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Customer data has long been viewed as a resource that mainly benefits the company that
is collecting it. However, due to the increased popularity of service-based business models
and ideas of value co-creation, the role of customer data has changed and the value cre-
ated from customer data has shifted to focus more on customers themselves. As a result
of these changes, new services have been developed that are giving data back to customers
and creating value for them in the process.

The objective of this research is to investigate the impact of data-based value creation
towards customer’s perceived value, attitudes and customer loyalty measures (payment
intention and recommend intention) as well as the relationships between these concepts.
The research was done in cooperation with Storytel, an audiobook and e-book streaming
service operating in Finland. The empirical part of the research was conducted as a quan-
titative research, in which the data was collected via an internet survey. To investigate the
research questions, two identical surveys were created and sent to a group that had been
exposed to reverse use of customer data as well as a control group, in order to compare
the two research groups with each other. The results of the two surveys were first com-
bined and then analyzed by using SPSS and Smart PLS software.

The results of this research indicate that the reverse use of customer data has a direct
positive effect on perceived value, payment intention and recommend intention. How-
ever, there were no significant results regarding its effect on the relationship between per-
ceived value and the loyalty measures. The results also displayed significant positive re-
lationships between perceived value and payment intention, recommend intention and
attitude towards the service, as well as significant positive relationships between attitude,
payment intention and recommend intention.

The findings can be used as an encouragement for companies to develop tools and
services that utilize reverse use of customer data, since it has a strong direct influence on
perceived value, which eventually also affects customer loyalty. More practical research
questions regarding the effects of reverse use of customer data can be addressed in future
research once the phenomenon gains more understanding.
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Asiakasdatan on perinteisesti ndhty hyodyttavan padasiassa niitd kerddavad yritystd. Viime
vuosikymmenind suosiota kasvattaneiden palvelukeskeisten liiketoimintamallien sekd ar-
von yhteisluonnin ansiosta asiakasdatan rooli on kuitenkin muuttunut, ja dataa kdytetdan
yhd enemmaén myos asiakkaan hyviksi. Ndiden muutosten seurauksena on kehitetty myos
uusia palveluja, joiden avulla yritykset voivat jakaa dataa asiakkaiden kanssa ja ndin osal-
listua asiakkaan arvonluontiprosesseihin.

Taman tutkimuksen tavoitteena on selvittdd asiakasdatan kddnteisen kayton vaikutuk-
sia asiakkaan kokemaan arvoon, asenteisiin ja asiakasuskollisuuden mittareihin (maksuai-
komus ja suositteluaikomus) sekd ndiden kasitteiden vilisiin suhteisiin. Tutkimus tehtiin
yhteistydssd Suomessa toimivan ddni- ja e-kirjojen suoratoistopalvelu Storytelin kanssa. Tut-
kimus toteutettiin kvantitatiivisena tutkimuksena, jossa aineistonkeruumenetelméand hyo-
dynnettiin internet-kyselya. Tutkimusongelman selvittamiseksi sama kysely ldhetettiin kah-
delle asiakasryhmiille, joista vain toinen oli altistettu asiakasdatan k&énteiselle kaytolle.
Kahdesta tutkimusryhmastd saadut tulokset yhdistettiin ensin yhdeksi aineistoksi ja analy-
soitiin sen jalkeen SPSS-ja Smart PLS -ohjelmistojen avulla.

Aineistosta saatujen tulosten mukaan asiakasdatan k&anteiselld kadytolld on suora po-
sitiivinen vaikutus koettuun arvoon, maksuaikomukseen seki suositteluaikomukseen. 11-
mion vaikutuksesta koetun arvon ja uskollisuuden mittareiden vélisiin suhteisiin ei kuiten-
kaan saatu tilastollisesti merkitsevid tuloksia. Tulokset vahvistuvat myos koetun arvon po-
sitiivisen vaikutuksen maksuaikomukseen, suositteluaikomukseen ja asenteisiin palvelua
kohtaan, seké positiivisen vaikutussuhteen asenteiden, maksuaikomuksen ja suositteluaiko-
muksen valilla.

Tutkimustulosten pohjalta voidaan rohkaista yrityksid kehittamééan lisdd asiakasdataa
hyodyntédvid palveluja ja tydkaluja, silld tulosten mukaan asiakasdatan kéanteiselld kaytolla
on vahva suora vaikutus sekd koettuun arvoon, ettd vilillisesti my6s asiakasuskollisuuteen.
[Imion ymmarrystd voidaan lisdta tulevissa tutkimuksissa, jolloin my6s asiakasdatan k&an-
teisen kayton vaikutuksia koskeviin kdytannon kysymyksiin voidaan vastata paremmin.
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1 INTRODUCTION

Customer data has traditionally been considered as information that is collected
and analyzed with the company’s benefit in mind. According to Thaler (2011),
the perspective in which companies view customer data is often “narrow and
limited” and consists mainly of thoughts on how the company itself can utilize
the data. In practice, customer data has been used as a source of information to
guide the company’s customer relationship management (CRM) practices related
to tactics like cross-selling and finding the most profitable customer segments
(Saarijarvi et al. 2016). It has also been used as evidence in decision-making pro-
cesses related to future marketing strategies. Despite the recent developments in
CRM where customer data has become an essential tool for tailoring customized
promotional messages to also delight the customers themselves, the overall abil-
ity to benefit from customer data in the current CRM framework can be described
as rather asymmetric and more tilted towards the company’s side.

However, as an increasing number of companies are changing their pro-
cesses to have a more service-based business model, the conventional way that
companies view and use customer data has been challenged (Saarijédrvi et al.
2016). Since the more traditional, company-centric view of data is based on the
ability to sell more products, it no longer fits the company’s new strategic goal of
serving customers (Saarijarvi et al. 2013). The focus of creating the best services
that delight customers has also played a part in the development of new technol-
ogies and processes in which customer data can be returned to the customer.

1.1  Previous literature and practical examples

Until recently, research around the utilization of customer data has mostly cen-
tered around existing, more firm-centric CRM practices (e.g., Nguyen & Mutum,
2012; Verhoef et al. 2010). Thus, the concept of reverse use of customer data is a
relatively new area of research in the field of marketing since most of the research
articles about the subject are published within the last decade. This statement can
be supported by the fact that Marketing Science Institute mentioned the role of
data in marketing practices as a growing area of interest in their article “Research
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Priorities 2018-2020” (2018). One of the research questions specifically high-
lighted the ways in which data can be used as a tool for delighting customers.

In earlier research, this specific area of study has sparked special attention
among Finnish researchers, since most relevant articles regarding the subject are
published by Finnish authors. For example, researchers Hannu Saarijarvi and
Hannu Kuusela have written several articles about the reverse use of customer
data and data-based value creation. In one of their articles, the researchers state
that by giving customers access to the data, the company can provide them with
new tools and information that help customers create more value for themselves.
This increases the company’s service orientation by broadening its ability to sup-
port customers in their value creation processes (Saarijarvi et al. 2014).

The key terms surrounding the phenomenon include customer data, value
co-creation and service-dominant logic. As for the phenomenon itself, its novelty
has lead to several different definitions being used simultaneously in existing
literature; Saarijdrvi et al. (2014) describe the concept with the term reverse use
of customer data, whereas Lim, Kim, Kim, Heo, Kim and Maglio (2018) use the
term data-based value creation in their article. In addition, the complete process
of providing useful data for the customers and helping them create value-in use
in their own activities is referred to as customer process management (CPM) in a
framework presented by Lim et al. (2019). In this research, the terms reverse use
of customer data and data-based value creation will both be used to describe the
phenomenon.

So far, existing research around the topic has been focusing mainly on either
describing the phenomenon through a case company or building a theoretical
framework around relevant concepts. While these studies have made assump-
tions about benefits that follow the reverse use of customer data such as the in-
crease of perceived value, clear evidence of these benefits has yet to be measured.
This research seeks to provide such evidence along with insights for developing
better relationships between the customer and the firm. In the future, similar in-
sights will be increasingly important for businesses that want to leverage the full
potential of the data they are collecting and creating extra value for their custom-
ers. The customer perspective of the phenomenon is also expected to gain more
interest in future research as the increased attention towards the ownership of
data and data privacy policies have become the new norm for all businesses in
recent years.

Practical examples of reverse use of customer data include different services,
apps and features where customers can for example browse their purchasing his-
tory and acquire more information about their spending habits related to a spe-
cific company or service. These kinds of additional services give the data back to
the customer in a way that creates value and increases the level of loyalty be-
tween the customer and the firm. For example, at the end of every year the Swe-
dish music streaming service Spotify offers their customers a visual recap of all
the music the customer has been listening to in the previous year.
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Some companies have even developed their services beyond entertainment
value to also provide tips and recommendations based on the customer’s pur-
chasing history or usage habits. Usually, the purpose of giving recommendations
is to make the customer’s life better or easier by for example improving the cus-
tomer’s health, guiding the customer towards more economical behaviors, or
helping the customer reach the full potential of using the product or service.
These types of health-related services based on purchasing history are already
being offered by two of the largest grocery store chains in Finland, Kesko and S
Group. In addition, one of Finland’s major financial companies, OP Financial
Group, has developed a tool for their customers that allows them to keep track
of their monthly expenses and make saving plans according to their spending
habits. The tool is free and accessible to customers in the company’s mobile ap-
plication.

1.2  Research objectives

The purpose of this research is to shed light on the impact that data-based value
creation in a form of a service has regarding the changes in customer’s perceived
value and customer loyalty. The following research questions are addressed to
fulfil this purpose:

1. How does data-based value creation affect the customer’s perceived value towards the
service?

2. How does data-based value creation affect customer loyalty in the form of payment
intention and recommend intention?

This research is conducted as a quantitative analysis in which the empirical re-
search material is collected through an online survey. The empirical part of the
study is made in collaboration with Storytel, an audiobook and e-book streaming
service operating in Finland. The company had recently launched its first yearly
summary feature, Storytel2020, that contained informative and entertaining in-
sights of the customer’s reading and listening history from the previous year. The
summary feature can be seen as a good example of an additional service that is
leveraging the reverse use of customer data, making Storytel a suitable case com-
pany for this research.

