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INTRODUCTION

Research gap

Consumer behavior is a widely studied topic in the marketing area since the 1930s. It is
defined as the study of individuals, groups of people, or organizations and the activities
associated with the purchase, use, and elimination of goods and services. This study includes
consumers’ emotional, mental, and behavioral responses (Fullerton, 2013). So, consumer

behavior is a concept that provides for different aspects and theories.

With the advancement of technologies, the business map has inevitably been changed.
The introduction of the Internet has impacted the process of decision-making by consumers. The
buying process has changed, pushing back the face-to-face communication with sellers, and
replacing it with dynamic information presentation through digital channels (Suleman, et al.,
2019). What is more important, recent events show how fast the traditional ways of doing
business are replaced with new digital solutions (McKinsey & Co., 2020). These changes have
dramatically affected both businesses and customers. Thus, consumer behavior has also changed,

and new models for predicting consumer behavior have appeared since then.

Moreover, there are several models for understanding and predicting consumer behavior.
Most of the studies of the use of technological products are based on several theories. The
Technology Acceptance Model (TAM) and Unified Theory of Acceptance and Use of
Technology (UTAUT) are the most popular of them. Thus, it is vital to investigate these models

to choose the most appropriate one for further research.

Furthermore, consumer behavior differs in different contexts. Such variables as age,
gender, and nationality play a significant role in making decisions (Williams, et al., 2015). On
the other hand, the variables mentioned are not the only influencers. There are many factors
affecting decision-making by target consumers, such as the confident usage of digital
technologies for information, communication, and basic problem-solving in different aspects of
real life. From this point, this research suggests investigating the role of one of the eight key
competencies, according to The European Parliament and the Council as of December 30, 2006,

on the technology acceptance by consumers — digital competence.

Digital competence is often described as “a set of knowledge, skills, and attitudes
associated with the use of digital technology in individual’s goals fulfillment” (Baartman & de
Bruijn, 2011; Ferrari et al., 2012). It is significant to focus on the current continuously changing

digital environment and learn to choose and use technological solutions appropriately. Different



researchers insist that ICT skills are the basic need to function in society, the crucial condition

for life, and even substantial background to survive (Ferrari, 2012).

Currently, there is a lack of investigations on the impact of the individual level of digital
competence on consumer acceptance of digital solutions. The research mainly focused on the
influence of personal innovativeness, digital self-efficacy, or digital savviness (Jin, 2013; Sell et
al., 2014; McDonald, Uncles, 2007). Therefore, the possible impact of digital competence on the
overall model of technology acceptance has to be investigated. Existent literature lacks the
possible linkage between digital competence and any of the technology acceptance models.
Thus, the lack of knowledge on the relationships between digital competence and the consumers'

digital technology acceptance represents this master’s thesis research gap.

Research problem

Nowadays technology is rapidly evolving bringing up new innovative solutions for
everyday interactions. Businesses do not only compete with each other but cooperate and share
customers to provide greater value in the end (Tikhonova, 2019; Zakharov, et al., 2019; Dneprov
& Mikhaylyuk, 2019; RBC Trends, 2021). Therefore, the phenomenon of business ecosystems
appeared. The business ecosystem was defined as “a network of organizations and individuals in
the business community which together create a system of mutual support as well as evolve
together” (Moore, 1993).

There are a lot of notions and concepts the business ecosystem phenomenon contains
(Rong, et al., 2017; Wulf & Butel, 2017; lansiti & Levien, 2004; Kapoor & Agarwal, 2017; Lee,
et al., 2017; Joo, et al., 2017; Valkokari, 2015; Gomes, et al., 2018; Attour & Lazaric, 2020).
What is more, due to the global transition towards the digital economy, the phenomenon changed
its paradigm. Digital intelligence along with the support of big data becomes the central factor of
production fostering the switch from traditional resources to intellectual ones (Dneprov &
Mikhaylyuk, 2019). Digital platforms became the core for the development of digital business
ecosystems. Various industries’ organizational forms are digital platforms (Faik & Asadullah,
2018).

What is more, the financial industry is one of the first industries affected by new
technology because of rapidly developing non-financial platforms (Bubnova, 2020; RBC Trends,
2021). These platforms forced banks to rethink their core businesses. Currently, banks are on the
way to change their business model offering not only financial services but extending their
operations to adjacent industries and far more (Kleiner, et al., 2020; Bubnova, 2020).



Sber is the largest Russian financial institution that historically offered mainly banking
services. However, it has recently transformed into a huge ecosystem with more than fifty non-
financial companies included in it (RBC Trends, 2021; Sherbank.ru). Sber’s case is considered
special because it is the only banking company that offers such a huge and complex business
ecosystem solution extending its operations to food delivery, entertainment offering, and more
other services consolidated under the brand of Sber (RBC Trends, 2021).

As the user’s level of digital competence is expected to affect consumer perception of
highly technological goods and services, the recently formed digital business ecosystem solution
provided by Sber is the most appealing case to study. Therefore, the research problem of this
master’s thesis is investigating the impact of consumer digital competence on acceptance of

digital ecosystem solutions using the case of Sher.

Research questions
As this paper aims to find out the role of digital competence on consumer behavior in the

context of the technology acceptance models, the following research questions are set:

RQ1: What is the role of digital competence in the digital ecosystem solutions acceptance

process?

RQ2: How specifically does digital competence participate in the digital ecosystem
solutions acceptance process?

The study investigates the digital competence effect on the technology acceptance model
by investigating Sber’s digital ecosystem solutions acceptance. Moreover, the research integrates
digital competence with the technology acceptance model to explore the area of interest.

Therefore, the findings expected as the result of the study are of exploratory type.



CHAPTER 1. ECOSYSTEM PHENOMENON IN BUSINESS.

The business ecosystem is a very complex phenomenon that must be specified and
defined in the context of the master’s thesis. The chapter starts with the research on the business
ecosystem definition offering different cases of current ecosystems to dive into a better
understanding of the phenomenon. Then, the technology acceptance models are reviewed.
Finally, the digital competence phenomenon is investigated to get the construct and initiate the
development of the theoretical research framework.

1.1 Defining the digital business ecosystem phenomenon.

Business ecosystem evolution

The business ecosystem concept was first introduced by Moore (1993) who was inspired
by biological ecosystems and co-evolution concepts in both natural and social systems. The
business ecosystem was defined as “a network of organizations and individuals in the business
community which together create a system of mutual support as well as evolve together”
(Moore, 1993). The logic behind this approach is clear — companies work together with several
firms and compete with other companies to find solutions to fulfill customer needs. Ultimately,
these actions trigger the next innovation round. So, the concept identifies key categories of the
business ecosystem: the central firm around which the ecosystem is built, various economic
agents who do not participate in a given business ecosystem, different links within a given

business ecosystem, and the unique jointly created value. (Moore, 1993)

Moreover, Moore (1993) explored the business ecosystem from its life cycle point of
view. The author figured out four stages for ecosystem development — birth, expansion,
leadership, and self-renewal or, otherwise, death. So, the firm should follow particular steps
depending on the life cycle stage (Table 1). One should keep in mind that the first group of
actions aims to form and support the interconnections within the ecosystem, whereas the other

actions aim to prevent the formation of alternative business ecosystems.

Table 1. The evolutionary stages of a Business Ecosystem (Moore, 1993)

Stages/Challenges Cooperative Challenges Competitive Challenges

Birth Cooperation with customers and | Advocate unique ideas from external
suppliers in order to identify the new | players.

value proposition to foster innovation | Create strong connections with critical
lead customers, key suppliers, and

protect important channels.

Expansion Bring the new offer to a large market | Defeat alternative implementations of

10




by working with suppliers and
partners to scale up supply and to

achieve maximum market coverage.

similar ideas.
Ensure that your approach is the
market standard in its class through

dominating key market segments

Leadership

Provide a compelling vision for the
future that encourages suppliers and

customers to work together to

Maintain strong bargaining power
concerning other players in the

ecosystem, including key customers

continue improving the complete | and valued suppliers.

offer.

Self-Renewal Work with innovators to bring new | Maintain high entry barriers to prevent

ideas to the existing ecosystem. the creation of alternative ecosystems.
Maintain high customer switching
costs to buy time to incorporate new

ideas into your products and services.

Afterward, the studies of business ecosystems evolved, and three approaches were
developed to study the subject. The representatives of the first approach of studies of a business
ecosystem focused their attention on one of the components of business ecosystems striving for a
thorough investigation (Vasilenko, 2020). The compiled summaries of the research results can be
observed in Table 2. The authors from different perspectives studied the phenomenon of
business ecosystem starting from defining the components and investigating the multi-level
relationships between the central firm and other players of the ecosystem (Rong, et al., 2017),
following with the communication and knowledge sharing within the business ecosystem (Wulf
& Butel, 2017), moving to the strategy development issues in the context of the business
ecosystem (lansiti & Levien, 2004), and finishing with the studies of relationships between the
platform-based firms and the complementary firms, their roles and experiences in the platform-

based business ecosystems (Kapoor & Agarwal, 2017).

Table 2. Summary of the first approach (compiled by the author)

Authors Research results summary

Rong, Shi, Shang, Chen, and Hao | Focus on the supply chain in the context of the business ecosystem
(Rong, et al., 2017) (BE) by diving into the integration of supply side, demand side, its
intermediaries, and working mechanisms between them using cases
from electric car producers in China and the EU.

Define BE as an interdependent community that attracts a large
number of different stakeholders into its ecosystem allowing the

expansion of the traditional supply chain.
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Wulf and Butel
(Wulf & Butel, 2017)

Focus on how interfirm relationships are established and maintained,
how firms establish trust among themselves and foster knowledge
sharing, forming the basis of organizational learning.

Authors argue that the BE consists of several different network
structures, each of which forms a different group of organizations,
and the relationship between them can be both formalized and

informal.

lansiti and Levien
(lansiti & Levien, 2004)

Focus on the issue of strategy development, considering its
development in the context of the BE, including the interests of firms
that make up this BE, and the role of the organization in this BE
(identify four possible strategies for the business ecosystem: niche,
core firm (value dominator), physical dominator, and product).

Authors write that BE can expand the boundaries of the company.
The BE includes resource providers, compliment producers,
consumers, and various firms that influence the firm's operations. At
the same time, it is emphasized that the boundaries of a firm are
difficult to define since often an organization can simultaneously be a

member of several BEs.

Kapoor and Agarwal
(Kapoor & Agarwal, 2017)

Focus on how the structural and evolutionary features of the BE
affect the performance indicators of firms that produce additional
goods and services and are part of the BE; on the other hand, how the
unique, accumulated experience of the latter can have a beneficial
effect on the entire business ecosystem.

Define a BE as a structure in which a platform company coordinates
the functioning of an entire BE, providing a platform for firms that
produce complementary goods and services, and setting rules for

participation in it.

The researchers from the second approach of the studies focused on the influence the

business ecosystem might have to foster innovation and the creation of new products and

services (Vasilenko, 2020). Lee and his colleagues (2017) focused their research on applying

ideas of the business ecosystem to the high-tech industry and startups investigating cases from

Korean, Chinese, and Japanese start-up markets. They found out that firms develop their

innovative potential by interacting within the business ecosystem, thus, creating new innovative

products and services (Lee, et al., 2017). On the contrary, Joo and his colleagues (2017)

approach to the study of business ecosystems from the corporate social responsibility point of

view. They believe that corporate social responsibility can act as an investment in creating a

12




sustainable business ecosystem and may lead to an increase in the competitiveness of
participants in the business ecosystem (Joo, et al., 2017). The compiled summaries of the
research can be seen in Table 3.

Table 3. Summary of the second approach (compiled by the author)

Authors Research results summary
Lee, Lee, and Kim Focus on the role of the BE in the context of the startup lifecycle,
(Lee, etal., 2017) viewing the BE as a general driving force for developing a favorable

environment, and launching startups based on it.
Define BE as an economic environment that is created and exists

through the interaction of such stakeholders as organizations and

individuals.
Joo, Eom, and Shin Focus on corporate social responsibility’s impact on the business
(Joo, et al., 2017) ecosystem.

Under the BE authors mean the system which consists of different
members of the BE that recognize a common goal, and function on
the common platform coordinated by the central firm and other key
participants of the BE.

Finally, the third approach representatives focus their research on such close to business
ecosystem notions as knowledge ecosystem and innovation ecosystem identifying their
differences and relations. Thus, Valkokari (2015) studies three concepts which are a business
ecosystem, innovation ecosystem, and knowledge ecosystem. The research aimed to define what
is meant by these concepts and to describe their relationships and specifics. As a result, the
business ecosystem focuses on the value creation for consumers; the knowledge ecosystem
concentrates on generating new knowledge and technologies; and the innovation ecosystem is an
integration of the business ecosystem and knowledge ecosystem (Valkokari, 2015). Practically,
the study sheds light on the differences in the logic of action and the rules of the game within
each concept emphasizing the idea that different ecosystems require the development of different
models of behavior (Valkokari, 2015).

Unlike Valkokari, Gomes and his colleagues (2018) focused their research deeply on the
relationships between the business ecosystem and the innovation ecosystem. The authors suggest
that the innovation ecosystem is the next stage in the business ecosystem development process.
The main difference between these two concepts is that the business ecosystem mainly centers
around the obtaining of value, while the transition to an innovation ecosystem involves the

search and creation of new value (Gomes, et al., 2018). According to the idea of the research,
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entities are advised to build the business ecosystem the members of which operate in the

relatively long-lasting industries, however, do not work on explicitly innovative activities

(Gomes, et al., 2018).

In contrast, other authors established the relationships between the business ecosystem

and knowledge ecosystem considering the business ecosystem to be the result of knowledge

ecosystem transformation (Attour & Lazaric, 2020). At the core of such a business ecosystem is

the technology platform that provides academic actors and other stakeholders with additional

opportunities, which gives them not only additional motivation to expand their field of activity,

but also real opportunities to commercialize their innovative ideas (Attour & Lazaric, 2020).

The summaries of the third approach research results can be observed in Table 4.

Table 4. Summary of the third approach (compiled by the author)

Authors

Research results summary

Valkokari
(Valkokari, 2015)

Focus on the definition and interrelations of the three closely related
concepts: business ecosystem (BE), knowledge ecosystem (KE), and
innovation ecosystem (IE).

