 0.094 0185 0383 0.875 0.412 0173  -0.089 -0.072 0.258 04125 0.394
PV2 0.166 0.085 04125 0123 0.203 0.408 0.919 0.524 0162 -0.048 -0.011 0.294 0.174 0.453
PV3 0.091 0.139 0.106 0123 0.217 0353 0910 0.460 0179  -0.078 -0.074  0.251 0.138 0.397
EV1 0.150 0.091 0.108 0.122 0.172 0.497 0506 0905 0198 -0.043 0.032 0253 0100 0.301
EV2 0.036  0.092 0.039 0.205 0.153 0.589 0.459 0905 0190 0.024  0.060 0177 0176 0.225
EV3 0.080  0.061 0.072  0.205 0.216  0.460 0.431 0.894 0152 0.034 0.077  0.280  0.199 0.255
ATP1T  -0.015 0.024 -0.007 0.055 0.063 0144 0.208 0179 0970 -0.122 -0.098 0144  0.035 0.222
ATP2  -0123 -0.030 -0186  0.116 0.010 0.176 0.077 0192 0.780 -0.080 -0.001 0.006 -0.036 0.040
ATP3  -0.077 -0.055 -0.047 0114 0.013 0.139 0.083 0188 0.739 -0.040 0.056 0.065 -0.025 0.030
ATP4  -0.067 -0.015 -0.082 0.124  0.042 0.118 0.116 0.168 0.733 -0.011 0.008 0105 0.014  0.040
AOFA1 -0.019 0.076  0.002 0139 -0.021 0.205 -0.079 -0.018 -0.026 0.870 0360 0.067 0134 -0.079
AOFA2 -0141 0.034 -0.073 0180  0.022 03154 -0.071 0.028 -0.072 0.825 0.288 0.027 0.096 -0.055
AOFA4  0.105 0.007 0.137 0.084 0139 -0.033 -0.045 0.003 -0175 0.790  0.234 0.127 0178  -0.068
FM1 0.214 0.162 0.214  0.002 0119  0.090 -0.026 0.022 -0131 0.302 0.755 0.058 0179  -0.043
FM2 -0.001 0.088 -0.001 0.042 0.044 0133 -0.060 0.067 -0.038 0.340 0977 -0.019 0222 -0131
PQI 0.353 0.228 0.426 0.016 0185 0.126 0.258  0.238 0.127 0.070 -0.021 0.900 0158 0.427
PQI2 0.278 0.206  0.297 0.015 0.70 0.146 0.292 0193  0.089  0.092 0.016 0.823 0199 0.315
PQI3 0.290 0.139 0.314  0.009 0.165 0.112 0.219  0.260 0114 0.080 0.015 0.858 0153 0.280
PC1 0.145 0.327 -0.003 0.208 0.249 0.221 0.133 0.122 0.026 0.124 0.212 0176  0.905 0.094
PC2 0133 0.180 0.121 0134  0.230 0105 0.153 0153  -0.034 0176 0.129 0.163 0.781 0.077
PC5 04125 0.360 0.011 0.166 0.252  0.260 0.141 0.172 0.052 0140 0.244 0171 0.909 0.094
SI 0.344  0.240  0.399 0.105 0.234 0.191 0.393 0.221 0187 -0.061 -0100 0.356 0.101 0.935
SI3 0.323 0.206  0.340 0.115 0.273 0.213 0.446  0.306 0151  -0.056 -0.088 0.417 0.087 0.936
Sl4 0.332 0.215 0.263 0.075 0.266 0.216 0.436  0.282 0159 -0112  -0241 0352 0.095 0.894
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Appendix 3. Discrimant Validity - Cross Loadings (Hedonic)
PPROF PSROF DWF AC PR Qv PV EV ATP AOFA FM PQl PC Sl
PROF1 0.847 0.479 0260 0.069 0155 0.044 0121 0114 -0.011 0.015 0.013 0.386 0171  0.292
PROF2 0.896 0.441 0.353 -0.022 0180 -0.021 0159 0.051 -0.089 -0.00 0.011 0.274 0.071 0.332
PROF3  0.861 0.504 0.388 -0.069 0182 -0.005 0.105 0112 -0.010 0.059 0123 0.290 0.167 0.314
PROF6  0.548 0.976 0154 0.005 0185 0150 0.126 0.098 0.014 0.042 0.110 0.244  0.348 0.264
PROF7 0363 0753 -0.014 0140 0132 0110 0107 0.040 -0.018 0.059 0.094 0105 0.206  0.087
DWF1 0351 0131 0.884 -0.064 0.093 0039 0115 0.086 -0.077 0.057 0.063 0337 0.051 0.307
DWF2 0.350 0123 0931 -0.103 0.098 -0.038 0.132 0.070 -0.017 0.022 0.078 0.362 0.019 0.347
DWF4 0.343 0.077 0.887 -0.047 0116 -0.052 0.41 0.074 -0.032 0.011 0.010 0.412 0.051 0.324
AC1  -0.004 0.048 -0109 0.924 0355 0244 0134 0185 0.095 0144  0.047 0.012 0181 0101