The participants for the survey are selected from a group of customers who
have received a company-produced summary feature containing customer usage
data from the past year. In the survey, the participants are asked to answer ques-
tions regarding their perceived value, attitudes towards the service and customer
loyalty. The responses received from the survey are then analyzed by using the
SPSS statistical analysis software as well as Smart PLS 3.0 software. Finally, the
results are compared to the initial research hypotheses and the outcomes of the
study are presented in the conclusion section of this research paper.
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1.3 Research structure

This research paper consists of five chapters in total. In the introduction section,
the topic and the academical context as well as the purpose of the research are
briefly presented before uncovering the structure of the paper on more detail.
After this, the theoretical background is introduced with the help of a few key
terms and concepts as well as previous research written about the subject. The
conceptual framework and hypotheses of this research will be uncovered in more
detail at the end of the theoretical chapter. The research methods and data collec-
tion procedures used in the study are then explained, after which the implemen-
tation of the study and the results are presented in the results section. Finally, the
last chapter summarizes the conclusions made from comparing the results of the
study to the initial hypotheses and presents limitations as well as ideas for future
research about this topic. The graphical presentation of the research structure can
be seen in Figure 1.



1. Introduction

Y

/ 2. Theoretical framework \

2

2.1 Conceptual background behind the
reverse use of customer data
2.1.1 Customer data
212 CREM
2.1.3 Service-based business logic
2.1.4 Value co-creation
2.2 Reverse use of customer data
2.2.1 Research around the phenomenon
2.2.2 Benefits
2.2.3 Challenges and future research
2.3 Research model and hypotheses
2.3.1 Concepts in the research model
2.3.2 Research hypotheses

Y

/

/

3. Data and methodology

3.1 Quantitative research
3.2. The case company: Storytel Finland
3.3 Data collection method

3.4 The questionnaire
3.5 Data analysis

\

A 4

4. Results and analysis

4.1 Demographic and background
information

4.2, Measurement model

4.3 Structural model

A4

(&

5. Conclusions

5.1 Theoretical contributions
5.2 Managerial implications
5.3 Evaluation of the research
5.4 Limitations of the research
5.5 Future research

FIGURE 1 Research structure

13



14

2 THEORETICAL FRAMEWORK

21  Conceptual background behind the reverse use of customer
data

This section will provide an overview about central concepts that act as a foun-
dation for the discussion around the reverse use of customer data. First, the con-
cept of customer data is introduced as the basis of the research phenomenon, af-
ter which other preceding concepts, CRM and service-based business logic, are
defined and discussed in more detail. Lastly, the concept of value co-creation is
introduced and explained with the help of findings from previous studies.

2.1.1 Customer data

According to Davenport and Prusak (1998), customer data can be described as “a
set of discrete, objective facts about an event”. In this research, customer data
refers to the raw data that is being collected by the company from customers and
the different activities they perform. The traditional view of customer data has
revolved around receiving useful information about customers from the com-
pany’s perspective. To this day, it is seen as an important asset for the company
to gain competitive advantage by predicting customer behavior (e.g., Shankar &
Winer, 2006; Homburg et al. 2009) and subsequently responding to market de-
mand with the right offering (Saarijarvi et al. 2016).

There are several ways in which customer data can be used in the com-
pany’s business operations. Companies can analyze data to design new services
(Lim, Kim, Heo & Kim, 2018; Lim, Kim, Kim, Heo, Kim & Maglio, 2018), iden-
tify new potential markets and create more diverse value propositions inside
these markets (Saarijdrvi et al. 2014). In addition, communication of these value
propositions can be customized to different customer segments, which are also
generated with the help of customer data. Finally, data-based cross-selling and
up-selling activities can be performed to sell more to existing customers and
build lasting customer relationships (Payne & Frow, 2005). These operations
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help companies distinguish profitable customers from unprofitable ones (Pep-
pers et al. 1999), eventually making their marketing efforts more cost-effective.

From the customer’s point of view, the majority of benefits the customer
receives from the utilization of customer data are indirect. For example, targeted
and personalized marketing messages give customers more relevant content,
whereas data-based category management helps companies curate their offering
according to customers’ needs (Saarijarvi et al. 2014). However, the ultimate ob-
jective of these activities is to serve the company in its efforts to increase sales
and reduce marketing costs.

According to Gronroos (2008), efforts to support customer’s value creation,
the underlying goal in service-based business logic, are often disregarded since
the existing methods for using customer data are widely product-centric. When
customized promotions based on point-of-sale data create a positive effect on
customers’ purchasing processes while the overall benefit is still directed to-
wards the retailer, the benefits received by the company and customer become
unbalanced and the potential of using customer data for the customer’s benefit is
ignored (Saarijdrvi et al. 2016). However, as the amount of recorded customer
data experiences rapid growth, the importance of data-based services designed
for customers themselves is expected to increase as well (Hoffman & Novak, 2018;
Ng & Wakenshaw, 2017; Lim, Kim & Maglio, 2018; Lim et al. 2019).

The new role and purpose of customer data in today’s marketing activities
is to not only provide information for the company but to also be shared with
customers, following the change of portraying customers as more of an active
participant in company’s processes (Saarijarvi et al. 2013). This new perspective
has been reinforced by initiatives in both public and private sectors (Thaler, 2011).
The reciprocal use of customer data is also important in terms of data acquisition
since customers may be less likely to provide data if they receive no direct bene-
tits from doing so (Boulding et al. 2005).

2.1.2 CRM

When discussing customer data and its role in customer’s value creation pro-
cesses, the concept of CRM (Customer Relationship Management) must be taken
into account. Payne and Frow (2005) describe CRM as a holistic concept of man-
aging customer relationships where the use of customer data has an important
role.

The term CRM was initially used to describe the technical processes of col-
lecting customer data and managing customer-firm relations (Boulding et al.
2005), but later evolved to also include the strategies, philosophies and technolo-
gies related to customer data and its management (Zablah et al. 2004). Gradually,
CRM became the term for a more holistic approach of managing customer rela-
tionships in addition to customer data, as researchers started to discover different
strategies and tactics of customer relationship management and compare them
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to each other (Saarijdrvi et al. 2013). In marketing research and theory, CRM is
closely related to relationship marketing and the idea that nurturing customer
relationships is the foundation of the firm’s marketing operations (Reinartz et al.

2004).

According to Lusch (2007), CRM was originally viewed as a tool for recip-
rocal value creation that benefits both the customer and the firm. Boulding et al.
(2005) even declare that the fundamental purpose of CRM was more directed to-
wards creating value for the customer instead of focusing on the company’s ob-
jectives such as selling more products. In practice, CRM activities have received
inspiration from mass customization (Pine, 1993) and one-to-one marketing con-
cepts (Peppers & Rogers, 1993, 2004; Peppers et al. 1999) which are targeted to-
wards customers but are designed to mainly benefit the company’s value crea-
tion processes, resulting in CRM becoming a more company-oriented concept.
(Saarijarvi et al. 2013). Even companies relying on service-based business models
have largely ignored the wider potential of CRM as a tool to improve customer
service and create value (Saarijarvi et al. 2014). Thus, the initial views of CRM
have been overshadowed in practice by the thought of perceiving customers as
passive recipients of marketing activities (Lusch, 2007) and the widely used CRM
activities being relatively goods-oriented and focusing more on value-in ex-
change processes.

However, the current role of customer data in CRM systems is slowly
changing as the CRM framework has “evolved through data dispersion, data or-
ganization and data ownership, towards data sharing” (Saarijédrvi et al. 2013). The
newest phase of this evolution is seen in companies’ motivation to discover new
ways to share data and create platforms where customers can themselves partic-
ipate in the value-creation processes. This wider perspective still includes the
more traditional CRM processes like segmentation and customization but also
takes the customer’s role into account (Saarijarvi et al. 2013.)

2.1.3 Service-based business logic

In the words of Vargo and Lusch (2004), the concept of service is defined as “the
application of specialized competences (knowledge and skills), through deeds,
processes, and performances for the benefit of another entity or the entity itself.”
In the context of this study, the term service is used to collectively depict the
range of offerings a company provides for the customer.

The concept of service is closely tied to the company’s value creation pro-
cesses. According to Edvardsson et al. (2005), service can be seen as a perspective
on value creation instead of a type of offering. The thought has been reinforced
in several studies stating that customers consume everything as a service regard-
less of whether their subject of consumption is a physical product or an intangible
service (Gronroos, 1978, 2008, Gummesson, 1995; Vargo & Lusch, 2004, 2008;
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Gronroos & Ravald, 2011). An economist and Nobel Prize winner Gary Becker
(1965) explained this with a notion that instead of the product or service itself,
customers are more interested in the benefits and value creation opportunities of
using the product/service in question.

The logic of service is described by Gummersson (1995) as a concept where
all resources a company offers to customers contain potential value that can be
utilized by the customer in a form of a service. In this logic, the customer is con-
sidered as the main creator of value since the service only creates value when
used by the customer. Value-in-use, the term for value that is created when cus-
tomers use the resources provided by the company, is an essential part of under-
standing service logic and challenges the more traditional view of value-in-ex-
change, where value is believed to be already embedded in the products manu-
factured by the company (Gronroos & Ravald, 2011).

The role of service provider in the customer's own value creation processes
is one of the factors determining the concept of service logic (Normann &
Ramirez, 1989). With the help of service logic, a service provider can extend its
opportunities of influencing its customers compared to a more traditional busi-
ness logic (Gronroos & Ravald, 2011). According to Gronroos (2006), service pro-
vider can adopt a service logic by actively engaging with customers during the
production and consumption phases of the service. In a situation where the pos-
sibilities for such engaging interactions are remote, the service provider can also
try and create interactions with additional services and platforms for reciprocal
communication (Grénroos & Ravald, 2011). Examples of these platforms can in-
clude customer service channels, technological support, mobile applications and
separate websites. Customer data -based value creation services can also be con-
sidered as additional platforms for customer-supplier interactions.

Gronroos and Ravald (2011) state that customer value creation takes place
through two sub-processes. First, the supplier provides the customer with the
necessary resources, after which these resources are used to create value in the
customer's own processes. In service-dominant business logic, the roles of pro-
ducers and consumers are blended together and are not as distinct as in a goods-
dominant business logic. Value is created through co-creation efforts between the
supplier, the customer and other stakeholders. The amount and quality of the
value created is however always determined by the customer, in other words, the
beneficiary of the value (Vargo et al. 2008.)

Following the increase of service orientation in business models, the role of
customer data has also received more attention as companies have started to
search for new ways to delight their customers. The potential value of customer
data as a resource for the customer’s value creation activities has been the focus
of this refiguration process, providing a contrast to the previous role of customer
data as one of the company’s tools to sell more products (Saarijarvi et al. 2013).
With the process of turning customer data into useful information for customers,
companies are producing additional resources for value creation that can be ex-



18

tended to cover more than just the exchange of goods (Grénroos, 2011). Eventu-
ally, the goal of the service-based business logic is to change the role of the com-
pany from a passive contributor to an active supporter of customers’ daily activ-
ities (Saarijdrvi et al. 2014) and creating more ways to utilize customer data is a
promising tool for trying to accomplish this goal.