The BE implies a central player acting as a platform and providing
shared resources for other participants in the network to create value.
The KE is a large number of actors grouped around a knowledge
exchange center to discover new areas of knowledge.

The IE implies geographically close actors that interact around a
specific center of activity with the assistance of intermediaries to

create innovations.

Gomes, Facin, Salerno,
Ikenami
(Gomes, et al., 2018)

and

Focus on the idea that IE is the next stage in BE development
process.
BE concentrate on the value capture, whereas IE focuses on the value

creation

Attour and Lazaric
(Attour & Lazaric, 2020)

Focus on the relationships between KE and BE testing the approach
in the university environment to show how the KE transforms into the
BE.

The BEs are the complex form of organization of exchange, structure,
or institutional structure that governs relationships between several
actors, more or less sharing the idea of an open, collective process for

creating innovation.
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An overview of the approaches above shows how many notions and concepts the
business ecosystem phenomenon contains. What is more, due to the global transition towards the
digital economy, the phenomenon changed its paradigm. Digital intelligence along with the
support of big data becomes the central factor of production fostering the switch from traditional
resources to intellectual ones (Dneprov & Mikhaylyuk, 2019). Thus, it is crucial to define the

digital business ecosystem term as well.

Digital business ecosystem

In the digital era, companies should interact with a wider range of partners to foster
integrated solutions on innovations, applications, software platforms, and services. The growing
demand for personalized offers and rapidly changing technology intensify the need for
partnerships. To manage the company's value chain at every stage of the development intangible
assets and information software tools are required (Babina, 2019). Therefore, digital ecosystems
come to the stage and redefine traditional companies’ operations through breaking down industry
barriers, opening up opportunities for cross-functional products and services, and mixing

previously segregated markets (Zakharov, et al., 2019).

So, a digital ecosystem is an interdependent group of businesses, people, and objects that
share digital platforms for mutually beneficial purposes, such as commercial gain, innovation, or
common interests. Additionally, the digital ecosystem has a wide variety of autonomous actors
that are linked through resource sharing and expertise to collectively deliver products of greater
economic value than would otherwise be possible outside the functioning of the digital

ecosystem (Tikhonova, 2019).

According to the European Commission (2008), “a Digital Business Ecosystem results
from the structurally coupled and co-evolving digital ecosystem and business ecosystem.” So, in
this master’s thesis, the digital business ecosystem will be viewed as “a loosely coupled,
demand-driven collaborative environment where each digital species is proactive and responsive
for its benefit or profit” (Chang, et al., 2006, p.2).

Non-financial industries form ecosystems
Digital platforms became the core for the development of digital business ecosystems.

Various industries’ organizational forms are digital platforms (Faik & Asadullah, 2018)

To start with, the IT industry ecosystem solutions are among the most successful and
profound. Talking on this issue, electronic device producers create and develop their ecosystems
creating hubs and offering complimentary services. Apple formed the unified use network for
gadget owners by offering access to various services like Apple TV or iTunes. The other
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example is Yandex. Within Yandex’s ecosystem, one may access such services as taxi ordering,
car sharing, food delivery, music listening, and a lot of other services including financial.
Alibaba Group, a Chinese multinational technology company, incorporated retail, payments, and
even credit scoring in its ecosystem (RBC Trends, 2021). One must consider such multinational
digital ecosystems as Alphabet (Google ecosystem), Amazon (from e-commerce to cloud
solutions), Microsoft (from software to hardware), and Facebook (global social network). These
ecosystems form a substantial share of the global market (Morozov, & Morozova, 2020).

Following the representatives from the IT industry, car manufacturer giants Daimler and
BMW launched the joint project “You Now” together with startups. It aims to develop urban
mobility services including car-sharing, parking, taxi ordering, charging electronic vehicles, and

a multimodal transportation app (AG Daimler Mobility, 2021).

Moving further, digitalization fostered the formation of ecosystems in the hospitality
industry as well. Booking.com and Airbnb, exiting platforms for accommodation booking
services, are already connected with AviaSales and Skyscanner.ru, platforms for booking plane
tickets (Morozov & Morozova, 2020).

Inside a successful ecosystem, the company gains much more clients, thus, selling more
goods and services. What is more, the ecosystems offer companies a wide pool of data to better
satisfy customer needs. Therefore, the other trend emerged in the development of ecosystems the
super apps, when IT corporations merge their services into one app. With the emergence of the
trend, the non-financial platforms start offering financial services. The examples of such super
apps are WeChat (a Chinese platform that offers financial, consumer, and governmental
services), Alipay (a Chinese platform that offers payment system and different financial
services), Line Corporation (a Japanese platform that offers food delivery, logistics for
restaurants, and payment system), and Vkontakte (a Russian social network that offers payment
system VK Pay and mini-apps offering food delivery, music, video and movie streams, and
games) (RBC Trends, 2021).

Summing up, the development of business ecosystems changed the market paradigm.
Instead of standing alone against the competitors firms form the business ecosystems where the
digital platform is the core. In turn, these ecosystems seize the market share (Tikhonova, 2019;
Zakharov, et al., 2019; Dneprov & Mikhaylyuk, 2019; RBC Trends, 2021). Therefore, it is
important to understand how consumers regard such novation and study consumer behavior in

this context.
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1.2 Technology acceptance models’ overview.

To begin with, it is essential to understand the term “consumer behavior.” According to
the Cambridge dictionary, consumer behavior, or “customer behavior’, is the choice people make
to buy or not to buy a good, and everything that influences people’s choices. Thus, consumer
behavior is the decision-making process of consumers affected by different factors and

conditions.

In the marketing world, consumer behavior is the study of how people make their
decisions about the goods and services they want, need, or buy (2016). It is a crucial aspect of
marketing because companies can increase their market share and identify other opportunities for

the long-run perspective.

Moreover, there are three main factors influencing consumer behavior. They are
psychological, personal, and social factors (Fullerton, 2013). All the models of consumer

behavior are, hence, built around the idea of these factors.

As this study aims to understand the prominent role of digital competence on technology
acceptance (TA), one should consider the models of online consumer behavior.

Many theoretical frameworks have been proposed and empirically tested regarding the
explanation of online consumer behavior in different conditions. Several studies connect the
theory of planned behavior, introduced by Ajzen and Fishbein (1975), to understand consumer
behavior during searching for goods. The other theory — the theory of reasoned action (Ajzen &
Fishbein, 1980) — mainly covers apparel purchasing (Yoh, Damhorst, Snapp, & Laczniak, 2018).
Regarding usage and adoption of mobile services, especially the e-payments and other banking
services, the Technology Acceptance Model (Davis, 1986) and the Unified Theory of
Acceptance and Usage of Technology (Venkatesh, Morris, Davis, & Davis, 2003) are widely

used.

With regards to this study, the leading models under consideration are the ones that
explain consumer behavior in the context of accepting and adopting new technology in the retail
banking industry. Further paragraphs will highlight and compare the Technology Acceptance
Model (TAM) and the Unified Theory of Acceptance and Usage of Technology (UTAUT).

The Technology Acceptance Model (TAM) overview

Technology Acceptance Model (TAM) is widely used in explaining the attitude towards
technology usage. At first, it was introduced by Davis (1986) as a modified Theory of Reasoned
Action (TRA) (Ajzen & Fishbein, 1980) specified for modeling the user acceptance of
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information systems. Its overall goal was to predict consumer behavior and explain it (Davis F.,
1986). Therefore, managers can use the model to understand the reasons behind the rejection of

the particular system and urge necessary corrective steps based on the knowledge gained.

Figure 1 below shows the variables used to form the theory. The two beliefs are of the
most relevance for technology acceptance behavior — perceived usefulness and perceived ease of
use. These beliefs strongly affect attitude toward using. Then the behavioral intention to use is
also affected. (Davis, Bagozzi, & Warshaw, 1989)

Perceived
Usefulness
v
* Attitude Intention Actual
toward » toUse ™ (¢ sage
Perceived Usage
Ease of Use /

Figure 1. Original Technology Acceptance Model (Davis, 1986)

Perceived usefulness is the degree to which an individual believes that the technology
used will improve his or her performance. Perceived ease of use is defined as a level at which an
individual believes that the technology will be effortless (Swanson, 1987). These two believes
can be considered as two different dimensions. So, the technology acceptance is predicted by the
prediction of the attitude to use.

A considerable number of researches have replicated TAM and provided empirical
evidence on the relations between perceived usefulness, perceived ease of use, and system usage
(Adams, Nelson & Todd 1992; Davis 1989; Hendrickson, Massey & Cronan 1993; Segars &
Grover 1993; Subramanian 1994; Szajna 1994). Moreover, TAM is used in most contexts, both

geographic and technological, like rapidly growing healthcare.

On the other hand, the original model has several limitations because it does not consider
several important aspects. Thus, Venkatesh and Davis (2000) extended it considering the social

influence and cognitive instrumental processes (Figure 2).

TAM 2 was constructed to predict the adoption of information technology. The model
considers two contexts for social influence — mandatory and voluntary. Moreover, the social
factors considered in this model are the subjective norm, voluntariness, and image (Venkatesh &

Davis, 2000). Consequently, the subjective standard directly influences the intention to use in the
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mandatory context. Alternatively, the subjective standard indirectly affects the intention to use in

the voluntary context.

Experience Voluntariness
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Figure 2. The Extended TAM 2 (Venkatesh & Davis, 2000)

Furthermore, TAM 2 introduces four cognitive instruments affecting the perceived
usefulness: job relevance, output quality, result demonstrability, and perceived ease of use
(Venkatesh & Davis, 2000). So, with these extensions, TAM 2 was supposed to predict if the

information technology would be adopted or not.

What is more, the TAM 2 is not the only modification of the TA model. Several studies
extended the original TAM by adding additional external variables and exploring its influence on

the model in general.

However, the TAM has limitations due to behavioral complexity. Ultimately, TAM has
been criticized for its questionable value, limited explanatory power, and limited predictive
power despite its frequent usage. Moreover, perceived ease of use is doubted to be a determinant
of attitude and usage intention following the studies of telemedicine (Hu, Chau, & Sheng, 1999),
mobile commerce (Wu & Wang, 2005), and online banking (Pikkarainen, Pikkarainen,
Karjaluoto, & Pahnila, 2004).

Therefore, the influence factors cannot be covered by only one theory (Xu, Li, & Hao,

2019). With this regard, the following model was developed.
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The Unified Theory of Acceptance and Usage of Technology (UTAUT) overview

The other model under consideration is the UTAUT model. This model was developed by
Venkantesh et al. (2003) for redefining the technology acceptance theories. Among such
approaches were Theory of Reasoned Action, Theory of Planned Behaviour, and Technology
Acceptance Model. (Venkatesh, Morris, Davis, & Davis, 2003). The new model was advanced
with considerations of individual perspectives and social and environmental factors on

technology acceptance.

Performance
cxpeclancy

Effort
expectancy

Bchavioral Usc

intentions

behavior

Social
influence

Facilitating
conditions

I Gender I I Age |

Experience | Voluntariness
of usc

Figure 3. UTAUT by Venkantesh et al. (2003)

The UTAUT model consists of four major determinants that are performance expectancy
(PE), effort expectancy (EE), social influence (SI), and facilitating conditions (FC). These
constructs are the direct determinants of behavioral intention and, eventually, user behavior. In
the model, age, gender, experience, and voluntariness are moderators that directly influence

every determinant (Williams, Rana, & Dwivedi, 2015).

This model is widely applied in various technology adoption researches as the theory
base for further empirical studies. There was a lot of research on a different range of
technologies with multiple control factors while analyzing multiple user groups (Williams, Rana,
& Dwivedi, 2015).

What is more critical, Venkatesh, Thong, & Xu (2012) introduced an extended UTAUT
model — UTAUT 2 (Figure 4) — that includes hedonic motivation, price value, and habit as
determinants of the model. The research showed that the original model of technology
acceptance is more useful in the organizational context, while for the consumer behavior studies,
the UTAUT 2 is essential (Venkatesh, Thong, & Xu, 2012). For this purpose, other drivers come
to the first place: hedonic motivation, the fun or pleasure derived from using technology, and

price value, being a predictor of behavioral intention.
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Figure 4. UTAUT 2 Venkatesh, Thong, & Xu (2012)

Despite being widely spread, UTAUT has several limitations one must consider. The
most significant is that the focus was only on a single subject across the studies, limiting the

potential generalization of the results (Williams, Rana, & Dwivedi, 2015).

Finally, the UTAUT model is widely adopted in many cultures and has empirically been
validated, revealing the whole model to explain almost 70% of the variance in the behavioral
intentions (Im et al., 2011; Venkatesh & Zhang, 2010; Min et al., 2008).

Summing up, it is essential to mention that all these models are widely used in researches
despite limitations. In this research, the UTAUT 2 model will be considered the basis for further
analysis. It is regarded as the most complete by now and is designed to predict consumer

behavior in particular.

1.3 Digital Competence.
This sub-chapter will shed light on the term “digital competence” in the context of

consumer behavior.

To start with, technological advancement has impacted a lot of the everyday routine of
people. Technology is being used everywhere, thus transforming how people study, work,
communicate, and access information. People from all age groups are affected by these changes
(Ala-Mutka, 2008). Therefore, it is crucial to understand these transformations and, hence,

develop digital competencies.
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According to Ala-Mutka (2011), digital competence is defined as “involving the
confident and critical use of Information Society Technology (IST) for work, leisure, and
communication.” On the other hand, digital consumer competence is “defined as the competence
consumers need to function actively, safely and assertively in the digital marketplace” (Brecko &
Ferrari, 2016).

According to European Commission (2006), digital competence is acknowledged as one
of the eight critical competencies of Lifelong Learning. The table below summarizes the areas
covered with the Digital Competence Framework for Consumers proposed by the European
Commission (Brec¢ko & Ferrari, 2016).