AC2  -0.015 0.029 -0.037 0.917 0349 0195 0.097 0168 0.060 0148 0.016 0.017 0182  0.096
ACI0 0145 0222 0.013 0339 0798 0114 0142 0120 0.030 0.046 0.098 0137 0307 0211
AC8 02158 0.016 0.145 0.303 0.771 0.042 0.211 0184 0.024 0.025 0.016 0.169 0118 0.255
AC9 0170 0.243 0.102 0.259 0.807 0.054 0.169 0.168 0.087 0.062 0.055 0173 0.270 0184
QV1  0.023 0108 0.045 0172 0.082 0925 0381 0518 0171 0108 0109 0170 0186  0.259
QV2 -0.005 0171 -0.033 0.281 0102 0.874 0351 0486 0108 0134 0141 0114 0223 0160
Qv3 -0.017 0148 -0.123 0.213 0.041 0.855 0.409 0.511 0133 0124 0.109 0.080 0.225 0132
PV1 0140 0138 0.159 0.094 0185 0.383 0.875 0.412 0173  -0.089 -0.072 0.258 0125 0.394
PV2 0.166 0.085 0.125 0123 0.203  0.408 0.919 0.524 0162 -0.048 -0.011 0.294 0174 0.453
PV3  0.091 0139 0106 0123 0217 0353 0910 0460 0179 -0.078 -0.074 0251 0138  0.397
EV1 0150  0.091 0108 0122 0172 0.497 0506 0905 0198 -0.043 0.032 0253 0100  0.301
EV2 0.036 0.092 0.039 0.205 0153 0.589 0.459  0.905 0190 0.024 0.060 0177 0176 0.225
EV3 0.080 0.061 0.072 0.205 0.216 0.460 0.431 0.894 0.152 0.034 0.077 0.280 0.199 0.255
ATP1 -0.015 0.024 -0.007 0.055 0.063 0144 0.208 0179 0970 -0122 -0.098 0.44 0.035 0.222
ATP2  -0123 -0.030 -0186 0116 0.010 0176  0.077 0192 0780 -0.080 -0.001 0.006 -0.036 0.040
ATP3  -0.077 -0.055 =-0.047 0114 0.013 0139 0.083 0188 0739 -0.040 0.056 0.065 -0.025 0.030
ATP4  -0.067 -0.015 -0.082 0124 0.042 0118 0116 0.168 0.733 -0.011 0.008 0.105 0.014 0.040
AOFA1  -0.019 0.076 0.002 0139 -0.021 0.205 -0.079 -0.018 -0.026 0.870 0.360 0.067 0134  -0.079
AOFA2 -0141 0.034 -0.073 0180 0.022 0154 -0.071 0.028 -0.072 0.825 0288 0.027 0.096 -0.055
AOFA4 0105  0.007 0137 0.084 0139 -0.033 -0.045 0.003 -0175 0790 0234 0127 0178 -0.068
FM1 0214 0162 0214 0.002 0119 0.090 -0.026 0.022 -0131 0.302 0.755 0.058 0179 -0.043
FM2 -0.001 0.088 -0.001 0.042 0.044 0133 -0.060 0.067 -0.038 0.340 0977 -0.019 0.222 -0431
PQI 0.353 0.228 0.426 0.016 0185 0.126 0.258 0.238 0127 0.070 -0.021 0.900 0.158 0.427
PQI2 0278 0206 0297 0.015 0170 0146 0292 0193 0.089 0.092 0.016 0.823 0199  0.315
PQI3 0290 0139 0314 0.009 0165 0112 0219 0260 0114 0.080 0.015 0.858 0153  0.280
PC1 0145 0.327 -0.003 0.208 0.249 0.221 0133 0122 0.026 0124 0.212 0.176 0.905 0.094
PC2 0133 0180 0421 0134 0.230 0.105 0153 0153 -0.034 0176 0129 0.163 0.781 0.077
PC5 0.125 0.360 0.011 0.166 0.252 0.260 0141 0172 0.052 0.140 0.244 0171 0909 0.094
sh 0344 0240 0399 0105 0234 0191 0393 0221 0187 -0.061 -0100 0.356 0101  0.935
SI3 0323 0206 0340 0115 0273 0213 0.446 0306 0151 -0.056 -0.088 0.417 0.087 0.936
Sl4 0.332 0.215 0.263 0.075 0.266 0.216 0.436 0.282 0159 -0112 -0.41 0.352 0.095 0.894
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Appendix 4. Discrimant Validity - Cross Loadings (Utilitarian)
PPROF PSROF DWF AC PR Qv PV EV ATP AOFA FM PQl PC Sl
PROF1 0.863 0581 0313 0.069 0.263 0.093 0288 0216 -0.203 0.038 0211 0532 0.287 0.290
PROF2 0.885 0.535 0.353 0.010 0.237 0.050 0.249 0143 -0173 -0.089 0198 0.344 0431 0.289
PROF3  0.882 0.529 0.341 -0.088 0.266 0.067 0.284  0.169 0.025 0.034 0.369 0.320 0186 0.368
PROF6  0.607 0.987 0.177 0.025 0.275 0.344 0.507 0330 -0.077 0.041 0.268 0.397 0.422 0.330