2.1.4 Value co-creation

Customer value, defined as “the consumer’s overall assessment of the utility of a
product based on the perceptions of what is received and what is given” (Adams,
1963, 1965; Zeithaml, 1988), is at the heart of all marketing activities (Holbrook,
1994). This chapter deals with customer value from the perspective of co-creation,
where the knowledge and skills of one party are used for the benefit of another
(Vargo & Lusch, 2004).

From the more traditional point of view, the customer is viewed as the main
creator of value whereas the supplier has the role of a value facilitator. The re-
sources produced by the supplier are used as material for customers’ value crea-
tion, thus making the supplier contribute to the process in an indirect way. How-
ever, when interacting with customers, the supplier is given an opportunity to
become part of the value creation process and to increase the value the customer
receives from the process (Gronroos & Ravald, 2011.) According to Gupta and
Lehman (2005), value creation is eventually a two-sided process that produces
value for both the customer and the supplier. While supporting customer’s pro-
cess of value creation is considered to be the main focus of any business engage-
ment, the supplier should also benefit from the process and receive value to en-
sure the profitability of its business activities (Gronroos & Ravald, 2011).

The concept of customer process is closely related to value co-creation and
is defined by Payne et al. (2008) in their research as “a series of activities per-
formed by the customer to achieve a particular goal.” While studying the concept,
they discovered that the co-creation of value occurs during the constant interac-
tions between processes run by both the customer and the supplier. These inter-
actions are necessary since they create opportunities for value co-creation
throughout the customer process and provide different strategic options for how
and when the value is being created. The concept of interaction, described as a
joint activity between two or more participants that have an impact on one an-
other (Gronroos & Ravald, 2011), has also received attention in other studies re-
lated to service marketing (Gronroos, 1982; Lehtinen & Lehtinen, 1991; Gronroos,
2000; Gummesson, 2011).

In their study, Gronroos and Ravald (2011) examined the processes of value
co-creation and the relationship between customer and supplier in the context of
service-based business logic. The study described the value creation process with
a model in which both the customer’s and service provider’s processes are di-
vided into two parts; a part where there is an opportunity for mutual interaction
and a part where such opportunities are non-existent. The model in question can



19

be seen in Figure 2. According to the study, the possibility of the supplier becom-
ing a co-creator of value becomes apparent during these mutual interactions
where the supplier can access the customer’s value creation process. For the sup-
plier, opportunities for such interactions usually take place after the production
phase of the service, whereas the customer is faced with these opportunities at
the beginning of the value creation process where the link between the two pro-
cesses is open and the resources provided by the supplier are used by the cus-
tomer as a service. These findings can be used to further emphasize the im-
portance of interactions between the customer’s and service provider’s processes.

Circle: Integrated joint
value creation process

/\ Value creation

Customer / Open area \ Close area >

Outcome | Goods and service activities[ = Resources = Service\ - Value

Activity Facilitation Co-production Co—creation\ Creation

Subject Supplier as subject \ Dual subjects Customer as subject
\ V4

Provider | Production \ Interaction / >

Supporting value creation

FIGURE 2 Value creation and co-creation in supplier-customer relationships (Gronroos &
Ravald, 2011)

When creating services that support value co-creation, customer data and
information that is developed from it is considered as one of the main resources
(Vargo et al. 2008). Service providers can create value-in use during customer
processes by collecting data from customers, developing the data into valuable
information and presenting it to customers in a way that allows them to improve
their own processes based on the information they are given. This combination
of sharing information through interactions is the underlying method for value
co-creation in services that focus on customer process management (Lim et al.
2019).

It can be concluded that in addition to service providers being the facilita-
tors of value, they can also receive opportunities for value co-creation alongside
customers during interactions within the customer’s own processes (Grénroos &
Ravald, 2011). The chances of value co-creation during these interactions can also
be enhanced with customer data that are given back to the customer as useful
information. This phenomenon of customer data -based value creation will be
discussed in more detail in the next section.
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2.2 Reverse use of customer data

In their article, Saarijarvi et al. (2014) effectively summarize the theoretical back-
ground of this study: Companies have traditionally tried to gain a competitive
advantage through customer data by using the data primarily as a resource in
product development and in identifying the most profitable customers. Later this
product-centric perspective has shifted to a more customer-oriented mindset and
efforts have been made to develop value production for the benefit of both the
company and the customer. The role of customer data in this reciprocal value
creation process has also been reviewed, studies stating that the external use of
customer data can act as a facilitator towards the company’s new objective of
supporting customers’ value creation. However, since the phenomenon has not
yet been explored much in academic literature, it still lacks a strong theoretical
foundation and therefore needs to be approached with a level of alertness (Saari-
jarvi et al. 2014).

As a result of the Big Data movement, more and more valuable customer
data are being produced as a by-product of customers’ day-to-day operations
(Mayer-Schonberger & Cukier, 2013). This proliferation of data has created a
good breeding ground for new types of services where customer-generated data
is at the heart of value creation. Data can be defined as the raw material from
which the most useful parts for a specific purpose are filtered using data analysis.
These parts are then combined to create information for customers, who use it as
a resource in their value creation (Lim et al. 2019). With the right kind of technol-
ogy and management of information, customer data can be used to produce in-
formation that customers can benefit from. However, the opportunities of trans-
forming customer data into customer information have yet to be widely recog-
nized by companies (Saarijarvi et al. 2014).

2.2.1 Research around the phenomenon

Due to its novelty as a research topic, there is no one generally accepted term for
describing the phenomenon of using customer data for customer’s value crea-
tion. One of the terms used in this context is “reverse use of customer data” which
has been introduced in a few articles regarding the phenomenon (Saarijarvi et al.
2014; Saarijarvi et al. 2016). Saarijarvi et al. (2016) define reverse use of customer
data as a process where companies transform customer data into meaningful in-
formation for the customers. This process requires both a redefinition of the role
of customer data to extend also towards the benefit of the customer, as well as
the construction of systems that help transform the data into information. In the
words of Saarijdrvi et al. (2014), reverse use of customer data “counteracts the
traditional logic of customer data usage”. Reverse use of customer data provides
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additional resources especially for companies that rely on service-based business
logic instead of a more product-centered approach.

“Customer relationship management: The evolving role of customer data”
by Saarijdrvi et al. (2013) is one of the first articles in marketing research that
closely examines the possibilities of using customer data as a resource for cus-
tomers’ value creation and portrays a more holistic picture of the new role of
customer data within the CRM framework. In their study, the authors found that
in the context of their empirical research case, a data-based service provided by
a major Finnish food retailer offering nutritional information for its loyalty card
holders, the reconfigured role of customer data could be described in four
themes: customer loyalty, firm differentiation, firm values and firm image.

For customer loyalty, the attractiveness and relevance of the information
received by customers were the factors that had the greatest impact on loyalty
towards the company. Customers who felt they received useful nutritional infor-
mation about their grocery shopping were also more willing to concentrate their
purchases more on the same retailer. Some customers even changed their pur-
chasing habits entirely and switched their preferred retailer after using the ser-
vice. What should be noted in the results, however, is that the service was origi-
nally targeted at the company’s existing customers who also held the company’s
loyalty card, making the level of customer loyalty fairly high to begin with.

The second theme, firm differentiation, addressed the phenomenon where
reconfigured customer data helped the retailer to differentiate itself from com-
petitors as well as to attract new customers. Providing customers with useful in-
formation in addition to their main offering, the retailer also strengthened its own
image as a service company in the eyes of customers.

For firm values, the retailer was able to highlight its strategic goals towards
customer orientation by showing customers one way of engaging them in recip-
rocal value creation on a more practical level. Giving customers access to their
own data increased customer’s perceptions of two of the company’s core values,
corporate responsibility and exceeding customer expectations.

The reconfiguration of customer data was also found to have a positive im-
pact on the firm image. The results stated that because of the service, customers
perceived the retailer as an innovator and a fair partner for their value creation.
The fact that customers received benefits in return for using their loyalty card
also had an impact on their perceptions on the retailer’s image. The four themes
found in the study all support the company’s value creation in different ways
and at different stages, on both operational and strategic level.

Later, Saarijarvi et al. (2014) investigated the phenomenon further by in-
cluding a new perspective; what kind of implications can be derived from reverse
use of customer data for service-based business models. Following the character-
istics of service-dominant logic and value co-creation (see parts 2.1.3 and 2.1.4),
reverse use of customer data is seen as a tool for supporting customer’s value-in-
use through additional services and increased opportunities for mutual interac-
tion, whereas the more traditional use of customer data is seen to mainly cater to
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the company’s sphere of value creation. The visual representation of this perspec-
tive can be seen in Figure 3.

New customer

data is created

PROVIDER SPHERE l CUSTOMER SPHERE
| DESIGN = DEVELOPMENT = MANUFACTURING = DELIVERY _

Traditional use of customer data Reverse use of customer data

FIGURE 3 Using customer data for customer value creation (Saarijarvi et al. 2014)

To better understand and analyze the effects of reverse use of customer data on
service-based business models, the study applied a framework of business model
parameters presented by Chesbrough (2007; Kindstrom, 2010), consisting of five
slightly modified parameters; value proposition, revenue mechanisms, value
chain and value network, competitive strategy and target market. The first im-
plication was that the delivery of company’s value proposition can be supported
and expanded by giving customers more resources through reverse use of cus-
tomer data. Giving data to the customers can also generate new revenue mecha-
nisms by attracting customers to make the initial purchase, encouraging custom-
ers to spend more while giving them personalized information about their con-
sumption habits or by developing services that can be sold to customers sepa-
rately.

When it comes to value chain and value network, reverse use of customer
data can be a process that demands expertise from outside the company’s scope.
Therefore, companies need to be ready to cooperate with external stakeholders
and acquire the necessary resources to create such services. Since the potential of
reverse use of customer data has yet to be fully taken advantage of among busi-
nesses, it also contains opportunities for competitive strategies, which will be
covered in more detail later in this chapter. Lastly, the reconfiguration of cus-
tomer data can be used to discover new customer segments and find new target
markets. For example, offering environmentally conscious consumers infor-
mation that is directly linked to their interests, such as tips on how to reduce the
carbon footprint of their grocery purchases, can be an effective way to turn po-
tential customers to actual customers.