Table 5. Digital Competence Reference Framework for Consumers (Brec¢ko & Ferrari,
2016)

Competence areas Competences

Pre-purchase Browsing, searching, and filtering information on goods and services
Evaluating and comparing information on goods and services

Recognizing and evaluating commercial communication and advertisement
Managing digital identity and profile in the digital marketplace

Considering responsible and sustainable consumption in digital markets

Purchase Interacting in the digital marketplace to buy and sell

Participating in collaborative economy platforms

Managing payments and finances through digital means

Understanding copyrights, licenses, and contracts of digital goods and services
Managing personal data and privacy

Protecting health and safety

Post-purchase Sharing information with other consumers in the digital marketplace
Asserting consumer rights in the digital marketplace

Identifying digital consumer competence gaps and limits

Thus, following the consumers’ logic, there are three competence areas that consumers
need to act assertively and reasonably: pre-purchase, purchase, and post-purchase. Every
competence area is filled with competencies that consumers must develop to be confident in the
digital marketplace (Bre¢ko & Ferrari, 2016). However, this framework is more descriptive,

showing the required knowledge for being digitally competent in the online market.

With this regard, Ala-Mutka (2011) developed other conceptual understanding models
and the framework linked to the European Qualification Framework (EQF). So, the conceptual

model of Digital Competence was formulated (Figure 5).
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Figure 5. Knowledge, skills, and attitude items contributing to Digital Competence (Ala-
Mutka, 2011)
The proposed model further was grouped into significant clusters composed logically
with several elements as digital competence areas. These areas denote topics that should be
elaborated on in detail while doing the in-depth research (Ala-Mutka, 2011).

What is more, three types of research influenced the structure of the model mentioned
above. Bawden (2008) composed a model that includes four main elements of digital literacy:
underpinnings that give the basic set of skill presented and background knowledge, which

provides a basic understanding of both digital and nondigital sources information other forms.

Advanced skills and knowledge

Instrumental skills Media Strategic Personal Attitudes
and knowledge Application objectives
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| —
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Figure 6. Proposed Digital Competence conceptual model (Ala-Mutka, 2011)
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Furthermore, central competencies denote the elements of digital literacy proposed by

Glister (1997). The attitudes and perspectives represent the main goal of digital literacy as an

understanding of sensible and correct behavior in the digital marketplace (Bawden, 2008). Figure

7 below summarizes this research.

- reading and understanding digital and non-digital formats |

Figure 7. Digital literacy elements from Bawden (2008)

Moving further, Martin & Grudziecki, 2006) introduced three stages to develop digital

literacy: digital competence, digital usage, and digital transformation as the last one (Figure 8).

The authors suggested that digital literacy had to be applied to individuals using a persona

development profile.
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Figure 8. Digital literacy stages by Martin & Grudzieck (2006)
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Finally, the last research was developed by van Deursen (2010) to validate the model for

internet skills. The model lists four major categories in the order of increasing complexity — from
operational skills to strategic information skills (Figure 9). This model cannot be compared with

the whole digital competence one because of lacking some crucial points like media creation. On

the other hand, it proposes one critical element — the differentiation between medium-related and

content-related skills.
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Figure 9. Summary of the Internet skills definition of van Deursen (2010)

Despite the thing that the previously mentioned framework is complete, it is very

complicated for further analysis. Thus, it is crucial to consider the integrative framework of

consumers’ digital competencies developed by Golovacheva and Smirnova (2019).
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Figure 10. An integrative framework of consumers’ digital competencies (Golovacheva

& Smirnova, 2019)
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The framework mentioned above considers Consumers’ digital competencies as the main
driver of efficient consumer digital behavior. Moreover, it also considers the various situational
influences as constraints to translation into efficient digital behavior (Golovacheva & Smirnova,
2019). However, the research conducted by Golovacheva and Smirnova (2019) showed a strong
bias towards a behavior-based approach that lacked attention to motivation and perceived
opportunities according to the motivation — opportunity — ability (MOA) framework. Therefore,
the next model was considered as the basis for further research.

The last framework to consider is the Digital Competence Research (DCR) model
developed by Labazanov (2020). The model was developed based on Digital Competence
Framework for Citizens (Dig Comp), developed by European Commission’s Joint Research
Centre, and Digital Literacy Global Framework (DLGF), developed by UNESCO’s Institute for
Statistics (Labazanov, 2020). The author supplemented the initial Dig Comp model with
“Devices and software operations” from the DLGF framework so that it will consider

appropriately the operational skills, knowledge, and attitudes (Labazanov, 2020).

The model contains six competence areas as the main components of digital competence.
These competence areas are subdivided into more specific competencies presented in Table 6.

Table 6. Competences in DCR (Labazanov, 2020)

Competence area Competences
Information and data literacy Browsing, searching, filtering data, information, and digital
content

Evaluating data, information, and digital content

Managing data, information, and digital content

Communication and collaboration Interacting through digital technologies

Sharing through digital technologies

Engaging in citizenship through digital technologies
Collaborating through digital technologies
Netiquette

Managing digital identity

Digital content creation Developing digital content
Integrating and re-elaborating digital content
Copyright and licenses

Programming

Safety Protecting devices

Protecting personal data and privacy
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Protecting health and well-being

Protecting the environment

Problem-solving Solving technical problems
Identifying needs and technological responses
Creatively using digital technologies

Identifying digital competence gaps

Devices and software operations Physical operations of digital devices
Software operations in digital devices

This model will be considered for further investigation in the context of this master’s
thesis for several reasons. Firstly, it was successfully implemented on the Russian market
previously. Moreover, it contains a relatively small number of components that fully describe
digital competence areas. Finally, the components are suitable for consumer behavior research

due to their comprehension and application on the individual level (Labazanov, 2020).

Summary of Chapter 1

The digital business ecosystem phenomenon involves an interdependent group of
businesses, people, and objects that share digital platforms for mutually beneficial purposes to
create greater value for customers. It consists of a wide variety of autonomous actors that are
linked through resource sharing and expertise to collectively deliver products of greater
economic value than would otherwise be possible outside the functioning of the digital

ecosystem (Tikhonova, 2019).

Inside a successful ecosystem, the company gains much more clients, thus, selling more
goods and services. With the emergence of the trend, the non-financial platforms extended their
operations by offering financial services (Google, Apple, Samsung, VK, etc.) forcing banks to
change and adapt to the current reality (Kleiner, et al., 2020; Bubnova, 2020). Sber is the
example of the most developed digital business ecosystem consisting of more than fifty different
companies, offering a wide range of non-financial services, and unifying all these services under
one brand (RBC Trends, 2021; Sberbank.ru; Morozov & Morozova, 2020). In the further

chapter, it will be discussed as a unique phenomenon in the banking industry.

Moving further, based on the analysis of the existing research frameworks of consumer
behavior studies the initial integrated model was developed. The UTAUT 2 model was used as
the base for the study as the aim of the research is to study consumer behavior in the context of

the technology acceptance process (Venkatesh, Thong, & Xu, 2012).
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Since the research aims at investigating the acceptance of the digital business ecosystem
solutions using the case of Sher, it is essential to expand the initial model with variables
considering security issues, as we are dealing with the banking industry, and remove the price
value variable from the initial framework, as the technology offered is free of charge. Therefore,
the initial framework was extended with perceived risk, trust, and security variables as the
security and privacy concerns may affect the adoption of this type of technology, and exclude
price value due to its uselessness (Voronenko, 2018; Khalilzadeh, et al., 2017; Morosan &
DeFranco, 2016). The model summary can be seen in Figure 11. The “security” variable is
defined as an individual’s belief that a particular procedure would be secure affecting directly the
intention to use. The “trust *“ variable denotes a person who believes that a mobile application or
another kind of service would work as intended predicting the intention to use as well. The
“perceived risk” variable depicts the person’s fear that usage of service will lead to losses and
unexpected barriers for intended activity, thus, affecting the intention to use (Voronenko, 2018;
Khalilzadeh, et al., 2017).

Performance expectancy

Effort expectancy

[ Social Influence

[ Behavioral

Facilitating Conditions

Hedonic Motivation

Habit

[ Use Behavior ] | ‘\‘*
\ | Trust

! Security

Perceived Risk

- —J J J J J J——J

Figure 11. UTAUT2 (without Price value) extended with Trust, Security, and Perceived
Risk (Voronenko, 2018)

The model was designed to provide maximum explanatory power taking into
consideration the additional concerns that might arise when consumers adopting any digital
solutions, especially, the ones that are based on banking platforms (Voronenko, 2018;
Khalilzadeh, et al., 2017; Gharaibeh, 2018).
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Based on the theoretical review in Chapter 1 considering the research questions of this

mater’s thesis, the initial theoretical framework was developed (Figure 12).
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Figure 12. Initial theoretical framework (compiled by the author)

The initial theoretical framework demonstrates the components of the UTAUT2 model
integrated with the digital competence variable assuming its impact on the behavioral intention
and use behavior. Therefore, Chapter 2 is going to shed light on the further development of the

research.
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CHAPTER 2. DEVELOPMENT OF THE RESEARCH MODEL.
The chapter is going to develop the research model for assessment of the impact the
consumer digital competence has on the process of Sber digital ecosystem solution acceptance.

Therefore, the chapter will start with the description of the Sher ecosystem extending the
current research model with additional moderating variables connected to the brand image.

Furthermore, it will open the discussion of the variables’ measurement and develop the

research propositions on the role of digital competence in the technology acceptance process.

Finally, the chapter will highlight the chosen methodology providing the assessment

techniques, questionnaire development, and specified data collection and analysis approach.

Sber ecosystem as a phenomenon in the banking industry

The main driver for the creation of business ecosystems and development of the
partnerships with organizations in the financial industry was the decrease in sales volume and the
slowdown profit growth rate. In the past decade, the number of credit organizations three times
decreased leaving the share of unprofitable credit organizations on a relatively similar level
(Cbr.ru., 2021).
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Graph 1. The ratio of profitable and unprofitable financial organizations in Russia in
2010-2020, % (Cbr.ru., 2021)

There are several reasons for such dynamics. One of the main reasons is the high level of
formed reserves to cover possible losses due to the increase of credit risks caused by the

economic situation in Russia. Moreover, the implementation of the international financial
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reporting standards in banking practices forcing banks to increase their expenses for creating
reserves. The other reason to consider is the decline in traditional interest income as the result of
decreasing lending volumes. The relatively high level of fee and commission income does not
allow to compensate for losses and significantly affects the overall financial result (Bubnova,
2020). Finally, the general trend towards digitalization and business ecosystem creation made it

nearly impossible to develop and compete alone (Tikhonova, 2019; Kleiner, et al., 2020).

Historically, the financial industry led in the adoption of innovative technologies and
their large-scale use. In recent years, fintech developments are driving a fundamental
transformation of the entire financial services industry and the business models of traditional
banks (EY, 2019). Over the past years, the fintech industry has grown rapidly (CBInsights,
2020). Investors are investing heavily in the fintech segment assessing the size and potential of
the financial services transformation market as significant. Fintech companies can take out any
process from banking and simplify its provision to customers. The main areas of use of
innovative digital technologies in the financial sector are lending (including microlending), peer-
to-peer (P2P) platforms for lending (crowdlending) and fundraising (crowdfunding and crowd
investing), payment systems, internet banking, big data, blockchain, machine learning
(Schueffel, 2016; Bofondi, Gobbi, 2017; Chen, Wu, Yang, 2019).

These factors forced banks to consider new models for value creation and customer
interaction to generate innovative services and increase the additional income. The emergence of
digital ecosystem partnerships became the main solution to the current business reality. Thus, the
formation of alliances of traditional banks with fintech organizations in the context of
digitalization serves as a powerful factor in the formation of ecosystems at the intersection of the

financial and non-financial sectors in Russia.

Sher is one of the biggest ecosystems in the Russian financial sector. Since 2016 Sber has
been moving from a traditional services provider model to a diversified digital ecosystem. The
bank unites partners based on a platform that provides both financial and non-financial services
to expand the possibilities of offering complex products to customers (Sberbank, 2019).

Its digital ecosystem includes such partners as Domclick, Yandex.Money, Sbermobile,
‘Beru!’, Okko, Citymobil, Delivery Club, DocDoc. The Domclick portal provides services for
the search and purchase of apartments on a mortgage. The Yandex.Money service provides
electronic transfer services. The virtual operator "Shermobile” provides mobile communication
services. Thanks to the online marketplace "Beru!” Sberbank customers can order goods at a

discount. Online cinema services are provided by Okko, and taxi services are provided by
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Citymobil. Using the Delivery Club, customers can order food, and medical services can be
ordered through the DocDoc service (Kleiner, et al., 2020; Bubnova, 2020; RBC Trends, 2021).

Nowadays, Sher digital ecosystem consists of at least 50 companies that are not directly
related to the banking business. Moreover, most of them are not purchased but developed in-
house (RBC Trends, 2021).

Since the elements of the digital ecosystem under analysis are united under one unified
brand of Sber, it is crucial to add the analysis of the attitude towards Sber that will measure the
ideas and beliefs associated with the brand and, consequently, with the product (Fishbein &
Ajzen, 1975).

So, the next subchapter will provide the further development of the initial research model

and provide substantial measurement.

2.1 Development of the theoretical framework and research propositions.

Dimensions of UTAUT 2

The research logic follows the research questions presented earlier in this Master Thesis:

RQ1: What is the role of digital competence in the digital ecosystem solutions acceptance

process?

RQ2: How specifically does digital competence participate in the digital ecosystem
solutions acceptance process?