PROF7 0.544 0.828 0.049 0.029 0121 0206 0363 0.275 -0182 0.080 0255 0292 0217 0.096
DWF1 0388 0125 0.895 0.038 0247 0177 0307 0237 -0128 0.026 0162 0312 0146  0.279
DWF2 0.328 0138 0913 -0.028 0157 0.013 0.214 0147 -0.034 0.051 0195  0.277 0.142 0.301
DWF4 0.327 0157 0.900 0.083 0197 0.106 0.271 0.225 -0.032 0.077 0114  0.373 0.182 0.327
AC1  0.052 0.089 -0.002 0.922 0437 0162 0.080 0.073 0262 0.264 0.070 0.094 0118  0.231
AC2  -0.081 -0.049 0.071 0.896 0.423 0.043 0.052 0.083 0151 0248 -0114 0124 0168  0.201
AC1I0 0260 0240 0166 0475 0.847 0.055 0224 0.075 0108 0.263 0142 0255 0.401 0.453
AC8 0.233 0127 0.163 0.313 0.770 0.079 0112 0.269 0.092 0.203 0197 0.271 0471 0.343
AC9 0.207 0.239 0.214 0.328 0.803 0.110 0.321 0.190 0173 0.276 0174 0.293 0.290 0.320
QV1  0.021 0222 0145 0.08% 0131 0.926 0.499 0539 0.098 0.006 0.245 0.225 0233 0.326
QV2 0106 0383 0.068 0177 0.060 0.838 0.456 0560 0.003 0119 0301 0223 0263 0195
Qv3 0122 0.323 0.037 0.063 0.032 0876 0.490 0.519 0152 0103 0.217 0.236  0.256 0182
PV1 0.293 0.436 0.254 0.068 0194 0.433 0874 0372 0.046 0.026  0.198  0.441 0.333  0.330
PV2 0.256 0.402 0.195 0.090 0.242 0.517 0911 0.499 0.078 0.069 0.208 0.485 0.362 0.391
PV3 0303 0510 0332 0.047 0281 0523 0934 0544 0.029 0116 0321 0482 0352  0.465
EVi 0201 0313 0204 0.044 0195 0519 0505 0.902 0111 -0.013 0.301 0.434 0197  0.299
EV2 0140 0.331 0194 0116 0125 0.597 0.449 0904 0169 0.036 0.254 0.385 0.234 0.273
EV3 0193 0.245 0.201 0.071 0.234 0.509 0.459 0.868 0.063 0122 0.275 0.414 0.338  0.265
ATP1 -0.099 -0.091 -0.043 0.193 0159 0.096 0.099 0.101 0.968 0.012 0.080 03130 0.056 0.193
ATP2  -0.205 -0161 -0149 0206 -0.015 0118 -0.063 0132 0.804 -0.016 0.086 0.003 -0.019 0.040
ATP3  -0.097 -0.088 -0.081 0.288 0150 0.048 -0.031 0165 0.844 -0.040 0123 0.066 0.019 0.068
ATP4 -0143 -0a37 -0a117 0.267 -0.008 0.051 -0.023 0114 0.693 0.008 0.075 0.026 -0.028 -0.011
AOFA1 0.022 0101 0.014 0.192 0152 0136 0.068 0.071 -0.031 0.876 0.264 0.064 0.221 0.091
AOFA2 -0.063 0.048 -0.006 0333 0.308 0.075 0.046 0.043 0.050 0.937 0203 0.027 0115 0187
AOFA4 0103 -0.017 0206 0109 0289 -0.048 0131 0.019 -0.089 0700 0213 0186 0113  0.089
FM1 0351 0272 0187 -0.034 0207 0295 0296 0268 0.062 0210 0.964 0187 0199  0.247
FM2 0.083 0198 0.075 0.032 0134 0.160 0122 0.312 0.156 0.281 0.737 0.093 0.212 0.097
Pal1 0.421 0.364 0.399 0.114 0.284 0.260 0.463  0.367 0151 0.059 0.212 0.888 0.344  0.553
PQI2 0374 035 0233 0117 0303 0137 0435 0359 0.017 0101 0102 0.818 0391 0.378
PQI3 0368 0309 0272 0.079 0292 0252 0.457 0486 0.094 0.074 0133 0904 0357  0.452
PC1 0.237 0.332 0.146 0150 0.298 0.265 0.389 0157 0.036 0.082 0170 0.358 0.897 0.375
PC2 0132 0.263 0164 0123 0.345 0108 0.287 0.245 -0.012 0.139 0117 0.315 0.803 0.326
PC5 0.219 0.426 0.150 0133 0.325 0.333 0.328 0.336 0.080 0.200 0.286 0.402 0.911 0.401
sh 0344 0276 0378 0261 0388 0217 0395 0256 0155 0163 0177 0.484 0.362 0.926
SI3 0319 0275 0298 0232 0498 0276 0479 0345 0168 0165 0.231 0.551 0.463  0.942
Sl4 0.346 0.253 0.249 0159 0.399 0.292 0.333 0.254 0120 0113 0.217 0.444 0.328 0.885
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