In addition to the term reverse use of customer data, another term, data-
based value creation, has been used to describe the phenomenon. Lim, Kim, Kim,
Heo, Kim and Maglio (2018) studied the topic in the context of information-in-
tensive services (IIS), services in which information interactions between the cus-
tomer and the provider are the main source of value creation instead of physical
or interpersonal interactions (Karmarkar & Apte, 2007; Lim & Kim, 2014). In their
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research, the process of data-based value creation in IISs is defined in the follow-
ing manner. First, customers seek to achieve their own goals by interacting with
the company in specific processes (Bettencourt & Ulwick, 2008), to which the
companies respond by offering value propositions such as IISs to customers. This
creates moments of interaction where customer-related data is collected through
service operations (Lim et al. 2012). The data is then analyzed and transformed
into useful information by the company (George et al. 2014), after which the in-
formation is delivered to customers who use it in their value creation processes
(Saarijarvi et al. 2014). The researchers state that in today’s data-filled business
environment, understanding this process is vital for companies that seek to im-
prove the value creation of their services with customer data.

Lastly, Lim et al. (2019) summarized the whole process of customers using
the data collected by the company to improve their own performance by intro-
ducing the term customer process management (CPM). With this broader and
more customer-centered perspective of data-based value creation, companies are
encouraged to look beyond individual services and to create comprehensive so-
lutions for every step of the customer’s process. This can also act as a liberating
factor for developing new, more innovative solutions for customers.

Data that is being used in CPM can be obtained either directly from custom-
ers or from objects used by customers. Customers can themselves produce data
related to health, behavior or purchase history etc. whereas the objects they in-
teract with can collect data such as the condition of the product or event log. Data
is recorded and collected during customer’s processes and then produced into
information in the company’s own processes. The content of the information that
is received from the data can either relate to the current state of the data source
such as customer’s health, or to the process that the data source is experiencing
such as the fuel intake during a commute. With the provided information, cus-
tomers can monitor their performance on certain tasks such as driving a car or
exercising and then change their behavior according to the goal they want to
achieve. The goals may for example include increased efficiency, speed or a more
sustainable way of performing the task. Value-in-use is eventually created when
customers succeed in completing these processes and reaching their desired
goals (Lim et al. 2019.)

2.2.2 Benefits

The implementation of reverse use of customer data contains several benefits. For
example, as a by-product of the phenomenon, new revenue models can be cre-
ated either by adding reverse use of customer data to existing services or by de-
veloping new service models. This can eventually develop into a competitive ad-
vantage that is more difficult to emulate since the data produced by the com-
pany’s individual customers is always unique. Information that is relevant, inter-
esting and tailored for each customer based on the data they have created also
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acts as a great tool for a pull marketing strategy that aims to build lasting rela-
tionships between the company and its customers (Saarijérvi et al. 2014.)

The underlying factor behind reverse use of customer data creating com-
petitive advantage is increased customer loyalty. Researchers Saarijarvi et al.
(2016) found that customers are more likely to stay loyal to a company when the
company is providing them with useful information that is beneficial for their
well-being. This is based on the logic of reverse use of customer data where the
accuracy of the information obtained from the data increases as the customer
concentrates their purchases towards one company. With more accurate infor-
mation, customers are also better able to improve their well-being and receive
greater value from their interaction with the company. The positive impact of
reverse use of customer data is even greater when combined with a customer
loyalty program that already offers benefits to its members based on purchasing
volume (Saarijdrvi et al. 2016.) The interactive aspect of sharing information
based on customer data can also create an emotional choice factor that further
increases the formation of competitive advantage through higher affective
switching costs (Meyer-Waarden, 2007).

Lastly, reverse use of customer data can help to dispel customers” doubts
about CRM practices by avoiding activities known as “the dark side of CRM”
(Boulding et al. 2005; Humby et al. 2004; Ngai, 2005). According to Frow et al.
(2011), some of the doubts and fears that customers experience related to sharing
their personal data include misuse of information, invasion of privacy and efforts
to use customer data to strengthen customer lock-in strategies. Sharing the data
with customers can increase the transparency of the CRM practices by showing
what kind of data is being collected and how it can be used for the customer’s
benefit.

2.2.3 Challenges and future research

In addition to the benefits, there are several challenges associated with reverse
use of customer data. For example, companies' willingness and motivation to
share customer data may be weak or the company's ability to produce useful and
interesting information from the data may be limited (Saarijarvi et al. 2013). Chal-
lenges may also arise in contrary activities where companies focus only on cus-
tomer’s value creation and use an excessive number of resources to create addi-
tional value from customer data (Gupta & Lehman, 2005). As a result, the overall
profitability of utilizing reverse use of customer data decreases, creating a service
paradox where investing in new value creation services fails to increase revenues
gained from them (Gebauer et al. 2005). Conducting empirical research about the
topic and gathering more information about the different reasons behind these
challenges plays an important role in understanding the phenomenon.
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When dealing with customer data, concerns about data privacy and correct
data management are constantly present. According to Menon (2019), new regu-
lations such as GDPR have forced companies to make changes to their marketing
activities, specifically those based on customer data, in order to comply with the
requirements. The standard for dealing with customer data is now higher and
the process of collecting, processing and deleting the information needs to be
more transparent. Due to the regulations, some companies may have even trans-
formed their way of collecting and processing customer data completely. While
these changes are largely positive and necessary for both parties, the wide-rang-
ing use of customer data in business processes requires careful observance of
strict privacy legislations, for which not all companies have enough resources
and expertise.

In order to obtain sufficient customer data, customers must be willing to
share their own personal data with the company. According to Schoenbachler
and Gordon (2002), the proliferation of customer data collection and the increase
in the amount of data collected by each company have, however, created privacy
concerns among consumers. If the risk of misusing customer information is per-
ceived as high by the customer, their willingness to engage in activities where
customer data is being used might be lower. Establishing trust with customers
by having more transparent data management processes and avoiding the previ-
ously discussed dark side of CRM can increase customer’s willingness to share
information with the company (Leppéniemi et al. 2017).

For future research, a further investigation towards the customer’s perspec-
tive on reverse use of customer data would provide an interesting research topic.
For example, questions on how consumers feel about companies utilizing their
data and how likely they are to give more data to receive better service are topics
that need to be covered to create a wider picture about the phenomenon (Saari-
jarvi et al. 2014). As for the more extensively covered business perspective, new
research could focus on investigating new business models that can be created
through reverse use of customer data (Saarijarvi et al. 2016).

2.3  Research model and hypotheses

2.3.1 Concepts in the research model

The concept of perceived value is described as the consumer’s perception of the
benefit of a product or a service that is received in comparison to its expenses
(Chu & Lu, 2007; Kim et al. 2007). Following this definition, the perception of
value can be reinforced by either having the product or the service contain more
benefits or by reducing the expenses related to the purchase and use of said prod-
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uct/service (Lovelock & Wirtz, 2007). This study focuses on the former by ob-
serving on the additional benefits created for customers with reverse use of cus-
tomer data.

According to previous studies about online services, perceived value has
repeatedly been named one of the most significant factors to influence consumers
(Kim et al. 2007; Chu & Lu, 2007; Lu & Lin, 2012; Lin et al. 2012) and especially
their purchase behavior and willingness to pay for a service (Hsiao & Chen, 2017).
Comparing the perceived value of a service to its costs is an important part of a
customer’s service evaluation process also among streaming services (Almquist
et al. 2016), an industry in which the case company of this research is operating
in.

Attitude can be described as a positive feeling that the customer has towards
something (Hsiao & Chen, 2017), in this context a service that engages in data-
based value creation activities. Attitude has been found to have a strong positive
impact on customers’ behavioral intentions (Park & Chen, 2007; Hsiao, 2013), for
example the intention to purchase based on attitude towards online purchasing
(Van der Heijden et al. 2003). In a study by Prendergast et al. (2010), customer’s
attitude towards an online forum was also found to be a powerful predictor of
purchase intention.

Customer loyalty is an important part of company’s profitability since it
measures the customer’s level of engagement and commitment to the company’s
offering, such as the company brand, products, services and other activities (Un-
cles et al. 2003). Loyalty can be viewed as either attitudinal loyalty where a cus-
tomer is considered loyal based on their positive attitudes towards the company,
or behavioral loyalty, where customers express their loyalty by continuing to buy
from the company and to use their products or services (Peppers & Rogers, 2004).
Loyalty can also be indicated through secondary behavior such as positive word-
of-mouth and recommendations (Jones & Sasser, 1995; Uncles et al. 2003; Aksoy,
2013).

Due to the impact customer loyalty has on profitability, companies need to
constantly measure and manage it (Reichheld, 2004). Businesses measure cus-
tomer loyalty with several different metrics such as repurchase intention (Reich-
held & Sasser, 1990) and recommend intention (Keiningham et al. 2011). Repur-
chase intention can be described as the probability of the customer engaging in
future repurchase behavior (Seiders et al. 2005), or the customer’s willingness to
keep buying the product or service from the same provider (Hamza, 2013). The
effect of repurchase intention to a company’s performance has found to be sig-
nificant, therefore making it one of the most critical measurements for the com-
pany’s management as well as for academic researchers (Aksoy et al. 2012). As
for recommend intention, the term is described as the probability of a customer
recommending the company and saying positive things about the company to
other people (Zeithaml et al. 1996; Leppdniemi et al. 2017).
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2.3.2 Research hypotheses

After reviewing the theoretical framework surrounding the phenomenon,
it can be concluded that while reverse use of customer data has been the main
topic in several studies, there is little empirical evidence of its measured impact
on customer value, attitudes and loyalty. The aim of this study is to fill this gap
in the existing literature and provide evidence of the impact that reverse use of
customer data has on customers. The results of the study can be used to demon-
strate the potential benefits of using customer data as a tool for value co-creation,
which in turn provides new insights for the development of reciprocally benefi-
cial customer relationships (Saarijarvi et al. 2014). Furthermore, when the find-
ings of the reverse use of customer data are combined with discussion around
widely used performance measures, service providers can be more motivated to
find new ways to delight customers by using customer data (Saarijdrvi et al. 2016).

The positive relationship between perceived value and customer loyalty has
been supported in several studies (Brodie, Whittome & Brush, 2009; Grosso &
Castaldo, 2015; Sirdeshmukh, Singh & Sabol, 2002; Yang & Peterson, 2004). In
previous literature, the concept of attitudinal loyalty has been viewed both as a
broader term including the measures repurchase intention and recommend in-
tention (see e.g., Zeithaml et al. 1996) as well as a combination in which these two
measures are considered as separate constructs. However, based on previous
studies (De Matos & Rossi, 2008; Watson et al. 2015), the unidimensional con-
struct of loyalty should be avoided and the preferred method for investigating
the phenomenon would be to use repurchase intention and recommend intention
as separate measures. Hence, this study will measure customer loyalty by exam-
ining these two constructs and then combining the results.