However, to integrate the UTAUT2 model with the DCR model the development of
research hypotheses is required, which will serve as a basis for the inclusion of potential factors
of adoption to the measurement model. Therefore, a set of research hypotheses were developed
following the previous research both on UTAUT2 and Digital Competence based on the set of
statistical hypotheses typical for UTAUT2 (Venkatesh et al., 2012; Labazanov, 2020;
Voronenko, 2018). For the simplicity of analysis, the variable Use behavior was removed,
leaving the Behavioural Intention (BI) to use as the only outcome of the integrated model. A

brief explanation is provided before every stated proposition.
Effort expectancy

The effort expectancy (EE) variable denotes the degree of ease of use, which is associated
with the usage of new technology or a technology product (Venkatesh et al., 2012). According to
the previous studies, the greater the EE, the more rapid will the rate of adoption for products or

innovations be, thus, positively affect the Behavioral Intention (BI) to use (Lin et al., 2014;
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Okumus, et al., 2018). Therefore, in this research, it is considered to be positively influenced by
the level of individuals’ digital competence (DC) meaning that the higher the individual’s digital
competence level the easier the person will adapt to the new technological solution, thus, arising

the research hypotheses:

P1.1: DC positively influences the EE in the process of digital ecosystem solutions’

acceptance.
P1.2: EE positively influences the Bl to use digital ecosystem solutions.
Performance expectancy

Performance expectancy (PE) in the UTAUT2 model is defined as the extent to which the
usage of new technology or a new technology product can provide consumers the benefits in
performing specific activities (Venkatesh et al., 2012). According to the theory, clients who
expect the technology to perform well are more inclined to Bl use this technology. Therefore, the
variable is considered to be positively affected by DC either. Following the definition, the

second set of hypotheses is developed:

P2.1: DC positively influences the PE in the process of digital ecosystem solutions’

acceptance.
P2.2: PE positively influences the Bl to use digital ecosystem solutions.
Facilitating condition

Facilitating condition (FC) is the degree to which a person believes that an organization
and a technical infrastructure exist to support the usage of a system (Venkatesh et al., 2012). It
plays one of the crucial roles in the UTAUT2 model due to its direct influence on Bl use (Jawad,
& Hassan, 2015). Therefore, it is considered to be also positively influenced by the level of

individual’s digital competence, allowing to provide the third set of research hypotheses:
P3.1: DC positively influences the FC in the process of digital ecosystem acceptance.
P3.2: FC positively influences the BI to use digital ecosystem solutions.
Social influence

Social influence (SI) is the degree of importance being recognized by others to use a
novel technology (Venkatesh et al., 2012). In other words, it is directly correlated to the degree
to which outcomes from using innovations are noticeable to friends and relatives (Eneizan, et al.,

2019). Researches propose that SI has an impact on the Bl. In this research it is expected to be
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influenced by the individual’s digital competence level as the higher level of digital competence

Is supposed to alter the social influence. Therefore, the next hypotheses are set:
P4.1: DC influences the Sl in the process of digital ecosystem solutions’ acceptance.
P4.2: Sl positively influences the Bl to use digital ecosystem solutions.
Hedonic motivation

Hedonic motivation (HM) is defined as the motivation to do something due to internal
satisfaction (Venkatesh et al., 2012). The recent studies showed evidence on the fact that
perceived enjoyment directly influences the intention to use the Internet and mobile banking
(Venkatesh et al., 2012). This master’s thesis is considered to be positively affected by the
individual’s digital competence level resulting in higher motivation to use technology. So, the

next research hypotheses are developed:

P5.1: DC positively influences the HM in the process of digital ecosystem solutions’

acceptance.
P5.2: HM positively influences the Bl to use digital ecosystem solutions.
Habit

Habit (H) defines the degree to which consumers tend to perform the usage of
technologies or the usage of technology products behaviors automatically because of learning,
thus, adopting the technology at a faster rate (Venkatesh et al., 2012; Bere, 2014). This master’s
thesis is considered to be positively affected by DC resulting in faster adoption of the new
technology. So, the sixth set of hypotheses are developed:

P6.1: DC positively influences the H in the process of digital ecosystem solutions’

acceptance.
P6.2: H positively influences the Bl to use the digital ecosystem solutions.
Trust

Trust (T) denotes a person’s beliefs that mobile application or other kinds of service
would work as intended establishing the positive influence on BI to use (Eneizan, et al., 2019;
Voronenko, 2018). In the current research, it is as well expected to be positively affected by the

individual’s digital competence level, thus, bringing up the next research hypotheses:

P7.1: DC positively influences the T in the process of digital ecosystem solutions’

acceptance.
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P7.2: T positively influences the BI to use the Sber’ digital ecosystem solutions.
Security

Security (S) is defined as an individual’s belief that a particular procedure would be
secure (Voronenko, 2018). The individual’s digital competence level, in this case, is also
considered to positively affect the variable and, thus, the Bl to use new technology. So, the next

hypotheses are stated:
P8.1: DC positively influences the S in the process of digital ecosystem acceptance.
P8.2: S positively influences the Bl to use digital ecosystem solutions.
Perceived risk

Perceived risk (PR) depicts the person’s fear that the usage of service will lead to losses
and unexpected barriers for intended activity (Eneizan, et al., 2019; Voronenko, 2018). In the
previous studies, it had a negative effect on Bl use (Eneizan, et al., 2019; Voronenko, 2018).
Nowadays, privacy issues force people to carefully deploy personal information in the digital
world. Therefore, the variable PR is complemented with privacy risk concerns because it is also
associated with risks (Voronenko, 2018). Therefore, in this research, it is considered to be
negatively impacted by the individual’s digital competence level. DC is considered to lower the

perceived risk by the consumer. So, the next hypotheses are stated as:
P9.1: DC influences the PR in the process of digital ecosystem solutions’ acceptance.
P9.2: PR influences the BI to use digital ecosystem solutions.

Generally, it is supposed that the individual’s level of digital competence has an impact
on the Behavioral Intention (BI) to use the technology. So, the effect by the individual’s level of

digital competence is supposed to influence the UTAUT2 constructs, thus, affecting Bl to use.

The classical model also highlights the importance of the behavioral features of
respondents into account, when analyzing the adoption of technology. Therefore, the model
states that age, gender, and the previously accumulated experience of using technology might
affect and change the effects of factors on intention to use technology. So, a set of hypotheses are

added in addition to the previously stated ones.

H1-H9: Age of respondents mediates the effect of effort expectancy (H1), performance

expectancy (H2), facilitating conditions (H3), social influence (H4), hedonic motivation (H5),
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habit (H6), trust (H7), security (H8), and perceived risk (H9) on the behavioral intention to use
digital ecosystem solutions.

H10-H18: Gender of respondents mediates the effect of effort expectancy (H10),
performance expectancy (H11), facilitating conditions (H12), social influence (H13), hedonic
motivation (H14), habit (H15), trust (H16), security (H17), and perceived risk (H18) on the

behavioral intention to use digital ecosystem solutions.

H19-H27: Experience of respondents mediates the effect of effort expectancy (H19),
performance expectancy (H20), facilitating conditions (H21), social influence (H22), hedonic
motivation (H23), habit (H24), trust (H25), security (H26), and perceived risk (H27) on the

behavioral intention to use digital ecosystem solutions.

Additional factors influencing the Sber’s digital ecosystem acceptance.

Following the previous research done, it seemed crucial to extend the empirical model
with an additional mediating variable — brand attitude. The reason to extend the model is that the
research problem involves investigation of the phenomenon using the case of Sber. Thus, there is
the possibility that the Behavioral Intention to use the new technology will be affected by the

consumer brand attitude towards Sber.

The brand attitude is defined as the buyer’s evaluation of the brand concerning its
expected capacity to deliver on a currently relevant buying motive (Rossiter & Percy, 1987;
Rossiter, 2014). Brand attitude is basically what customers think and how they feel towards the
brand (Sauro, 2021). The existent studies on brand attitude and brand image show that it directly
influences consumer behavior (Okazaki, 2006; Christodoulides, et al., 2006; Christodoulides &
de Chernatony, 2004). Moreover, Hoffman and Novak (1996; 2009) studied online brands
viewing them as augmented products or services which meet customer needs through interaction

in computer-mediated environments.

In this research, the brand attitude is considered as a mediating factor influencing the
UTAUT2 model variables affecting and changing the impact of factors on intention to use

technology. Therefore, an additional list of hypotheses is developed.

H28-H36: Brand attitude towards Sber mediates the effect of effort expectancy (H287),
performance expectancy (H29), facilitating conditions (H30), social influence (H31), hedonic
motivation (H32), habit (H323, trust (H34), security (H35), and perceived risk (H36) on the

behavioral intention to use digital ecosystem solutions.

36



The final theoretical framework for this research is depicted in Figure 13 featuring all
eighteen direct research hypotheses together with thirty-six moderating research hypotheses,
combining all theorized elements of digital competence and the UTAUT2 model described

previously.

-------------------

_____________________

H28-H36 H1-H9
Performance expectancy }\ Pl.Z\) /

Devices and software
operations

Information and data
literacy

Communication and

collaboration ¢ Digital Competence P5.1 4’[ Hedonic Motivation ]/
Digital content P6.2 |
creation Habit ]/ gl
P7.2
Trust ]/ PS.2
/K

Problem Solving

Po.2 "\ |l
Security ]/ W
H19-H27 H10-H18
Perceived Risk (=== e

. 1
i Experience | ; Gender !
.

Figure 13. Final theoretical framework (compiled by the author)

The extended list of hypotheses is presented in the appendices. The further subchapter

will highlight the methodology used in this master’s thesis.

2.3 Methodology.

Research design and development

The research design of this master’s thesis is aimed at combining the previously
conducted research with empirical research methods. The theoretical framework developed in
the literature review has to be explored on empirical evidence to test the stated research

hypotheses.

Comparative analysis of existing studies on the adoption of electronic banking channels
revealed that studies under comparison can be split into qualitative, quantitative, and mixed
methods of research (Hanafizadeh et al., 2014). As quantitative studies estimate and assess
relationships among factors connected to the adoption or rejection of advanced technology, the
quantitative research methods are applied to test the research propositions in this master’s thesis.
Quantitative methods allow using numerical data as a basis for statistical analysis and approval
or rejection of statistical hypotheses. This type of study allows to potentially extrapolate the
results obtained on a sample to the entire investigated population. The two main types of design
for such study are survey and observation (Malhotra, et. al., 2012).
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Since the survey is a more targeted and convenient way of obtaining quantitative
information, it was decided to use this type of data collection method. The advantage of an
online over an offline survey is its cost-effectiveness and better potential geographical reach.

Therefore, in this master’s thesis, an online survey tool is applied (Malhotra, et al., 2012).
Choice of assessment technique

To proceed with further development of the research design, a technique has to be chosen
for digital competence and UTAUT 2 assessment. Regarding digital competence, three main
types of assessment techniques are usually applied in academic research and commercial sector:
self-assessment (individuals evaluate their knowledge and skills with questionnaires that range
from structured scales to free-form reflection), knowledge-based assessment (individuals are
asked to respond to carefully designed test items that measure both declarative and procedural
knowledge), and performance assessment (human observers or software monitor individuals
when they are being engaged in solving authentic, real-life problems by using common software
tools) (Kluze, Pujol Priego, 2018; Laanpere, 2019).

Based on overviews of digital competence assessment techniques (Deursen, 2017; Kluze,
Pujol Priego, 2018; Laanpere, 2019) and theory on consumer and market research (Malhotra, et
al., 2012), the chosen technique for this research is the self-assessment technique. Although the
self-assessment technique tends to be subjective, as it relies on the respondent’s self-perception,
it is the optimal choice given the context of the research and available resources due to this

technique being the least time-consuming and easy to implement (Labazanov, 2020).

The subjective factor of self-assessment is reduced by the development of an appropriate
questionnaire, with items describing specific knowledge, skills, and attitudes connected with

digital competence, in the next paragraph of this chapter.

Questionnaire development

The survey’s questionnaire includes several blocks of questions: digital competence
assessment, technology acceptance assessment (including trust, security, and perceived risk),
questions regarding individual digital tools usage, and individual electronic payment usage
experience. The questionnaire also includes the attitude towards the brand as the specific
technology is used in this study, as well as the attitude to shopping to provide a more extended
analysis. Sociodemographic questions have also been added to the questionnaire. They include
gender, age group, city of the living, education level, area of employment, and income level.
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From the previously obtained research on Digital Competence, the listed below
competence areas were included in the questionnaire. Some competencies were excluded
because of their complexity and applicability to the narrow group of respondents (Labazanov,
2020).

Table 7. Competences in DCR (Labazanov, 2020)

Competence area Competences
Information and data literacy Browsing, searching, filtering data, information, and digital
content

Evaluating data, information, and digital content

Managing data, information, and digital content

Communication and collaboration Interacting through digital technologies
Sharing through digital technologies
Collaborating through digital technologies
Netiquette

Digital content creation Developing digital content
Integrating and re-elaborating digital content
Copyright and licenses

Safety Protecting devices
Protecting personal data and privacy

Protecting health and well-being

Problem-solving Solving technical problems
Identifying needs and technological responses

Identifying digital competence gaps

Devices and software operations Physical operations of digital devices

Software operations in digital devices

Each competence area must be assessed not only through skills and knowledge items but
also through at least one attitude item, as the competence is a combination of all three
components (Fielder et al., 2016). As defined in the previous paragraph of this master’s thesis, a
self-assessment technique is being used. For each competence, the respondent is suggested to
express the level of agreement with a specific statement describing the developed level of
competence. Formulations of the statement were adapted from the research developed by
Labazanov (2020). Statements are positively worded and express a ‘proficient’ digital
competence level, so that less digitally competent respondents could define their level of

agreement according to their level of digital competence. The assessment is conducted on a
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widely used 5-point Likert scale indicating from1 — strongly disagree to 5 — strongly agree (Van

Deursen, 2014).

Table 8. Digital competencies for self-assessment (Labazanov, 2020)

Competence area Component | Competence Scale
Devices and | Skills, Shortcuts and hotkey usage
software operations | knowledge Settings personification in software
Knowledge of basic device specifications
Attitude Love for installing and trying new software
Information and data | Skills, Search operators and filters usage
literacy knowledge Smart storage and organization of data
Attitude Critical outlook on online information
Communication and | Skills, Various communication tools usage
collaboration knowledge | Various collaboration tools knowledge 5-point Likert
Attitude Respect towards netiquette scale
Digital content | Skills, Simple content for self-expression creation
creation knowledge Complex multimedia content creation
Attitude Respect towards intellectual property 1 - strongly
disagree
Safety Skills, Safety settings periodical checks
knowledge Information encoding and protection skills 5 _ strongly agree
Attitude Attention to not share sensitive info online
Problem-solving Skills, Task-appropriate digital tools knowledge
knowledge Ability to receive help or information
Attitude Love for renewal and increasing of digital

competence

For the UTAUT2 assessment a similar questionnaire was conducted using the 5-point

Likert scale indicating from 1 — strongly disagree to 5 — strongly agree. Questions were

developed using the previously conducted research on factors of adoption of digital device

wallets by Russian consumers by VVoronenko (2018).