According to prior studies, repurchase intention is positively influenced by
customer perceived value (Baker et al. 2002; Grewal, Monroe & Krishnan, 1998;
Zeithaml, 1988). For this study, repurchase intention is replaced with the term
payment intention. This is because the empirical part of the study examines a
subscription service where payments are made regularly and without a separate
purchase decision for each payment. In their study, Hsiao and Chen (2017) inves-
tigated the factors affecting the payment intention of an e-book subscription ser-
vice and found that along with positive attitude towards the service, perceived
value had a strong positive impact on payment intention. In addition, perceived
value was also mentioned as a critical component in other studies regarding the
motivational factors behind the willingness to pay for digital products and ser-
vices (Lu & Hsiao, 2010; Park & Chen, 2007). Studies have also shown a positive
relationship between perceived value and recommend intention (Gruen et al.
2006; Hartline & Jones, 1996, McKee et al. 2006). Thus, the following hypotheses
are proposed:

H1: Perceived value has a positive effect on payment intention.
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H?2: Perceived value has a positive effect on recommend intention.

In addition to having a strong influence on customer loyalty factors, perceived
value has also been found to have a positive relationship with attitudes toward
the service (Hsiao & Chen, 2017; Lin, 2007; Kim & Forsythe, 2008). Hence, the
following hypothesis is proposed:

H3: Perceived value has a positive effect on attitude towards the service.

As mentioned before, attitude towards the service has also been confirmed to
have a strong positive influence on payment intention, which makes it the second
major antecedent of customer loyalty along with perceived value (Hsiao & Chen,
2017). The predictive qualities of attitude towards purchase intentions in online
environment were specially demonstrated by Prendergast et al. (2010). Since rec-
ommend intention is considered as the second construct measuring customer
loyalty besides payment intention, this research predicts that attitude will also
have a positive impact on recommend intention. The hypotheses regarding atti-
tude towards the service are the following;:

H4: Attitude towards the service has a positive effect on payment intention.
H5: Attitude towards the service has a positive effect on recommend intention.

Reverse use of customer data has a supporting role in delivering the company’s
value proposition to customers. With the available information, the company
gives customers more resources for their own value creation, which in turn helps
the company meet their expectations (Chesbrough, 2007). The value that is being
created during this process is also more diverse and profound (Saarijdrvi et al.
2014) and can create functional and economic benefits (Rintaméki et al. 2007),
eventually broadening the company’s value proposition opportunities. The
value-creation potential of giving the data back to the customers has even been
pointed out by behavioral economists (Thaler & Tucker, 2013).

As mentioned previously while covering the findings of Saarijdrvi et al.
(2013), customers are likely to be more loyal to the company when the process of
reverse use of customer data provides them with relevant and interesting infor-
mation. The impact is further amplified when the loyalty to purchase from one
supplier is directly linked to the quality and accuracy of the information, such as
in health-related recommendations that are based on customer’s purchase data.
This creates a win-win situation where higher loyalty equals better information
and hence, more value for the customer (Saarijarvi et al. 2014).

In the following hypotheses, data-based value creation acts as a moderator
to earlier hypotheses H1 and H2. The graphic representation of this dynamic can
be seen in Figure 4.
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H6: Data-based value creation strengthens the positive effect of perceived value to-

wards payment intention.

H7: Data-based value creation strengthens the positive effect of perceived value to-

wards recommend intention.

Data-based value
co-creation

H6 +

H7 +

Perceived

Customer lovalty

Payment

value

Attitude

intention

™a/ Recommend

towards the
service

Hi'+

FIGURE 4 Research model

intention




3 DATA AND METHODOLOGY

3.1 Quantitative research

This research was conducted as a quantitative study due to the explanatory na-
ture of the research model. Quantitative research methods are used to explain,
describe, compare or predict certain events by using measures to confirm or reject
previously issued hypotheses. The qualities of quantitative research include
structured information, the presentation of information in a numerical form and
the objectivity of the results. In explanatory research, the aim of the study is to
reveal the causes behind a certain phenomenon and investigate the correlation
and possible causalities between the research objectives. (Vilkka, 2007.)

The purpose of this research is to measure the impact of data-based value
creation on customer’s attitudes and loyalty through perceived value, thus ex-
plaining the relationships and correlation between these concepts. Using quanti-
tative measures makes it possible to set more precise estimates on the relation-
ships between the research objectives (Bell et al. 2018). The choice for using quan-
titative methods is also justified in previous marketing literature as topics like
customer perceptions and behaviour have traditionally been studied by using
quantitative methods such as surveys to collect data.

3.2  The case company: Storytel Finland

The empirical part of the research was conducted in collaboration with Storytel,
one of the world’s leading audiobook and e-book streaming services that oper-
ates in 20 markets around the globe, including Finland. The research was done
in collaboration with Storytel Finland.

The company offers its customers a subscription-based service that is used
via an app on iOS and Android mobile devices. By paying a monthly fee for an
ongoing subscription, the customer has access to over 300 000 items including
audiobooks, e-books, podcasts and articles. The Finnish Storytel offers content in
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six languages and has several different subscription alternatives ranging from
limited to unlimited access as well as family subscriptions.

In December 2020, Storytel published a yearly summary feature called Sto-
rytel2020 for the first time in its history. The summary available for Finnish cus-
tomers contained 10 slides of information about their streaming habits such as
total listening time and the number of books the customers had finished during
that year. The summary also consisted of more entertaining information such as
the height of an animal compared to the stack of books the customer had finished,
the number of finished books compared with other users in the same market,
longest reading/listening streak as well as the customer’s most popular author
and narrator.

The last slide of the feature was a summary screen specifically made for
sharing on social media via screenshot. The purpose of the summary was to in-
crease reciprocal interaction between the company and its customers by creating
shareable content for social media channels, gradually leading towards higher
levels of customer loyalty and exposure among consumers. At the time of this
research, there were no other yearly summary features made by other service
providers operating in Finland, which made it possible to also seek competitive
advantage by publishing the feature.

The streaming data was collected from January 1st to November 30t, 2020,
and the summary was accessible for customers from December 2020 until Febru-
ary 2021 via a separate website where the customers could log in with their ac-
count. The release of the summary was communicated to the customers via email
and a notification inside the Storytel app. The summary was available for cus-
tomers who had started to use the service before November 1st, 2020, and who
had streamed at least 30 hours” worth of content between January 1st and No-
vember 30th, 2020. If the customer had been subscribed to the service for less than
3 months, the requirement for total streaming time was 10 hours. These require-
ments were put into place in order to have enough data for a meaningful sum-
mary feature for each customer.

3.3 Data collection method

The empirical data was collected via an online survey. A survey is an example of
a structured data collection method where data is collected to answer specific
research questions (Bell et al. 2018). Since the research questions in this study
explore the relationships between well-known behavioural and attitudinal con-
cepts that have been validated in previous research, this data collection method
was considered to be the most suitable and effective option. Self-administered
surveys such as online surveys where the respondents answer the survey on their
own are also an efficient way to collect data from large groups of individuals and
the results can be generalized to apply to a large population (Nardi, 2018). In
earlier literature, survey as a data collection method has been used in several
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studies about customer perceptions towards online services (Hsiao & Chen, 2017;
Kim et al. 2007; Lu & Lin, 2012).

During the data collection process, an identical questionnaire was sent to
two different customer groups. The first group was the main research group and
consisted of active customers who had opened the Storytel2020 yearly summary.
The second group was the control group that contained customers who had re-
ceived the summary but had not opened it. To increase the comparability of these
two groups, the customers chosen for the control group had to have at least 15
hours of listening time during the last 30 days. The customers in both groups also
had active subscriptions and an existing marketing permission. Since the two
versions of the survey were identical, the only variable between the two groups
would be whether the customers had opened the summary feature or not.

Before the release, the survey was tested by 6 respondents and modified
according to their feedback. For example, some questions were changed to be
easier to understand while trying to maintain the form of the original questions.
After modifying the questions, a link to the survey was sent to each customer
segment through email along with a cover letter on February 10t, 2021. The letter
contained a brief introduction to the survey, addressed the privacy measures re-
garding the survey and gave a notion that the customers would have until the
18th of February 2021 to answer the survey. According to the respondents who
had tested the survey, the answering time was estimated to be approximately 5-
10 minutes.

34  The questionnaire

The respondents were first asked general questions about their reading habits in
order to acquire relevant background information and to create a clear context
around the responses. For example, the respondents were asked to evaluate how
many books they usually read or listen to in one month, how long they had been
using online e-book and audiobook subscription services and how long they had
been using the service provided by the case company. According to earlier re-
search, the length of the relationship in particular is considered a critical deter-
minant of customer loyalty (Wang & Wu, 2012). At the end of the survey, the
respondents were also asked to state their gender, age, the size of their household
and their current occupation. These questions were asked to determine the de-
mographic background of the respondents and to further create a context for the
research results. In previous studies, demographic factors such as gender and age
were also found to have a significant effect on the relationships between cus-
tomer loyalty and relationship marketing (Alrubaiee & Al-Nazer, 2010) as well
as the link between commitment and attitudinal and behavioural loyalty
(Thaichon et al. 2016).

The constructs of the study were taken from the research model. Each of the
constructs were measured by utilizing existing scales from previous studies, thus
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ensuring that the scales were already tested and validated. The complete survey
consisted of 19 questions/statements and can be found in Appendix 1.

Statements for customer perceived value were adapted from a study by Kim
et al. (2007). The study contained the following four statements: “Compared to
the fee I need to pay, the use of the service offers value for my money”, “Com-
pared to the effort I need to put in, the use of the service is beneficial to me”,
“Compared to the time I need to spend, the use of the service is worthwhile to
me”, “Overall, the use of the service delivers good value to me”.

Attitude towards the service was measured by combining statements from
two previous studies (Hsiao & Chen, 2017; Childers et al. 2001) that both exam-
ined the attitudes and behavioral intentions of consumers using online services.
The final scale contained four items in which the respondents were asked to eval-
uate on a scale of 1 to 7 how wise, beneficial and rewarding it was to use the
service and how much they liked to use the service.

Payment intention was measured by adapting two statements from a study
by Hsiao (2011). In both statements, the respondents were asked to consider
whether they would regularly pay for the service in the future. For recommend
intention, one of the measures used was NPS, as respondents were asked to eval-
uate how likely they would recommend the service to a friend or a colleague.
WOM developed by Reichheld (2004) and Zeithaml et al. (1996) was also used to
measure recommend intention by asking the respondents how likely they would
tell positive things about the service. The list containing all research measures
can be seen in Table 1.

All questions regarding the research objectives except recommend intention
were measured by using a 7-point Likert scale where option 1 = completely dis-
agree and option 7 = completely agree. For recommend intention, both questions
regarding NPS and WOM were measured by using a 7-point Likert scale with
option ranging from 1 = not at all likely to 7 = very likely.