Finally, a special welcoming window was prepared by the author, which explained the

purposes of the research to invite people to take part in it. The goal of this text is to increase the

proportion of people, who fill in the questionnaire after opening it. Moreover, for the same goal,

the survey was declared anonymous in the beginning. In addition, a brief description of the term

digital competence, the electronic payment system, and Sber ID was presented. It stated the main

features of technology to explain the scope of the study to respondents. It was particularly
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important because respondents are not required to have used a technology to participate in the
survey, as reasons for the absence of technology use are also important in the UTAUT2 model
(Venkatesh et al., 2012). Nevertheless, the description was brief and stated in neutral tones, to
avoid bias in respondents by trying to sell the advantages or disadvantages of technology. The

questionnaire is attached to the appendices.

Sampling method and sample size

The general population of the research is Russian citizens 15-49 years of age who use any
digital devices in their daily life. According to the research conducted by Beeline in 2018, the
largest percentage of all iPhone users was 25-44 years old — more than 61% (iGuides, 2018). In
the research on the consumption of the Internet, Mediascope identified that in the 12-24 age
group 93% of Russian respondents surfed the Internet on their smartphone; the analogical
percentage was 89% for the 25-34 age group and 79% for the 35-44 age group. For the next age
group of 45-54 years, the number decreased dramatically to 60% of respondents (Mediascope,
2019). However, for this research people of the 15-49 age group are considered due to the recent

events connected to COVID-19 that forced more people to start using digital devices.

As the research is conducted in Russia, the Russian population aged 15-49 is almost 69
million people and 97% of them do use digital devices (World bank, 2019; Statista, 2021). It

means that around 66 million people could potentially be investigated for this research.

Restrictions on the level of income, educational level, and other characteristics of the
respondent are not set. However, to ensure sample representativeness, it is necessary to set
guotas on the main demographic characteristics of respondents, which in this research include
age group and gender. Quotas are used to guarantee that representatives of both genders (male,
female) and all age sub-groups (15-19, 20-29, 30-39, 40-49 years) are presented in the collected

numerical data. Therefore, a non-probability quota sampling is used in this research.

Once the quotas are specified, sampling selection is done through convenience sampling
(Semiz, 2016). For the simplification of the data collection process, the data is collected through
convenience and snowball sampling methods. This means that initially the respondents are
attracted from a group of people easy to contact or to reach (convenience sampling), but they are

also stimulated to recruit other participants to take part in the survey (snowball sampling).

The size of each quota was set at 35 respondents. The quota size was chosen to exceed

the ‘small sample’ size, which is usually set at 30 observations (Sergeant, Bock, 2002).
Moreover, PLS data analysis requires from 40 and even 30 observations, according to academic
research (Goodhue, et al., 2012), the same type of analysis that is going to be used in this
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research design. Equal quotas were set, and the sample structure is not aimed at replication of the

demographic structure of the general population. This done is for wider applicability of the study

results.
Table 9. Minimal quotas (compiled by author)
Gender

Age group Male Female Total
15-19 35 35 70
20-29 35 35 70
30-39 35 35 70
40-49 35 35 70
Total 140 140 280

The total sample size is 280 respondents, which has to comply with the minimum for the
chosen statistical methods of analysis. The appropriate data analysis method for this type of
research is PLS-SEM (the choice of data analysis method is specified in the following
paragraph). The statistically determined minimum sample size for PLS-SEM is 160.
Additionally, a ‘10-times rule-of-thumb’ is widely used, which implies that the ‘sample size
should be greater than 10 times the maximum number of inner or outer model links pointing at
any latent variable in the model’ (Kock, 2018). The maximum number of links connected to the
integrated digital competence and UTAUT2 variables in the theoretical model is 18, therefore,

according to the *10-times rule,” the minimum sample size should be 180.

Consequently, the minimum sample size for the ‘problem or phenomenon exploration’
research is 200 respondents as the sample size should correspond with the chosen research
objectives (Malhotra, et al. 2012).

Data collection and analysis

To start with, it is essential to discuss the data collection methods used. Because the study
population may be difficult to access, it was decided to conduct an online survey. The
advantages of an online survey are its cost-effectiveness and the possibility of general population

analysis through the collection of a sample of an appropriate size (Malhotra, et al., 2012).

The survey was distributed through social networks Vkontakte, Telegram, and WhatsApp
via private messages and post sharing. The initial distribution was conducted through

convenience sampling. Moreover, the respondents were stimulated to further share the
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questionnaire. For that purpose, a prize lottery was held among the respondents to encourage

more answers to the questionnaire.

Moving to the data analysis methods, the major method of data analysis applied is PLS-
SEM (partial least squares structural equation modeling). Structural equation modeling is a
statistical analysis technique used to analyze structural relationships. This technique is a
combination of factor analysis and regression analysis, and it is used to analyze the structural
relationship between measured variables and latent constructs (Statistics Solutions, 2020). PLS-
SEM resolves important concerns, which usually arise while dealing with the research in the
fields of social sciences and related. Moreover, the PLS-SEM method can transform non-normal

data following the central limit theorem to minimize errors.

The appropriate application of SEM allows understanding relationships between the
studied constructs — digital competence and technology acceptance. In the context of this
master’s thesis, PLS-based SEM will be used as it is utmost suitable for an exploratory study,
where the theoretical knowledge is relatively limited (Chin, 2010). This type of analysis is
distribution-free and able to handle data from non-normal or unknown distributions. Finally,
PLS-SEM aims to test predictive relationships between constructs by looking at whether there is
a relationship or influence between them or not. It is widely used in studies of the technology
adoption (Ramirez-Correa, et al., 2015; Eneizan, et al., 2019; Berlilana et al., 2017) and in
examining digital literacy (Muthupoltotage, Gardner, 2018; Seufert, Guggemos, Tarantini, 2019)
due to its ease and explanatory power.

Summary of Chapter 2
Summing up Chapter 2, the final theoretical framework (Figure 13) was developed for

uncovering drivers of the adoption of Sber’s digital ecosystem solutions.

Sber ID was chosen since the elements of the digital ecosystem under analysis are united
under one unified brand of Sber. Therefore, the analysis of the attitude towards Sber is added,
thus, extending the initial theoretical framework with the moderating effects of Brand Attitude.

A research design was developed to facilitate the appropriate testing of the hypotheses in
the research model. The quantitative method in form of a survey questionnaire was proved to
comply with the requirements of research questions. Then a questionnaire was developed by
combining and adjusting scales from classical papers on the topic. The self-assessment technique
was chosen for the measurement of individual digital competence, because of its timeliness and
ease of implementation, and the subjectivity of self-assessment is reduced by the appropriate
item design of the questionnaire.
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The questionnaire applied for data collection can be found in Appendix 1. For the most
part, it features positively expressed statements on digital competence and technology
acceptance. The agreement with the statements is assessed on a 5-point Likert scale with
descriptors from ‘strongly disagree’ to ‘strongly agree’. Snowball and convenience sampling are
applied, with quotas based on age group and gender, with each quota amounting to 35

respondents and a total sample of 280 respondents.

For data analysis, the partial least squares structural equation modeling is applied. The
method applied to investigate the relationships between studied constructs and test the research

hypotheses.
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CHAPTER 3. DATA ANALYSIS AND PRACTICAL IMPLICATIONS.
The chapter presents the results of obtained data analysis. First of all, an obtained sample
analysis will be presented denoting sample size and characteristics.

Then, the research hypotheses will be tested based on statistical testing. Modeling will be
performed in WarpPLS 7.0 software, and statistical checks will be performed based on its
comprehensive user guide, which summarizes all the necessary statistical information for the
PLS-SEM method (Kock, 2020).

The discussion of the results presents the most important part of the study. First, new
databased models will be developed if the initial research model is not approved. Finally, the
chapter concludes with theoretical and practical implications made on the quantitative research

results.

3.1 Data analysis

Obtained sample.

All in all, 374 responses to the questionnaire were obtained. The answers were filtered
with the age of respondents (15-49) since there were answers from not defined age group (from

50 years old).

However, the quotas were not met properly. In some demographic groups, the number of
responses exceeded minimum quotas (Male, 20-29; Female, 20-29), whereas, in other
demographic groups the number of respondents barely reached the required minimum number
(Male, 40-49; Female, 40-49; Male, 15-19). Therefore, the final sample size was decided to be

reduced to 280 respondents by applying random selection to exceeding demographic groups.

Table 10. Final sample (collected data)

Gender
Age group Male Female Total
15-19 35 35 70
20-29 35 35 70
30-39 35 35 70
40-49 35 35 70
Total 140 140 280

The majority of the respondents are from Saint Petersburg (53%) and Moscow (19%). So,

there is a skew in the sample towards residents of big cities. While this may be considered as a
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slight limitation, it is important to mention that if residents of big cities will adopt new

technology, then a wave of adoption across the country is expected.

We can conclude that the respondents mostly have the high and moderate perceived level
of digital competence, however, respondents were denoting their level of digital competence to
be very high or low. Interestingly, the perceived level of digital competence was not significantly
affected by age or income level. Moreover, the majority of the respondents are students of
master's and bachelor's degrees with an average level of income. This can explain the high level

of perceived digital competence by respondents.

34% of respondents claimed that they have never used Sber ID and 22% said that they
always use it. This shows that the sample consisted of both those, who have only perceptions
about features of the Sber digital ecosystem, and those, who have tried using it and have formed
an opinion. According to the UTAUT2 methodology, the respondents don't need to have prior

experience in using technology, still not being prohibited.

Finally, collected sample size allows for reliable calculation of the measurement model in
special statistical software WarpPLS 7.0 as it exceeds the minimal sample size according to the
rule of thumb (180) and it is higher than the required minimum number for problem or

phenomenon exploration (Malhotra, et al. 2012).

Descriptive statistics

Before running PLS-SEM analysis, the average descriptive analysis was run with DCR
and UTAUT?2 constructs. Each theoretical construct is reflected in the questionnaire by a set of
5-point Likert scales. The average level of agreement with each question associated with a scale
was calculated. Then average score was calculated for each set of scales to represent the level of
agreement with the overall statement about the importance of particular factors in the opinion of
respondents. A 5-point scale means that an average score of 3,0 lies exactly in the middle of the
scale representing a neutral opinion. The summarizing tables with average scores of agreements

for each construct are presented below.

Table 11. Average scores for DCR scales (collected data)

Competence area Score

Devices and software operations | 3,8

Information and data literacy 3,7

Communication and collaboration | 3,4

Digital content creation 3,3
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Safety 4,0

Problem-solving 3,9

To start with, the average agreement of respondents with the questions about digital
competence areas is quite high. Respondents mostly agreed with the questions connected to such
areas as Safety, Problem-solving, and Devices and software operations indicating their overall
high level of skills, knowledge, and attitude.

Furthermore, the average agreement of respondents with the questions about Performance
Expectancy, Hedonic motivation, and Habit is a little bit more than neutral indicating the
features and issues connected with Sher ID. Moreover, the average agreement of respondents
with the questions about Effort Expectancy, Facilitating Conditions, Trust, and Security is high
indicating the level of agreement with questions connected with Sber ID. Finally, the average
agreement of respondents with the questions about Social Influence, Perceived Risk, and
Behavioral Intention is average indicating the relatively small level of agreement with issues

connected with Sber ID. The summarized scores are depicted in Table 11.

Table 12. Average scores for UTAUT2 constructs (collected data)

Construct Score

Performance Expectancy | 3,4

Effort Expectancy 4,0

Social Influence 29

Facilitating Conditions | 3,8

Hedonic Motivation 3,3
Habit 3,3
Trust 3,6
Security 3,5
Perceived Risk 3,0
Behavioral Intention 3,1

In the next section, results are analyzed with PLS-SEM techniques to investigate, how the
abovementioned scales can be used to derive factors affection adoption of digital ecosystem

solutions.

3.2 Research model and hypothesis testing
As it was stated previously, the research model analysis was conducted using WarpPLS
7.0 software. General model fit and quality indices were calculated assuring the necessary values

to prove the quality. However, the first trials showed low Average R-square and Average
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adjusted R-square which means the lower overall predictive and explanatory power of the model.

As a result, the model was modified several times during the process of modeling.

Statistical hypotheses formed in the previous chapter and the relationships between
investigated variables were calculated by the applied software. Three indicators concerning path
coefficients of the model were taken into consideration when testing the hypotheses — the
significance of path coefficients, effect sizes of path coefficients, and the value of path
coefficients (for comparative purposes). All size coefficients must be significant. As per Chin
(1998), Path coefficients ‘should be at least 0.20 to be considered meaningful’. However, valid
effect sizes start from 0.10. The significant small effect size in the PLS-SEM method usually
starts at the value of 0.02 (Cohen, 1988), but such threshold is considered too low by the author

to be applied in this research and make substantiated conclusions.

At the first step of the calculation, the software runs the collinearity analysis between all
constructs in the model. Therefore, once the collinearity appears to be too high, the scales must
be recombined to make the model reliable and valid. During the first run, the variables showed

multicollinearity. Therefore, actions were taken to decrease its level.

First of all, the correlation constructs with too high (>0,6) correlation were combined.
Thus, Trust and Security constructs were combined due to this issue. These two constructs are
tightly connected making it possible to use one unified Trust and Security construct, thus,
combining P7.1, P7.2, H7, H16, H25, H34 with P8.1, P8.2, H8, H17, H26, H35 hypotheses
respectively. Moreover, Hedonic Motivation was removed from the analysis since it was
correlated with more than two constructs, thus, dropping P5.1, P5.2, H5, H14, H23, H32
hypotheses from the list.

Thus, the new model was run in the software showing the absence of multicollinearity
issues. With several trials and failures, the final model was developed. During the trial process,
several variables were removed due to a negative effect on the model’s explanatory power and
hypotheses dropped. So, hypotheses H19 — H27 were dropped, because the variable Experience
showed insignificant moderating effects on the model constructs’ connection to Behavioral
intention to use, thus, removing it from the model. Then, hypotheses H1 — H5 and H7 — H9 were
rejected because the variable Age showed insignificant moderating effects on every construct's
connection to Behavioral intention to use, except for Habit. Furthermore, the variable Gender
showed almost the same insignificant moderating effects as Age, thus, rejecting hypotheses H10
— H12 and H14 — H18. Finally, hypotheses H29, H30, and H36 were rejected due to the same

reasons indicating the Brand Attitude moderating effect to be insignificant. The last point to be
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mentioned is that the connection between Facilitating condition and Behavioral intention was
removed due to its high insignificant value, which negatively affected the overall model, so,
hypothesis P3.2 was rejected as well.