TABLE 1 Research measures

Measure Number of | Source
constructs

Perceived value 4 Kim et al. (2007)

Attitudes 4 Hsiao and Chen (2017); Childers et al.
(2001)

Payment intention 2 Hsiao (2011)

Recommend intention 2 WOM by Reichheld (2004) and Zeithaml
et al. (1996), NPS
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3.5 Data analysis

After the survey was closed from the public, the responses were uploaded from
Google Forms to IBM SPSS Statistical Software to analyse the data. Out of 6100
recipients, the total of 676 customers answered the survey (research group =391,
control group = 285). Therefore, the response rate of the survey was 11%. Since
all the questions in the survey were marked as mandatory, there was no need to
check the data for missing values.

With SPSS, the data from two research groups was first combined into one
dataset and the responses from the two groups were distinguished from one an-
other by adding a new dummy variable with the values 1 = had opened the sum-
mary and 2 = had not opened the summary. The data was then prepared and
descriptive qualities and frequencies of questions related to demographic and
background information were analysed in order to gain more context for the re-
sults. Later, a T-test was also used to compare means between the responses of
the two research groups that measured perceived value, payment intention and
recommend intention.

For the confirmatory factor analysis and testing of the research hypotheses,
partial least squares structural equation modelling (PLS SEM) was applied with
Smart PLS 3.0 statistical software due to its ability to cover more complex and
diverse relationships (Hair et al. 2016). In structural equation modelling, factor
analysis and path analysis are combined into one comprehensive methodology
that consists of two parts: the measurement model and the structural model
(Kaplan, 2008). The measurement model portrays the relationships between con-
structs and the structural model is used to measure the significance of these rela-
tionships (Hair et al. 2016).

In addition to measuring correlations between the constructs by using com-
bined data, multigroup analysis (Sarstedt et al. 2011) was conducted to test
whether there were significant differences between the two research groups
(Hair et al. 2016). Before the analysis, a moderating effect was applied to the struc-
tural model as a differentiating factor between the two groups. In multigroup
analysis, the same research model is being tested on different samples of re-
spondents and the results are compared to each other to reveal statistically sig-
nificant differences between the individual samples. (Hair et al. 2016).



4 RESULTS AND ANALYSIS

The following chapter contains the results of this research. First, demographic
and background information are introduced to understand the context of the re-
sults. Then, a measurement model is applied to investigate the validity of the
measures used in the empirical part of the research before presenting the results
regarding the research model and hypotheses with a structural model.

41 Demographic and background information

Demographic information for both research groups as well as combined data is
presented in Table 2. Out of all respondents, the majority (79.6%, N=538) were
female and 18.9% (N=128) were male. Only 1.5% of the respondents (N=10) chose
the option “other or prefers not to say”. The largest age group among the re-
spondents was 40-49 years (26.8%, N=181), followed by 30-39 years (23.1%,
N=156) and 50-59 years (19.7, N=133). Respondents under 20 years or over 70
years composed only 7.1% of the total responses. Based on these results, the ma-
jority of the respondents can be assumed to be middle-aged and women.

Almost 40% of the respondents stated that they were living in a household
of 2 people (39.9%, N=270) and the second largest group were respondents living
in a 1-person household (19.5%, N=132). For occupation, vast majority of re-
spondents chose the option “Employed, full time or fixed term” (61.2%, N=414).
The second largest group (17.9%, N=121) chose the option “Retired”. In total,
only about 12% of the respondents identified as students, part-time employees
or unemployed, groups that are traditionally viewed as people with lower in-
come.

The respondents of this study were not asked to state their yearly income.
However, based on the results for household size and occupation, it can be as-
sumed that the majority of respondents have sufficient income in order to con-
tinue paying for the subscription service if they consider the service to be valua-
ble for them.
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TABLE 2 Demographic information

GROUP1 GROUP 2 COM-

(SUM- (SUM- BINED

MARY MARY DATA

OPENED) NOT

OPENED)

N % N % N %
Group 391 57.8 285 422 676 100
Gender
Male 67 17.1 61 214 128 189
Female 317 81.1 221 77.5 538  79.6
Other or prefers not to say 7 1.8 3 1.1 10 1.5
Age
Under 20 years 3 0.8 3 1.1 6 0.9
20-29 41 10.5 15 5.3 56 8.3
30-39 104  26.6 52 18.2 156 231
40-49 108  27.6 73 25.6 181  26.8
50-59 76 19.4 57 20.0 133 19.7
60-70 40 10.2 62 21.8 102 151
Over 70 years 19 4.9 23 8.1 42 6.2
Household size
1 72 18.4 60 211 132 195
2 149 381 121 425 270 399
3 65 16.6 40 14.0 105 155
4 76 19.4 40 14.0 116 172
5 22 5.6 17 6.0 39 5.8
More than 5 7 1.8 7 2.5 14 2.1
Occupation
Student 18 4.6 15 53 33 49
Employed, full time or fixed term 258  66.0 156 547 414  61.2
Employed, part-time 15 3.8 6 21 21 3.1
Entrepreneur 35 9.0 25 8.8 60 8.9
Retired 46 11.8 75 26.3 121 179
Unemployed 19 49 8 2.8 27 4.0

All answers for questions concerning background information are presented in
Table 3. The responses stated that 45.6% of the respondents (N=308) read approx-
imately 3-5 books a month and 29.4% read more than 5 books. In conclusion, 75%
of the respondents stated that on average, they read at least 3 books every month.

Over 60% of the respondents stated to have used e-book and audiobook
streaming services for over 12 months (62.9%, N=425). Regarding the use of Sto-
rytel in particular, 43.6% (N=295) of the respondents had been using the service
for over 12 months and 27.8% (N=188) for 6-12 months.
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Based on the responses for these background questions, it can be assumed
that the majority of respondents are active users of e-book and audiobook stream-
ing services, have used them for a longer period of time and are also familiar with
using Storytel. These results were expected since the recipients of the survey were
chosen from customers with active subscription and more than 15 hours of lis-
tening time in the last 30 days.

TABLE 3 Background information

GROUP1 GROUP 2 COMBINED

(SUMMARY (SUMMARY DATA

OPENED) NOT

OPENED)

N % N % N %
Books per month
Less than 1 book 5 1.3 3 1.1 8 1.2
1-2 books 94 24.0 67 23.5 161 23.8
3-5 books 167 42.7 141 495 308 45.6
More than 5 books 125 32.0 74 26.0 199 29.4
Service use
Less than 3 months 5 1.3 50 17.5 55 8.1
3-6 months 19 49 36 12.6 55 8.1
6-12 months 87 22.3 54 18.9 141 209
Over 12 months 280 71.6 145 50.9 425 62.9
Storytel use
Less than 3 months 8 2.0 83 29.1 91 13.5
3-6 months 44 11.3 58 204 102 15.1
6-12 months 127 325 61 214 188 27.8
Over 12 months 212 54.2 83 29.1 295 43.6

Potential differences between the demographic and background information of
the two research groups were measured with Mann-Whitney U test, a commonly
used test for comparing means of two independent samples (Karjaluoto, 2007).
According to the test results, there were no significant differences in gender,
household size, occupation and the number of books in a month between the
groups. However, the difference between the two groups was found to be signif-
icant (p<0.001) with age (U=43983.5, W=120619.5), service use (U=40687.0,
W=81442.0) and the use of Storytel (U=32772.5, W=73527.5).

On average, the respondents in group 1 were younger than in group 2.
While the mode in both groups was the option “40-49”, group 1 had more an-
swers in options “20-29,”, “30-39” and “40-49” while group 2 had more answers
in options “50-59”, “60-69” and “Over 70 years”. The comparison between the
groups can be seen in Figure 5.
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FIGURE 5 Age comparison between research groups

For questions related to service use and the use of Storytel, respondents in group
1 had more answers in the last two options “6-12 months” and “Over 12 months”
compared to the other group, whereas respondents in group 2 had more answers
in the first two options “Less than 3 months” and “3-6 months”. The results indi-
cate that the respondents in group 1 had more experience in using Storytel and
similar services compared to group 2. The visual representation of this compari-
son can be seen in Figure 6.

Service use Use of Storytel
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FIGURE 6 Comparison between research groups, service use and use of Storytel

The demographic information presented above need to be considered when gen-
eralizing the results of this study to a larger population. In addition, the results
need to be taken into consideration when analyzing the impact of data-based
value creation since they indicate that contrary to the initial assumptions, the two
research groups are not identical.
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For this research, data-based value creation was used as a differentiating
factor between the two research groups and its impact on the research model was
predicted in hypotheses H6 and H7. A dummy variable created at the beginning
of the analysis was utilized for the statistical analysis to indicate the two research
groups (1 = had opened the summary, 2 = hadn’t opened the summary).

Before analyzing the effect of data-based value creation with a moderator
effect, a T-test was conducted in SPSS to measure the potential differences of
means between the two research groups. T-test is used to compare the means of
two independent groups by first measuring the equality of variances and then
reporting the results for both equal and unequal variances (Karjaluoto, 2007). The
constructs included in the test were perceived value, payment intention and rec-
ommend intention. The equality of variances for these constructs was first meas-
ured with Levene’s test. With all constructs, the null hypothesis of the variances
being equal was rejected and the results of the test were read from the row “Equal
variances not assumed”. The results of the test can be seen in Table 4.

TABLE 4 Results of the T-test

Construct Group N Mean Levene’s P (Equal vari-
test (S5ig.) ances not as-
sumed)

Perceived value 1 391 6,11 .002 .001
2 285 5,88

Payment intention 1 391 6,27 .000 .000
2 285 5,83

Recommend intention 1 391 6,29 .013 .002
2 285 6,04

The results state that perceived value, payment intention and recommend inten-
tion all had higher means in group 1 where the respondents were exposed to the
reverse use of customer data, and that the difference between the means was sig-
nificant for all three constructs.

4.2 Measurement model

Before testing the structural model for significant relationships, the measurement
model needed to be verified for its internal consistency, reliability as well as con-
vergent and discriminant validity (Fornell & Larcker, 1981; Hair et al. 2016). First,
the internal consistency and reliability of the model was measured by examining
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the factor loadings of each construct item. All factor loadings exceeded the satis-
factory level of 0.60, the lowest value being 0.784. The statistical significance of
these factor loadings was measured by t-values, in which the minimum value for
statistically significant results is 1.96. All of the t-values measured well above this
minimum, the lowest value being 41.642. The results seen in Table 5 demonstrate
good reliability for the measurement model.