Thus, the final model was adjusted so that the software calculated the final model’s

coefficients which will be discussed further.

Model fit and quality indexes.

WarpPLS software provides 10 different indices, which describe the statistical quality of
the calculated model: average path coefficient (APC), Average R-squared (ARS), Average
adjusted R-squared (AARS), Average block VIF (AVIF), Average full collinearity VIF
(AFVIF), Tenenhaus GoF (GoF), Sympson’s paradox ration (SPR), R-squared contribution ratio
(RSCR), Statistical suppression ratio (SSR), and Nonlinear bivariate causality direction ration
(NLBCDR). The software automatically calculates all of these indices providing recommended
values. Generally, all of these indices show the degree to which collected data fits with the

proposed model.

WarpPLS recommends that P-values associated with APC, ARS, and AARS are less than
0,05 to be significant (Kock, 2020). In the case of this research P-value for APC is less than
0,001 (<0,05); for ARS is less than 0,001 (<0,05); for AARS is less than 0,001 (<0,05). As it can
be seen all three P-values associated with quality indices are less than recommended 0,05. This
indicates that on average coefficients of the internal model are significant.

WarpPLS states that AVIF and AFVIF indexes are acceptable if their values are less or
equal than 5, and perfect if they are less or equal to 3.3 (Cock, 2020). In the case of this research,
the resulting AVIF is 2,671 and AFVIF is 2,718, which falls into the ideal range. This index
shows that the model has good overall predictive and explanatory power due to an acceptable
level of collinearity in the model. It means that the hypothesized constructs in the model do not

overlap in their meaning and reflect different factors.

The next index GoF is recommended to be as high as possible, with small GoF > 0.1;
medium >= 0.25; and large >= 0.36 (Kock, 2020). GoF calculated based on primary data equals
0.380, which is higher, than the cutoff for large GoF. This index is a measure of the model’s

explanatory power, which is quite high in this case.

According to the software, the SPR index should be at least higher than 0.7 and should
equal 1 in a perfect case (Kock, 2020). In this research, SPR equals 0.813, which is higher, than

the accepted cutoff value. This index measures to which extent a model is free of Simpson’s
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paradox instances when a path coefficient and a correlation associated with a pair of linked
variables have different signs. Acceptable SPR shows that there are no casualty problems in the
model, and the pre-defined paths truly reflect effects in the direction proposed by the researcher.

RSCR should be acceptable if higher than 0.9 and perfect if equal to 1 (Kock, 2020). In
this case, RSCR equals 0.856, which is slightly lower for being acceptable. However, with the
rough estimation, it may be accepted due to low deviation from the acceptable term. RSCR is
another index, which proves the absence of instances of Simpson’s paradox described earlier.
However, in this case, the predictor reduces the percentage variance explained by criterion
(Kock, 2020).

According to WarpPLS SSR index is acceptable, if higher or equal to 0.7 (Kock, 2020).
SSR equals 1.000, which is much higher, than the required minimum. This index is a measure of
the extent to which a model is free from statistical suppression indexes. Statistical suppression
occurs when a path coefficient in absolute terms is greater than the corresponding correlation
associated with a pair of linked variables. Therefore, acceptable SSR proves that a model does

not have casualty problems.

NLBCDR index is acceptable, when higher or equal to 0.7 (Kock, 2020). In the
calculated model NLBCDR equals 0.688, which is slightly lower, than the required value.
However, with the rough estimation, it may be accepted due to low deviation from the acceptable
term. NLBCDR is an index, which proves that non-linear paths reflect effects in the direction

proposed by a researcher.

Furthermore, the program calculates according to statistical procedures, whether separate
constructs may be derived based on several underlying scales. The program provides four types
of output to check the reliability of derived constructs/factors of the model. The first one is a
classical coefficient called Cronbach’s alpha, which should be equal to or greater than 0.7 for a
construct to be reliable. WarpPLS 7.0 supplements Cronbach’s alpha with another more recent
coefficient called composite reliability, which also should be equal or greater than 0.7 for a
construct to be reliable. Another important indicator is the Average Variance Extracted (AVE)
for each construct. This indicator proves the validity of a construct and is recommended to be 0.5
and higher for each reflective construct (reflective constructs are constructs, which are derived
based on a set of scales close in meaning; formative constructs are constructs, which are derived
based on a set of scales with potentially not overlapping meaning). The last indicator
recommended for analysis of results of Factor Analysis is Full collinearity VIF, which is used for

common method bias tests to check for the absence of multicollinearity. According to the
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developer of WarpPLS (Kock, 2020), VIF should be lower than 3.3. However, VIFs lower than 5
are also acceptable. Eventually, the WarpPLS 7.0 manual states that a more relaxed criterion of
10 is also acceptable, while not an ideal, threshold for VIF. Further a table with the results of

these four tests for each construct in the extended UTAUT2 model is presented.

Table 13. Reliability and Validity Indicators (collected data)

Composite Cronbach's Average variances Full collinearity
reliability alpha extracted VIFs
DC 0.884 0.863 0.309 1.278
Bl 0.947 0.926 0.818 3.157
PE 0.946 0.938 0.577 2.347
EE 0.953 0.934 0.834 3.610
Sl 0.964 0.943 0.899 2.525
H 0.938 0.911 0.792 3.101
T&S 0.947 0.933 0.718 4.301
PR 0.928 0.907 0.683 1.540
FC 0.890 0.835 0.670 3.780

All the constructs are proved to be reliable based on Cronbach’s alpha and Composite
Reliability coefficients. However, Digital Competence constructs have a too low level of AVE.
Therefore, the validity of Digital competence is questionable in this research, which is

considered a limitation.

Figure 14. A data-based model on technology acceptance (compiled by the author)
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Moving further, the structural model was successfully developed based on the
questionnaire response (Figure 14). The model provided the calculations for path coefficients,
associated p-values, and effect sizes. A certain path coefficient value means that if certain
independent variable changes by 1 standard deviation, then a dependent variable changes by the
portion of its standard deviation equal to the path coefficient. Path coefficients are statistically
significant and show a real dependency relationship in a model if p-values associated with them
are lower than 0.1. Effect size shows the strength of the effect of an independent/predictor
variable on a dependent/endogenous variable. Based on commonly accepted thresholds (Kock,
2020) effect size can be weak (<0.02); small (0.02<x<0.15); medium (0.15<x<0.35); or large
(>0.35).

Table 14. Outputs for main variables of the internal model (collected data)

Path Path P values Effect sizes Hypotheses, strength
coefficients for path
coefficients

DC->PE -0.132 0.012 0,02 P2.1: supported, weak

DC->EE 0.331 <0.001 0,11 P1.1: supported, small

DC->PR 0.147 0.006 0,02 P9.1: supported, weak

DC->FC 0.197 <0.001 0,04 P3.1: supported, small
PE->BI 0.246 <0.001 0,16 P2.2: supported, medium

EE->BI 0.111 0.030 0,04 P1.2: supported, weak
SI->BlI 0.224 <0.001 0,15 P4.2: supported, medium

H->BI 0.175 0.001 0,13 P6.2: supported, small
T&S->BI 0.310 <0.001 0,22 P7.2: supported, medium

PR->BI -0.078 0.094 0,04 P9.2: supported, small

Table 15. Outputs for mediating variables of internal model (collected data)

Path Path P values Effect sizes Hypotheses Supported
coefficients for path
coefficients

AGE*H->BI -0.113 0.028 0,03 H6: supported, small
GEN*SI->BI -0.119 0.022 0,02 H13: supported, weak
BR_ATT*EE->BI 0.136 0.010 0,06 H28: supported, small
BR_ATT*H->BI 0.171 0.002 0,07 H31: supported, small
BR_ATT*SI->BI 0.166 0.002 0,07 H33: supported, small
BR_ATT*T&S->BI 0.132 0.012 0,05 H34: supported, small
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The research model supported the effects of the Digital competence variable on
Performance Expectancy, Effort Expectancy, Perceived Risk, and Facilitating conditions. What
IS more, the impact of digital competence level is positive in most cases as was expected.
Interestingly, the level of an individual’s digital competence negatively impacts performance
expectancy. So, it means that the increase in the level of an individual’s digital competence

deviation decreases the performance expectancy.

Moreover, the effects of Performance Expectancy, Effort Expectancy, Social Influence,
Habit, Trust and Security, and Perceived risk on Behavioral Intention to use technology were
proved. As it was supposed, most of the constructs have a positive effect on the Behavioral

Intention to use, except for Perceived Risk which was considered to have a negative effect.

Finally, all other supporting statistical hypotheses for this study were not supported by
the results of the PLS-SEM analysis. Summing up, the quality of the model proved to be high
despite small deviations of RSCR and NLBDR indexes. Thus, the model proves the high
reliability of received results, which will be described further. An output summary with the

calculated model fit and quality indices is attached to the appendices.

3.3 Discussion of the results

Data-based model and its interpretation

Average R-squared of 0.68 means that the model explains 68% of the total variance in
consumer’s intention to adopt Sber’s digital ecosystem solutions. The value is significant, which
indicates that the model is reliable and can be used for practical implementation. It can be

observed in Figure 15.
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Figure 15. A modified model on technology acceptance (compiled by the author)
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The results of the analysis can be divided into two groups: the effect of Digital
competence on the UTAUT2 constructs and the impact of the UTAUT2 constructs on the
Behavioral intention to Sber ID technology.

To start with, Digital competence has effects on such constructs as Performance
Expectancy, Effort Expectancy, Perceived Risk, and Facilitating conditions, as was mentioned
previously. The model proved that a higher individual’s level of digital competence leads to the
easier adaptation to new technology for consumers. It was expected as the more people know
about Sber ID the easier it is to start using it on an everyday basis. Moreover, the increase in the
level of an individual’s digital competence, surprisingly, leads to a decrease in the level of an
individual’s performance expectancy. It could be understood as the more people know about the
Sber 1D the fewer benefits they expect from its usage in performing specific activities. Following
this, the model predicted that the level of digital competence positively impacts the person’s fear
of barriers and losses associated with technology usage. Unexpectedly, the results show that the
risks associated with the usage of Sber ID increase following the increase in the level of digital
competence which is another discussion point. Finally, the model predicts that the higher the
level of digital competence leads to a higher degree of a person’s belief towards technical
infrastructure support when using Sber ID. It means that the digitally competent person would
likely ask for help from the support organization rather than from peers.

Moving to the factors affecting Behavioral intention to use, it is crucial to mention that
Performance Expectancy, Effort Expectancy, Social Influence, Habit, Trust and Security, and
Perceived risk on Behavioral Intention to use technology was proved to be significant. The most
influential drivers to Behavioral Intention to use in this case are Trust and Security, which is
expected because Sber is a financial institution, and security connected issues often arise. The
other driver is Performance Expectancy, which is also expected since the benefits connected with
the usage of Sbher ID directly affect the outcome.

So, the model predicts that if consumers believe Sber ID will perform as intended and
will help to achieve their goals during the use period, then they will intend to use Sher ID in the
future. Talking about the rest of the constructs, the analysis shows the positive influence of
almost all the constructs on the behavioral intention to use Sber ID, as was expected previously.
The negative effect of risk factors was also expected based on the literature review. If consumers
believe that Sher ID might collect their data, which they would not like to disclose, or that it
might fail during the use process, then it would decrease their intention to use Sher ID in the

future
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Another considerable finding is that the age, gender, and brand attitude toward Sber
showed an interesting result. The final model assumes that age affects the relationships between
behavioral intention and habit; gender heavily impacts the relations between social influence and
behavioral intention; and, finally, the brand attitude affects relationships of Trust and Security,
Effort Expectancy, Habit, and Social Influence constructs with Behavioral Intention to use Sber
ID. What is more, the experience might be of no relevance, because of the relative simplicity of
Sber ID usage and consumer’s general familiarity with Sber’s Internet banking or mobile

banking applications.

Based on model modification and the information discussed previously, theoretical and

practical recommendations were developed.

Further theoretical implication

One of the important contributions of this master’s thesis is developing the link between
the technology acceptance model and the digital competence framework. The results show that,
in general, the digital competence level of an individual affects the person’s intention to use
particular technology by affecting such constructs as Performance Expectancy, Effort
Expectancy, Perceived Risk, and Facilitating conditions.

Therefore, the theoretical contribution of the research is the following. First of all, the
research provides the answers to the research questions on the role of digital competence in the
technology acceptance process of Sber’s digital ecosystem solution. Thus, it generates new

knowledge regarding the list of factors and the unique acceptance model.

Moreover, the research lays the foundation for subsequent studies on this topic. The
research has developed and verified the linkage between the level of an individual’s digital
competence and the acceptance model, and it has comprehensively described the methodology
used. Thus, the research has provided the model and methodology, which can be further adjusted

and extended, to perform similar researches.

Finally, the research has generated new relevant knowledge and has created the
foundation for further studies on the topics of technology acceptance and digital competence in

the context of digital business ecosystems.

Further practical implication
The results of the current research can be useful for practitioners as well. This study

would be helpful for marketing managers responsible for developing promotional campaigns in
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particular. It would be most appropriate to use the results in two different categories discussed

further.

First of all, targeting should be based on the consumer's level of digital competence and
focus mainly on influential drivers that proved to affect the Behavioral intention to use the
technological solutions. Thus, one of the prominent results of the study is the negative impact of
the digital competence level on the degree to which consumers expect benefits in using a
particular technology, which in turn, affects negatively the intention to use it. So, the consumers
with a high level of digital competence expect fewer benefits connected with the usage of new
technology, and, therefore, do not intend to use it. Consequently, this group of consumers has to

be treated differently so that the potential market share will not be missed.

Finally, it is recommended to educate consumers regarding the new technology to
increase the level of their digital competence so that it would be easier for consumers to adopt it,

and, thus, to use it.

Limitations and further research

This research is associated with three main limitations. First of all, the sample collected
for the study consists primarily of citizens from Saint Petersburg and Moscow, which might
introduce bias while being represented to the entire population. Quota sampling allowed to
include representatives of all demographic groups of interest into the sample, however, the
sampling method remained of convenience and snowball nature, which may introduce bias to the
data. Even though the sample is a good representation of only the segment of the entire
population, it is not representative of the whole population. So, the results should not be

generalized to the country level.