TABLE 5 Factor loadings and t-values

FACTORS AND ITEMS STANDAR- ¢-VALUES
DIZED
LOADINGS
Perceived value
1. Compared to the fee I need to pay, the use of Storytel offers 0.784 46.906
value for my money.
2. Compared to the effort I need to put in, the use of Storytel is  0.835 51.536
beneficial to me.
3. Compared to the time I need to spend, the use of Storytel is 0.856 54.548
worthwhile to me.
4. Overall, the use of Storytel delivers good value to me. 0.854 59.592
Attitude
1. I like using Storytel. 0.794 41.642
2. Using Storytel is beneficial to me. 0.862 60.356
3. Using Storytel is rewarding to me. 0.864 66.156
4. Using Storytel is sensible to me. 0.845 52.361
Payment intention
1. I am going to continue using Storytel. 0.971 189.539
2. I predict that I could continue using Storytel in the 0.973 216.406
future.
Recommend intention
1. How likely would you recommend Storytel to a 0.968 179.428
friend or a colleague? (NPS)
2. How likely would you say positive things about Sto- 0.969 180.569

rytel to a friend or a colleague? (WOM)

The internal consistency of the individual constructs was measured with compo-
site reliability. All constructs received high values of over 0.90, which indicated
good consistency inside the constructs. Average variance extracted (AVE) was
used to estimate the convergent validity of the measurement model by measur-
ing the variance captured by the construct in proportion to the variance due to
measurement error (Fornell & Larcker, 1981). For the model to have good con-
vergent validity, the AVEs should be above 0.50. Additionally, the square root of
AVE should be higher than the correlation values between constructs to prove
that the constructs are independent from one another (Fornell & Larcker, 1981).
In this research, all AVEs were at a satisfactory level and the square root of
AVE had higher values than the correlations between other constructs, thus in-
dicating satisfactory levels of convergent and discriminant validity. Table 6
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shows the results for AVEs, construct correlations and square roots of the AVEs
as well as means, standard deviations and composite reliabilities of the constructs.

TABLE 6 Average variance extracted (AVE), construct correlations, square roots of AVEs
(diagonal), means, standard deviations and composite reliabilities

AVE 1 2 3 4 5 6 7 8
PERVAL- (1) 0.693 0.833
ATTITUDE (2) 0.708 0.729 0.842
PAYINT?® (3) 0945 0.680 0.602 0.972
RECINTc< (4) 0938 0.686 0.710 0.716 0.968
AGE (5) n/a -0.015 -0.031 0.012 0.039 n/a
SERVUSEH (6) n/a 0189 0.140 0.223 0.155 -0.076 n/a
STORUSE?e (7) n/a 0236 0201 0311 0210 0.019 0.729 n/a
DATAf (8) n/a -0.136 -0.143 -0.189 -0.123 0.182 -0.320 -0.411 n/a
Mean - 6.022 6174 6.089 6.186 n/a n/a n/a n/a
Standard De- - 0829 0801 1.161 0.984 n/a n/a n/a n/a
viation
CRse - 0900 0907 0972 0.968 n/a n/a n/a n/a

Notes: * PERVAL = Perceived value,  PAYINT = Payment intention, < RECINT = Recommend intention,
4 SERVUSE = Service use, ¢ STORUSE = Use of Storytel, fDATA = Data-based value creation, 8 CR =
Composite reliability, n/a = Not applicable.

4.3  Structural model

Structural model evaluation was used to test the research hypotheses. When es-
timating the direct effects between variables, a path-weighting scheme was first
applied. A standard bootstrapping procedure with 6800 re-samples was then
used to test the significance of these paths. The graphical illustration of the em-
pirical model path coefficients, t-values and R2 values can be seen in Figure 7.

R2 values, also known as coefficients of determination, were measured for
the three dependent variables (attitude, payment intention and recommend in-
tention) to determine the proportion of variance that is explained by the inde-
pendent constructs in the model (Karjaluoto et al. 2014). According to the results,
the model explains over 50% of the R? of all dependent variables, the highest
value being for recommend intention (R?= 0.569).

According to the results, perceived value has a significant positive effect on
payment intention (8 = 0.477, p < 0.01), recommend intention ( = 0.354, p < 0.01)
and attitude (f = 0.729, p < 0.01). Thus, hypotheses H1, H2 and H3 are all sup-
ported by the research data. The results also showed significant positive relation-
ship between attitude and payment intention (8 = 0.216, p < 0.01) as well as atti-
tude and recommend intention (8 = 0.446, p < 0.01), thus supporting hypotheses
H4 and H5.

The effects between the two dependent variables measuring customer loy-
alty (payment intention and recommend intention) and the control variables (age,
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service use and the use of Storytel) were also tested. The results of these tests
indicate that there is a significant positive relationship between age and recom-
mend intention (8 = 0.060, p < 0.01) as well as the use of Storytel and payment
intention (f = 0.151, p < 0.01). The findings did not show significant results be-
tween the other four relationships that were tested. The results regarding the
moderator effect of data-based value co-creation are explained in the following
section.

Data-based value

co-creation
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FIGURE 7 Empirical model with path coefficients and t-values

As mentioned in chapter 4.1, the two research groups were previously found to
have significant differences between the average levels of perceived value, pay-
ment intention and recommend intention when measured with a T-test, group 1
having higher means in all three constructs. In order to test whether the reverse
use of customer data could act as a strengthening factor for the positive rela-
tionship between perceived value and customer loyalty, hypotheses H6 and H7
were analyzed with Smart PLS by adding a moderator effect to the structural
model.

Moderator effect can be described as a situation where an independent
variable or a construct of the model has an impact on the relationship between
two other constructs by changing its strength or direction (Hair et al. 2016). In
this study, the dummy variable was used as a categorical moderating variable
(Hair et al. 2016) when examining the impact of data-based value creation to the
relationship between perceived value and payment intention (H6) and per-
ceived value and recommend intention (H7). According to the results, data-
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based value creation did not have a significant moderating effect on either of
the relationships mentioned earlier. Thus, hypotheses H6 and H7 are not sup-
ported. The summary of results for the structural model and hypotheses can be
seen in Table 7.

TABLE 7 Results of the structural model and hypotheses

H1: Perceived value — Payment intention Supported
H2: Perceived value — Recommend intention Supported
H3: Perceived value — Attitude Supported
H4: Attitude — Payment intention Supported
Hb5: Attitude — Recommend intention Supported
Hé6: Data-based value creation * Perceived value — Payment intention Not supported
H7: Data-based value creation * Perceived value — Recommend intention Not supported
Age — Payment intention Not supported
Age — Recommend intention Supported
Service use — Payment intention Not supported
Service use — Recommend intention Not supported
Use of Storytel — Payment intention Supported

Use of Storytel > Recommend intention Not supported




5 CONCLUSIONS

This chapter presents the final conclusions that can be drawn from the results
introduced in the previous chapter. First, theoretical contributions are formed by
answering the research questions and making other observations based on the
empirical findings. Managerial implications regarding the results are then
pointed out before presenting the evaluation of the research, limitations as well
as suggestions for future research.

5.1 Theoretical contributions

This study investigated the relationships between perceived value, attitudes and
customer loyalty measures (payment intention and recommend intention) as
well as the effect of data-based value creation feature towards these relationships.
The research questions for the study were the following:

How does data-based value creation affect the customer’s perceived value towards the
service?

How does data-based value creation affect customer loyalty in the form of payment inten-
tion and recommend intention?

To answer the research questions, a quantitative empirical study was conducted
and the data for the study was collected through an online survey. The empirical
part of the study was made in collaboration with the e-book and audiobook
streaming service Storytel, and the context of the results are therefore most ap-
plicable to subscription services.

According to the results, perceived value was found to have a significant
positive effect on payment intention, recommend intention as well as attitudes
towards the service. In addition, attitude was found to have a significant positive
effect on payment intention and recommend intention. It can be concluded from
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the results that perceived value as well as attitude towards the service are factors
that both have a major impact on customer loyalty when viewed by these two
metrics. Similar results can also be found in previous studies about digital prod-
ucts and services (Lu & Hsiao, 2010; Park & Chen, 2007; Hsiao & Chen, 2017).

The two research questions as well as hypotheses predicting the effect of
data-based value creation services were assessed by comparing the two research
groups to each other and by applying a moderating effect to the research model.
One of the assumptions behind the research questions was that through the
added value generated by the service, the customer would experience an increase
in the perceived price-quality ratio of the service and would therefore be more
willing both to pay for the service and to recommend it to his acquaintances. This
assumption is supported by several previous research mentioned in chapter 2.3.2
(Research hypotheses), where the reverse use of customer data was said to help
the company meet the customers’” expectations regarding the service
(Chesbrough, 2007), create value that is more diverse in nature (Saarijdrvi et al.
2014) and produce both functional and economic benefits (Rintamédki et al. 2007).
The social dimension of the service and the ability to pass on the information
produced by the customer’s own usage data were also assumed to strengthen the
relationship between perceived value and loyalty.

According to the results, the average values for perceived value, payment
intention and recommend intention were higher in the first research group in
which the respondents had opened the summary feature containing customer
data. However, the moderating effect, portraying the positive effect of data-based
value creation service towards the relationship between perceived value and cus-
tomer loyalty measures, did not receive significant results and was therefore not
supported. These results gave an interesting contrast to the initial hypotheses and
research questions, which is why further research would be beneficial to better
understand the direct and indirect effects of reverse use of customer data and
how these effects can change depending on the type of service and other prede-
fining features.

One of the reasons explaining the results could be that the positive effect of
the additional service on the perceived price-quality ratio was not strong enough,
which is why the moderating effect of perceived value to payment intention and
recommend intention did not yield significant results. The content that was pro-
duced from customer data can be assumed to be a critical tool in creating this
positive effect. The information provided by the service that was the target of this
research was mainly created for entertainment purposes, which made it more
difficult to provide the customer with more impactful information such as tips
on living a more economical lifestyle or on more environmentally friendly con-
sumption habits. The more important the customer perceives the information to
be, the more likely it is that the customer will also start to favor the service over
competitors due to the additional value that they get through the information
(Saarijarvi et al. 2013, 2014).
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It can be concluded from the results that the reverse use of customer data
can have a direct positive effect on perceived value, payment intention and rec-
ommend intention, while the use of data-based value creation service was not
found to have a significant effect on the positive relationship between perceived
value and loyalty metrics. With reference to the research questions, it can be said
that data-based value creation can have a direct positive effect on perceived value
and customer loyalty when the two are viewed as separate constructs.

Comparing the results to previous studies proved to be rather difficult due
to the lack of empirical research on the effects of data-based value creation on
customer value and loyalty. Most studies have examined the topic by either pre-
senting a theoretical framework (Lim et al. 2019) or describing the phenomenon
through a case company (Saarijérvi et al. 2013; Saarijarvi et al. 2014). However,
the unifying factor of these previous studies is the strong assumption that reverse
use of customer data can lead to higher levels of perceived value. This assump-
tion is matched with the results of this research as the respondents who were
exposed to the reverse use of customer data reported higher values of perceived
value than the respondents in the control group.

Although not being part of the initial research questions, the results also
gave valuable information on how different demographic qualities can affect the
customer’s willingness to engage in data-based value creation activities or to use
such services. According to the results, age was one of these qualities since the
research group that had opened the summary consisted of younger respondents
than the control group. The results from this research can therefore be general-
ized into an assumption that older customers are less likely to use services or
activities featuring reverse use of customer data. This assumption can also be ex-
plained by the fact that the younger generations of consumers are in general more
comfortable with using new technology than the older generations.

The average values for customer’s relationship age and experience in using
similar services were also higher in the group that had opened the summary com-
pared to the control group. This difference can be seen as an indication that the
longer the customer has used the service, the more likely they are to engage in
additional activities such as data-based value creation features. This seems logi-
cal as long-time customers usually experience good levels of customer satisfac-
tion and are more committed to the company. In the context of data-based value
creation, long-time customers also have created more data than newer customers
and are therefore able to benefit from the service on a greater scale.

5.2 Managerial implications

The results of this research can be beneficial to service providers who are consid-
ering new ways to utilize the customer data their business processes are creating.
The results are particularly applicable to subscription services that collect usage
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data in a continuous manner and are thus capable of creating real-time statistical
information from their customers’ consumption habits.

As stated in theoretical contributions, perceived value has a significant ef-
fect on attitude towards the service as well as customer loyalty measures such as
payment intention and recommend intention. When comparing the two research
groups, the average level of perceived value was found to be higher with re-
spondents who had opened the summary feature. Since maximizing the com-
pany’s value creating efforts is extremely important especially in more competi-
tive markets with several providers offering similar services, these results can act
as a motivational factor for businesses to start applying reverse use of customer
data into their processes. Utilizing already existing resources like customer data
in a new way can be a cost-effective way to help customers create more value for
themselves and consequently become more loyal.

For businesses that are already utilizing reverse use of customer data in
their value creation processes, the results of this research suggest that these ad-
ditional efforts are likely to have an incremental positive effect on not only per-
ceived customer value, but also on attitudes as well as loyalty measures. Alt-
hough the phenomenon requires more research around what type of information
results in the highest level of perceived value, following notions can already be
made based on previous research: The information should be interesting, rele-
vant and useful to the customer, preferably in a way that the information gets
more accurate and high-quality the more the customer uses the service. One ex-
ample of this is information related to health or economical efficiency where sug-
gestions can be made based on purchase data or data that is generated while us-
ing the service. The more useful and accurate the information is, the stronger ef-
fect it will have on perceived value and eventually, customer loyalty.

Lastly, there are a few practical suggestions regarding the objective of this
study. When it comes to the content of future Storytel2020 summary features, the
academic research suggests focusing on creating information that resonates with
customers’ values and include metrics that they consider important and/or use-
ful. Some examples include information related to sustainability, such as how
much paper was saved due to the customer listening or reading the book in a
digital form, or information about health benefits like the positive psychological
effects of reading and listening to a book compared to other forms of entertain-
ment such as watching television. The possibilities for developing more interest-
ing information are constantly improving, and businesses collecting customer
data should always look out for new ways to delight their customers with new
insights of their consumption habits.

5.3 Evaluation of the research

In academic research related to business and management, reliability, replicabil-
ity and validity are the most important principles when evaluating a research.
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Reliability and measurement validity are especially significant in quantitative re-
search since they act as indicators for the suitability of measures. Reliability
measures the consistency of a construct and validity refers to the construct’s abil-
ity to measure a certain concept (Bell et al. 2018.) The validity of the study was
reinforced in the research survey by using well known metrics (NPS, WOM) as
well as metrics from empirical studies in which they had been found to work well.
The survey was tested with several test users, and the necessary changes were
made to the survey before it was published based on user feedback.

The number of responses was adequate, which increased the generalizabil-
ity of the results and made it possible to conduct several different analyses to test
the hypotheses. The analysis was carried out using two software, SPSS and Smart
PLS, which enabled the use of various tests for a more comprehensive set of re-
sults. SPSS was used for preliminary analysis, the analysis of descriptive qualities
of demographic and background information as well as the comparison of means
between the two research groups. The validity and reliability of the model was
then measured, and the research hypotheses were tested with Smart PLS by us-
ing structural equation modelling (SEM).

In the confirmatory factor analysis, all factor loadings were on a satisfactory
level and their significance was confirmed with high t-values, indicating good
internal consistency and reliability of the measurement model. Composite relia-
bility values measuring the consistency of individual constructs also gave good
results. The convergent validity of the model was measured by AVE and the
quare root of AVE was used to ensure the independence between constructs.
Both measures gave satisfactory results that indicated good convergent and dis-
criminant validity (Fornell & Larcker, 1981). Lastly, the results of this study were
similar to previous studies and could further confirm their hypotheses, which
can be seen as another sign of good validity.

5.4 Limitations of the research

This research has a few limitations related to the data collection method and the
reliability of the results. The survey used in the empirical part of the research was
targeted towards Finnish customers, so the initial measures had to be translated
into Finnish and consequently some statements had to be modified to be more
understandable. This could have caused differences in the respondent’s interpre-
tation since the meanings of the Finnish statements were not necessarily under-
stood in the same way as their English counterparts.

The recipients for the research survey were selected from customers who
were active users and who had access to the summary feature. Despite these cri-
teria, the two research groups were found to be non-identical as regards to age
and the previous experience in using Storytel or similar services. Although most
of the respondents were active and long-time users, the respondents who had
opened the summary were, on average, more experienced in using both e-book
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and audiobook services as well as Storytel. This can be seen as one of the reasons
for the higher values of payment intention in group 1, as long-time customers
usually have deemed the service to be worth their money and are thus more
likely to continue paying for the subscription. In the survey, group 2 also received
less responses than group 1, which can affect the reliability of comparing these
two groups.

In the first research group, the survey was sent to customers who had re-
ceived and opened the link for the summary feature containing customer-gener-
ated data. However, the amount of time and effort that each customer used to
observe the summary feature could not be measured and therefore it is impossi-
ble to know for certain if every customer in research group 1 had read through
the summary in comparison to just quickly skimming through it.

Lastly, this research focused on online subscription services, and therefore
the results cannot be directly applied to other business models and industries
without first considering their differences. Comparing multiple companies in dif-
ferent industries on their use of data-based value creation services would how-
ever be an interesting topic for future research, which is why it is also mentioned
in the following chapter.

5.5  Future research suggestions

The reverse use of customer data is a relatively new research topic in marketing
research. Previous research has mainly concentrated on portraying a more holis-
tic picture of the new role of customer data within the CRM framework (Saari-
jarvi et al. 2013) and describing the phenomenon through investigating the un-
derlying mechanisms of value creation and how the value is created (Lim et al.
2019; Saarijdrvi et al. 2014). As the phenomenon gains more understanding and
recognition, more practical research questions can be addressed in future studies.

For example, a deeper investigation on different factors that can impact the
likelihood of a customer using data-based value creation services and features
would be an interesting addition to the existing research framework around the
topic. In addition to age and service use, these factors could include for example
customer’s general interest in measuring and statistics as well as interest in tech-
nology. Information about the different motivations behind using data-based
value creation services would create a wider picture of the phenomenon as a
whole and help service providers detect factors that are the best fit for their cus-
tomers.

Another interesting standpoint would be to investigate whether there are
factors that limit customers” willingness to participate in these services or even
examine if these types of services could be harmful to customers or the com-
pany’s financial performance. The phenomenon of reverse use of customer data
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has largely been portrayed in a positive light by the existing literature. The neg-
ative aspects of the phenomenon should also receive attention as a notable and
interesting research topic.

The empirical part of this research was conducted in the context of an online
e-book and audiobook subscription service. Conducting similar research for dif-
ferent industries and business models would create a wider picture of how data-
based value creation can be used for the customer’s benefit and whether some
industries have better qualifications for creating value in this way than others.
The overall business environment the company operates in can be expected to
have a great influence on the type of data-based information that is the most in-
teresting to the customer. The comparison of several industries simultaneously
would provide valuable insights for service providers, especially the ones that
operate in more than one industry and want to provide their customers with val-
uable information in all these operations.
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Appendix 1. Survey questionnaire

Books per month

Service use

On average, how many books do you usually read or listen
to in one month? *

* Scale: 1=Less than 1 book, 2=1-2 books, 3=3-5 books, 4=More
than 5 books

Storytel use

How long have you been using online e-book and audio-
book services? *

* Scale: 1=Less than 3 months, 2=3-6 months, 3=6-12 months,
4=Quver 12 months

Perceived value

How long have you been using Storytel? *
* Scale: 1=Less than 3 months, 2=3-6 months, 3=6-12 months,
4=0wver 12 months

PERVAL1 Compared to the fee I need to pay, the use of Storytel offers
value for my money. *

PERVAL2 Compared to the effort I need to put in, the use of Storytel
is beneficial to me. *

PERVALS3 Compared to the time I need to spend, the use of Storytel
is worthwhile to me. *

PERVAL4 Overall, the use of Storytel delivers good value to me.*
* 1 = Completely disagree, 7 = Completely agree

Attitude

ATTITUDE1 I like using Storytel. *

ATTITUDE2 Using Storytel is beneficial to me. *
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ATTITUDE3

ATTITUDE4

Payment intention

Using Storytel is rewarding to me. *

Using Storytel is sensible to me. *
* 1 = Completely disagree, 7 = Completely agree

PAYINT1

PAYINT2

Recommend
intention

I am going to continue using Storytel. *

I predict that I could continue using Storytel in the future.*
* 1 = Completely disagree, 7 = Completely agree

RECINT1 (NPS)

RECINT2 (WOM)

Gender

How likely would you recommend Storytel to a friend or
a colleague? *

How likely would you say positive things about Storytel to
a friend or a colleague? *
*1 = Not at all likely, 7 = Very likely

Respondent’s gender *
* Scale: 1=Male, 2=Female, 3=Other, or I prefer not to say

Household size

Respondent’s age *
* Scale: 1=Under 20 years, 2=20-29, 3=30-39, 4=40-49, 5=50-
59, 6=60-70, 7=Qwver 70 years

Occupation

Respondent’s household size (persons) *
* Scale: 1=1, 2=2, 3=3, 4=4, 5=5, 6=More than 5

Respondent’s occupation (if you are studying and working
at the same time, select the option with which you spend
the most time) *

* Scale: 1=Student, 2=Employed, full time or fixed term, 3=Em-
ployed, part-time, 4=Entrepreneur, 5=Retired, 6=Unemployed
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