Furthermore, the sample consisted primarily of people with prior experience who have
already used Sber services or have is familiar with it, which might be a reason why the FC factor

has not been treated statistically as internally valid.

Finally, the sample size was sufficient but was limited by 280 respondents using four
quotas of 35 people in each, so it can lead to the situation that to a certain extent the results do
not reflect the true effect of a larger population. It is specifically recommended to test significant
paths with weak-moderate path effects on larger samples. Consequently, the limitations should

be taken into consideration by further studies relying on the obtained insights.
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Summary of Chapter 3

In Chapter 3 the process of data analysis was described in detail. As a result, the research
questions were addressed. Based on the results of the data analysis, recommendations for both
practitioners and academics were provided. Finally, some limitations of the current research

were also discussed.
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CONCLUSION
The study was dedicated to investigating the possible linkage between the technology
acceptance by consumers and their digital competence level using the case of the highly

innovative banking company — Sber.

The existing literature and concept analysis defined the research gap as the lack of
knowledge on the relationships between digital competence and consumers' digital technology
acceptance. Therefore, research questions “What is the role of digital competence in the digital
ecosystem solutions acceptance process?” and “How specifically does digital competence
participate in the digital ecosystem solutions acceptance process?” were addressed with the

empirical research.

The main concepts used in the research together with the recent phenomenon
investigation were highlighted. Based on the analysis of the existing research frameworks of
consumer behavior studies the initial integrated model was developed based on the UTAUT2

model extending it with additional variables addressed by the stated research problem.

Moving on, the context of the study was explained. Thus, the reasons for choosing Sber
digital ecosystem solutions (the unique representative of complex digital solutions in the banking
industry) were provided and a research design was developed to facilitate the appropriate testing
of the hypotheses in the research model. The choice of methodology (quantitative approach via
questionnaire) was justified. The design of the questionnaire and data collection process was
given. A particular analysis method (PLS-SEM) via specific software (WarpPLS 7.0.) was

explained.

Finally, the results of the analysis can be divided into two groups: the effect of Digital
competence on the UTAUT2 constructs and the impact of the UTAUT2 constructs on the
Behavioral intention to use Sher ID technology. The level of consumer digital competence
proved to have effects on such constructs as Performance Expectancy, Effort Expectancy,
Perceived Risk, and Facilitating conditions, thus, answering the stated research questions.
Furthermore, Trust and Security together with the Performance Expectancy were defined as the
most influential drivers to intention to use, adding the substantial effect of the Brand Attitude

mediation.

Based on the empirical research results, further theoretical and practical implications
were developed and addressed together with the limitations and further research suggestions.
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APPENDICES

Appendix 1. Questionnaire
I/ICCHGILOBaHI/IC OIIbITA UCIIOJIB30BaHUA HOBBIX HI/I(prBI;IX CCPBHUCOB
3apaBcrTByiite!

Bnaro;[apfo 3a COrjlaCue€ NpuHATH y4aCTUC B HAIIEM UCCJICIAOBAHUHU, ITOCBAILICHHOM OTHOIICHUIO K
HOBBIM LII/ICprBLIM CEpBUCAM U OIILITY UX UCIIOJIb30BaHUA. Bcee TIOJIYY€HHBIEC OTBETHL 6y,Z[YT
HCIIOJIB30BAaHbI TOJIBKO B aHOHHMMHOM O606].[ICHHOM BHJIC B UCCJIICAOBATCIbCKUX LECIAX.

Bpewms 3anonsenust onpoca - npumepHo 10-15 munyT.BCe yuacTHUKEM ompoca MOTYT NpUHATH
y4acTHe B PO3BITPHIIIE CepTU(HUKATOB Ha COBEPILECHUE MOKYNKHA Ha 0ZON.IU - 7Sl 5TOTO OCTaBbTE CBOM
KOHTaKTHBIE JaHHBIE (3JICKTPOHHBIN apec) MOCie 3a0THEHHIS AHKETHI.

C yBaxxenueM, Anym Caaks,

CryneHTKka mporpamMmel MarucTpatypsl Master in Management Briciast mkoa MeHeKMEHTa
CIIoI'y

YpoBeHb nu(ppoBoii KOMNETEHTHOCTH (YacTh 1)

1. Kak 051 Bl oniennnu Banr ypoBeHb nu¢poBoii KOMIIETEHTHOCTH?
a. OueHb BBICOKHUH
b. Bricokuit
Cpennuit
d. Huskwmii
e. OueHp HU3KUN
2. Kakumu nugpoBsiMu ycTpoiicTBaMu Bel monb3yerecs?
a. ITepconayIbHBII KOMIIBIOTED
b. HoyTtoyx
IInanmer
d. MoOubHbIH TeaeQoH
e. OJeKTpoHHAas KHUTa
f. Hudporoii ¢poroanmapar

g. Hudposoii mneep
h VMHBIE Yackl

i. durHec-Tpekep

j- Hpyroe:
3. Jns xakux ueneit yamie Bcero Bl ucnomnp3yere Baliu ycTporcTa?
a. Hcnonp3yio 0a30Bbie QyHKIIMU HUPPOBBIX YCTPOKCTB (3BOHKH U

SMS, armekTpoHHas o4Ta, XpaHeHue (aiios 1 T.1.)

b. Hcnone3yio B MTUYHBIX LEJsIX (00IIeHue ¢ APY3bIMH, IOUCK
WHPOPMAITUH, TOKYTIKH U T.1.)

C. Hcnonb3yio B pa3BieKaTesIbHBIX LEIiX (IPOCMOTp OHJIAMH-
KOHTEHTa, UTPbI U T.1.)
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Hudporasi KOMIETEHTHOCTH (4aCTh 2)

d. Ucnonb3yro mist ya€obl/paboThl B KaYeCTBE BCIIOMOTATEIHHOTO

WHCTpYMEHTA (IIPUMEHEHUE «O(UCHBIX)» U HHTEPHET-TPUIIOKEHUH U T.J.)

e. Hcnoneayto amst yu€obl/paboThl B Ka4eCTBE OCHOBHOTO

f. HApyroe:

Yto Takoe unppoBoii KOHTEHT:

WHCTPYMEHTA (MIpodecCHOHANBEHOE CO3JaHNe CIIOKHOTO HU(PPOBOTO KOHTEHTA,
MIPOTpaMMHPOBAHKE U T.1.)

HudpoBoit KOHTEHT — 3TO HH(GOPMALIMOHHBIC U Pa3BlIeKaTeIbHbIE MaTepHalibl, KOTOPHIE
pacIpoCTpaHAIOTCS B AIEKTPOHHOM BUE U MCIOJB3YIOTCS Ha IU(POBBIX YCTPOHUCTBAX: KOMIIBIOTEPAX,
TUTaHIIETax, CMapTPOHaX, TEKTPOHHBIX KHUTaX U T.J.

Onenure, HACKOJIBKO BBI COrNIacHBI CO CIETYIOMKUMHU YTBEPKIACHUSIMHU:

IMonHoCTRIO He cormaceH / TTomHOCTRIO cormaceH (1-5)

Competence area

Component

Competence

Question translated

Devices and software
operations

Skills, knowledge

Shortcuts and hotkey
usage

S npumeHnsito
pa3HooOpa3Hbie ObICTPHIC
COUYEeTaHMS KJIABUII (TaKKe
HA3bIBAIOTCS «TOPIIHE
kmasumu» u hot keys) B
nporpamMMax, KOTOpbie s
UCTIOJIB3YIO Ha
MEPCOHATEHOM
KOMITbIOTEPE/HOYTOYKE

Settings personification
in software

51 Bcerna u3MEHSIIO
HACTPONKHU CBOMX
IUQPOBBIX YCTPOUCTB U
NPUITIOKEHUH, YTOOBI
aIanTHPOBATh UX MOJ ceOsl

Knowledge of basic
device specifications

51 3HAI0 MOIITHOCTH, 00BEM
[MaMsATH U pasMep
XpaHWINIIA, pa3pelieHre
JKpaHa ! Apyrue odIme
TEXHUYECKUE
XapaKTEPpUCTUKU MOUX
YCTPOUCTB

Attitude

Love for installing and
trying new software

MHe HpaBuTCs
yCTaHABIIUBATh U
po0OBaTh HOBBIC
NPUIOKEHUS U
nporpaMMHoe obecrieueHne
Ha MOMX YCTPOMCTBax

Information and data
literacy

Skills, knowledge

Search operators and
filters usage

S yMero ucrnosib30BaTh
TIOMCKOBEIE (DHITBTPHI U
Pa3JIMYHBIC ITOUCKOBLBIC
OTIEPaTOPHI, YTOOBI HANTH
HY>KHYIO0 MHE WH()OPMAITHIO

Smart storage and
organization of data

S ncnonb3yio pazaInyHbIe
METOJIBI [UISl XPaHEHUS U
OpraHM3aIMU TaHHBIX
(pusmueckue u odbmauHbIe
XpaHWININA,
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KJIacCH(UKAIMSA 10 Marnkam
HT. 1)

Attitude

Critical outlook on
online information

S kputHdecku
BOCIIPUHUMAIO
naopmarmio B IHTEpHETE
1 TIPEIIIOYNTAIO
MIEPETIPOBEPSAThH
JIOCTOBEPHOCTH
MTOJTy9aeMBbIX TaHHBIX U UX
HCTOYHUKOB

Communication and
collaboration

Skills, knowledge

Various
communication tools
usage

5] aKTUBHO KCIIONB3YI0
IIUPOKUM CIIEKTP
r(POBBIX HHCTPYMEHTOB
(37IEKTPOHHYIO MOUTY,
yaTel, SMS, colnanbHbIe
ceTH, OJIOTH U T. II.) IS
oOIIeHns

Various collaboration
tools knowledge

S Bnanero MHCTpyMEHTaMHU
COBMECTHOM pabOTHI B
WnaTepuere (0bmue
KaJeHIapH, CUCTEMBI
yIpaBJIeHHsI TPOCKTaMHU,
BUJICOKOH()EPEHIINH,
MIPUIIOKEHUS T10
yIpaBJICHHUIO 3a/]a4aMH,
(haiipl ¢ 0OITUM JTOCTYTIOM
UT. ).

Attitude

Respect towards
netiquette

51 cobuoiaro npaBuiia
IIOHATHOT'O U
YBOKUTEITHHOTO OOIICHUS
OHJIAWH (TaKXe Ha3bIBAIOT
«CETEBOM ITHUKET)

Digital content
creation

Skills, knowledge

Simple content for self-
expression creation

S coznaro mpoctoi

1 (HPOBOI KOHTEHT C
[ENTBI0 CAMOBBIPAXKEHHUS
(pororpadun, Buseo,
3aIMCH B COIHATbHBIX
CeTIX U T. J1.)

Complex multimedia
content creation

S ymero co3gaBath
CJIO>KHBIM KOHTEHT U3
Pa3HBIX MYJbTUMEIUHHBIX
MaTepuanoB (TEKCT,
¢dororpaduu, Buseo,
MY3bIKa H T. JI.) B pa3HbIX
QpoBbIX hopmarax

Attitude

Respect towards
intellectual property

S craparock yBaxkatb

UG POBYIO

MHTEIUICKTY JIbHYIO
COOCTBEHHOCTb, aBTOPCKHE
npaBa ¥ JULECH3UU

Sl moNB3yrOCh TOIBEKO
JINLEH3UOHHBIM KOHTEHTOM
1 IPOTrPaMMHBIM
obecrnieueHneM

Safety

Skills, knowledge

Safety settings
periodical checks

51 nepuoauvecku MpoBepsto
HACTPOHKHU 0€30MacHOCTH
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Ha CBOMX YCTPOMCTBax, B
MIPHJIOKCHUSX U B
COIMAJTILHBIX CETAX, a
TaK)Ke MCHSIFO AP0 MOUX
JTUIHBIX TIPOodUICH 1
YCTPOMCTB

Information encoding
and protection skills

S 3Ha10 pasnuuHbIe
CHOCOOBI IU(PPOBAHUS HITH
3aMUTH HHPOPMALUH TIPU
ee mepegaye

Attitude

Attention to not share
sensitive info online

51 BHUMATENBHO OTHOIYCh
K TOMY, 9TOOBI HE
nepenaBarth U He
pacmupocTpaHsTh CBOU
KOH(HICHIIUATBHEIE
JnaHHble B IHTepHETE

Problem-solving Skills, knowledge

Task-appropriate
digital tools knowledge

S1 Bcerma moHMMar0, Kakou
UQPOBOIT HHCTPYMEHT
JIYYIII€ BCErO TOAXOMUT JIJIS
MOUX ToTpeOHOCTEH 1
1ejei B KaKIoM
KOHKPETHOM CJIyJae.

Ability to receive help
or information

Korna npu ncnonb3zoBaHuu
IU(POBBIX TEXHOJIOTHIA
BO3HUKAET Mpo0ieMa uiu
BOTIPOC (HE CBSI3aHHBIE C
TEXHHYECKUMH
HEIOJIaIKaMH ), 51 BCET/Ia
3Hal0, KyJ]a 00paTuThes 32
HOMOIIBIO U T HAUTH
HEOOXOUMYIO
UHQOpMAITUIO

Attitude

Love for renewal and
increasing of digital
competence

A mobmro mprobperaTh
HOBBIC 3HAHUS U HABBIKH B
cepe nHGOPMAITHOHHBIX
TEXHOJIOTUM, a TAaK)Ke
UCKATh BO3MOXKHOCTH JUTSI
MOBBINICHHS CBOCH

UG poBoi
KOMITETEHTHOCTH.

IMonb30BaTeNLCKHUIA ONBIT (YACTh 1)

Uto Takoe CrucTtema 3JIeKTPOHHBIX TIATEKEH:

Cucrema 3J1eKTPOHHBIX TUIaTEXeH, WK 3JIEKTPOHHAs IIaTEXKHAs CUCTEMa, — CUCTEMa PAcU€TOB
MEXIy (PMHAHCOBBIMU OpPraHU3alUsIMH, ON3HEC-OpraHU3alMAMU U HHTEPHET-TI0JIb30BATEISIMH TIPH
MOKYTIKe-ITPOAaKe TOBApOB U yciyr uepe3 MHTepHeT

1. V Bac ectb cMapt GoH?

a. Jla
b. Her

2. Tlomezyerech nu Bbl cucteMoii 37IeKTPOHHBIX ITATEKEH?

a. Jla
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b. Her

3. Jlnsa xakux neneit Bel necnonb3yeTe cUcTeMy 3JIEKTPOHHBIX TUTATEKEH?
a. OmiaifH monmuHT (0AeKIa, HIEKTPOHNKA, aKCECCYapshl, T.1.)
b. HocraBka mpoayKkToB
C. JlocraBka roToBOM €IbI
d. OrulaTa KOMMYHAJIbHBIX TUIATEKEH
e. Hpyroe:

4. Kak gacTto BbI ncnonbs3yeTe cucTeMy dJIeKTPOHHBIX IDIaTeKe?
a. Huxorna
b. Pa3 B mecs
€. Heckonbko pa3 B Mecsil|
d. Pa3 B Hememo
€. Heckonbko pa3 B HeJENO
f. Pa3 B meHb
g. Heckoinbko pa3 B 1€Hb

5. Tlomezyerecw mu Bol cepBucamu Coep 1D?
a. Jla, moJyib3yr0Cch MOCTOSAHHO.
b. Ja, mome3yrock WHOT/IA.
C. Ma, nosib3yroch peiko.
d. Her, He OIB3YIOCH.
e. Her, a yto 310?

I[Monb30BaTeNLCKHUIA ONBIT (YACTH 2)
UYro takoe CoeplD:

Coep ID — 3T0 equHbIM BXOA B cepBUCHI 3KocucTeMbl COepOaHKa U MapTHEPOB
(https://www.sberbank.ru/ru/person/dist_services/sberbankid?tab=partners). B Coep ID ucnonbs3yrorcs
TeXHOJIOTHYecKue penreHus (Harnpumep, nporokon OpenlD Connect) anst obecrieueHus JJOJKHOTO
YPOBHs 0€30M1aCHOCTH.

[Moxxanyticta, o3HakoMbTech ¢ pekiaamoi Coep ID (ccbuika
https://www.youtube.com/watch?v=ImNOC5fMz7M) 1 0TBeThTE Ha CJICIYIOIINE BOIPOCHI.

Bomnpocs! 110 BUs€0
1. Kaxkas necus B. bpesxHeBoit Obliia aanTUpoOBaHa /Ui JaHHON peKiambl?
a. Jlro6oBb ciacét Mup
b. Xopomumii neHn
C. S He caTas
d. JIroGure apyr apyra

2. Hcxons u3 BUICO, KaKKUE CEPBUCHI JOCTYIHBI i Bxoa mo Coep ID?
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CepBHCH U151 TOCTaBKU MPOJIYKTOB
CepBHUCH I POCMOTpPa KHHO
CepBUCHI T TOKYITKH OJIEXK/IbI, 00YBHU M aKCECCyapoB

CepBHCH I TOCTABKHA TOTOBOM €1TbI

3. Hackomnbko mone3ssiM Bbl cuntaeTe JaHHOE BUEO?

a.
b.
C.
d.

OueHs 110JIE3HOE
ITone3noe
HeittpanbHoe

Becnonesnoe

Harnee mbl pocuM Bac oTBeTHTH Ha Bompock! 0 Baiiem MoTeHInanbHOM OIBITE UCTIONb30BAHUS
Coep ID. IToxkanyiicta, OTMETHTE, HACKOJIBKO BBI COTJIACHBI ¢ Ka)KIbIM U3 MIEPEUUCICHHBIX YTBEPKICHUN
(1 — MOTHOCTBIO HE COTTIACHBI, 5 —TIOTHOCTBIO COTJIACHBI)

Performance Expectancy
(Adapted from Venkatesh et
al., 2012)

HUcnomszoBanue Coep ID Bo Bpemst MOKYIKH POTYKTOB MIIH yCITYT
yIIydmiaT 3¢ (pEeKTUBHOCTh MOET0 B3aMMOEHCTBHUS C IIPOAABLIOM
(HanpuMep, PY OHJIAWH IIOTIIHHTE)

Hcnonw3oranue Coep ID yBeanuuT 3pPeKTHBHOCTH mpoliecca Moek
MOKYIIKH

UcnonszoBanme Coep ID Bo Bpemst MOE# MOKYTIKH YITyYITUT KA9€CTBO
npoliecca MOKYIIKU

HcnonezoBanue Coep ID mo3Boaut MHE OBICTpEe TOMydYaTh JOCTYI K
HPOIYKTaM/yciyram BO BpeMsi MOKYIIKH

UcnonszoBanune Coep ID mo3Bonut MHE O0Jlee TOYHO OTCIICKHBATH
IpoLecc MOeH NOKYIKU

Hcnonw3osanue Coep ID mo3BONIKMT MHE YBEIHMUUTh OOIIYO TOTYYaeMYyHO
MHOW [EHHOCTh OT NPHUOOPETEHHUS IPOIAYKTOB/YCIyT

Hcnons3oBanue Coep ID mo3BoauT MHE Jydllle ypaBisiTh MOUMHU
JIEHE)KHBIMH CPEJICTBAMH BO BpeMs MOKYTIOK

Hcnonp3oBanue Coep ID mo3BoauT MHE JIydllle KOHTPOJIUPOBATh MOU
pacxojibl BO BpeMsl OKYIIOK

Hcnonw3osanue Coep ID mact MHE yJIydIlIeHHOE MPEACTABICHUE O MOCH
HCTOPHH MTOKYIIOK

Hcnons3oBanue Coep ID mpenocraBut MHe OoJiee 3alIMIIEHHBINA CIIOCO0
OIJIaThl MOKYIOK

HcnonezoBanue Coep ID nmozsonut Mue 60ee 3h(HeKTHBHO BHIOHPATH
MEXJIy CTIocOo0aMu OTUIaTHI (HarmpuMep, MeXAY pa3indHbIME Bammmu
KapTamH)

HcnonszoBanue Coep ID mo3BoaHUT MHE NONYUUTH JPyTHE
MPENMYIIECTBA, TOMUMO OIIIaTHl (HapUMep, EAMHHBIN BXO IS
Pa3IMYHBIX CEPBUCOB)

B nenom s cumrato, uto Coep ID moneseH Bo Bpemsi COBEPILIEHUS
MTOKYTIOK

Effort Expectancy
(Adapted from Venkatesh et
al., 2012)

MHe sierko Hay4uThes moss3oBaThest Coep 1D

Moe B3anmogerictere ¢ Coep ID Oynmer SICHBIM B MOHATHBIM

A cuwnrato, yto Coep ID Jerko ncnonb30BaTh

MHe OyJeT JIerko pa3BUTh HABBIKH YBEPEHHOTO Mcnob3oBanusi Coep 1D

Social Influence
(Adapted from Venkatesh et
al., 2012)

JItou, KOTOpBIE BaXKHEI JJIsI MCHS, CUUTAIOT, YTO MHE CIIETyeT
ncrnonp3oBaTh Coep ID

JItoau, KOTOpBIE BIMSIOT HA MOE TIOBEJICHHUE, AYMAIOT, YTO MHE CIENYET
nosp3oBatecsi Coep ID
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Jltou, KOTOpBIE BIMSIOT HA MOE TIOBEJICHHE, JYMAIOT, YTO MHE CIIEIyeT
nmoytb3oBaThcst Coep ID

Facilitating Conditions
(Adapted from Venkatesh et
al., 2012)

Y MeHs ecTh Bce HeOOXOAMMBIE CPENICTBA Ul HCeoab3oBanus Coep 1D

Y MeHsl ecTh He0O0X0IMMBbIC 3HAHUS JIJIs ucroyib3oBanust Coep ID

Coep ID coBMECTHUM € APYTHMH TEXHOJIOTHSIMH, KOTOPBIE Sl UCTIONB3YIO

51 cMoOT'y TIOJTy4UTh MMOMOIIE OT IPYTUX JIFOJIEH, €CITH Y MEHSI BOSHUKHYT
po0eMsl ¢ ucnonb3oanreMm Coep 1D

Hedonic Motivation
(Adapted from Venkatesh et
al., 2012)

IMonk3oBaThcst Coep ID Beceno

[Tonn3oBathest Coep ID mpusitHO

[Tonp3oBathest Coep ID o4YeHb yBIEKATEIbHO

Habit
(Adapted from Venkatesh et
al., 2012)

Ncnonp3oBanmne Coep ID cTano a1t MeHsI IPUBBITHBIM

S npuctpacTmiics K ucnoiaszoBanuto Coep 1D

MHe HeoOxo Mo ucnoibs3oBark Coep 1D

Hcnosnw3osanue Coep ID crano s MeHS €CTECTBEHHBIM

Trust
(Adapted from Khalilzadeh
etal.,, 2017)

S Bepro, uto COep ACP)KUT B yME HHTEPECH CBOUX KIMEHTOB

S Bepro, uro COepy MOKHO TOBEPSTH

51 Bepro, uro COep crenaer Bce BO3MOXKHOE IS 3aIUTHI TPAH3AKITHIA
IOJIB30BATENEH

Security
(Adapted from Khalilzadeh
etal.,, 2017)

S ObI uyBCTBOBAJI ce0s1 CIIOKOWHO MpH Hcnonb3oBanuu Coep ID

Coep ID — aT0 Ge3omacHas cucTema I OTIIPABKH/UCTIOTh30BAHHMS
KOH(QHICHINAILHON HHGOpMaUU

41 ObI wyBCTBOBAJI Ce0s1 B ITOJTHOM 0€30MACHOCTH, €CIIH OB IPEJOCTABHIT
KoH(UACHIMAThHYI0 HHPopManmio o cede gepe3 Coep ID

B nenom Coep ID — aTo Ge3omacHas cructeMa s iepeaadn
KOH(QHICHIMAILHON HHMOpMAaIUU

Performance Risk
(Adapted from Khalilzadeh
etal., 2017)

Bricoka BepOsSTHOCTB TOTO, YTO YTO-TO MOMJIET HE TaK BO BpeMsi pabOThI
Coep ID

Coep ID moxeT Ha4aTh HENIPABUIBHO paboTaTh U CO31AaTh HPOOIEMBI BO
BpEMsl OILTaThl MOMX MOKYIIOK

YuuteiBasi 0XuIaeMbIi MHOHM ypoBeHb padboTel Coep ID, mist Mens Oyaer
PUCKOBAaHHO B HEM 3apETUCTPUPOBATHLCS U MCIIOJIB30BAThH €TO

Privacy Risk
(Adapted from Khalilzadeh
etal., 2017)

CymiecTByeT BbICOKasi BEPOSITHOCTh OTEPSATh KOHTPOJIb HaJl
KOH(UIeHIIMAILHOU TMYHON MH(OopMaImel n3-3a ucrons3oBanus Coep
ID

Peructparmus B Coep ID u ero ganpHeiiee uCroib30BaHNE HETATHBHO
MOBIIMSIIOT HA HETIPUKOCHOBEHHOCTh MOEH YaCTHOM JKU3HH, TaK KaK MOsI
nrYHasi ”HPopMaIus OyJIeT UCIIONIb30BaThCs 0€3 MOETo BeioMa

A nymato, ato ncronp3oBanue Coep ID HE TOMOXET COXPaHUTH MO0
KOH(UACHIIMATBHYIO HHPOPMAIIHIO OT pa3riallieHus

Behavioral Intention
((Adapted from Morosan
and DeFranco, 2016)

S cobuparock ucnonp3obark Coep ID st oruiatel B OyayniemMm

S 6yny meITathes Beerma ucnoib3oath Coep ID miis ommaTel MOUX
MTOKYIIOK

S Oyny peKkoMeHI0BaTh APYTUM JIOAAM Hcroib3oBats Coep ID s
OIJIATHI OKYIIOK

Co6ep ID cTaneT 01HOM U3 TJIABHBIX TEXHOJOTHIA OTUIATHI IJIsT MEHS

SAsnsiereck u Bel kimenTom Coepa

a. Jla
b. Her

SABnsumuck v BeI pasbie kmeHToM Coepa/CoepOanka?

a. Jla
b. Her

[ToueMy BBI OTKa3aJIUCh OT MOJIb30BaHus ycayramu Coepa/Coepbanka?
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g.

[Moxxanyiicta, OTMEThTE, HACKOJIBKO BBI COTTTACHBI ¢ KAXK/IBIM U3 MIEPSUHCIICHHBIX YTBEPIKICHHI
(1 — mosHOCTBIO HE COTTIACHBI, 5 —TTOJIHOCTBIO corniacHbl) — brand attitude (

Henpeasuaenusie pacxoabl

CoMHeHHs B 0€301TaCHOCTH OpTaHU3aIi|

Hammum Goitee BRITOMHBIC TIPEMIOKESHIS N1 Bammux memneit

ITocrostuaBIE COOU CHUCTEMBI

Other

Opinion: Y MeHs copMUpoBaioch MoJ0KUTeIbHOE MEEHHE 0 COepe.

Association: Y mens mo3uTruBHBIE acconuaimu co Coepom

Loyalty: 5 npeanouuntaro Coep npyrum OaHKOBCKUM CepBHCaM

Trust: 4 mosepsito COepy 1 ero cepBucam

[Toxainyiicta, OTMETHTE, HACKOJIBKO BBI COTTIaCHBI € KaXbIM U3 IEPEUUCIICHHBIX YTBEPKICHUN
(1 — mOTHOCTBIO HE COTJIACHBI, 5 —TIOJTHOCTHIO COTJIACHBI)

1. 5 n1r00:1r0 OHJIAMH IIONIUHT
2. Kak yacto BsI mokymaeTe poyKTHl ¥ TOBaphl OHJIAHH?

g9

+~®o0oTe

Hukorna

Pa3 B mecsn

Heckomnpko pa3 B mecsin
Pa3 B Henenmo
Heckonbko pa3 B Heaelnto
Pa3 B neun

Heckonbko pa3 B 1eHb

3. Kakwue Tumsl mpoaykToB Bl 00BIYHO MOKYIIaeTe OHIANRH?

Hemnoro o Bac

®o0 o

[IponykTel muTaHus

ToBapsl A1t TMUHON TUTUEHBI

Opexay, 00yBb U aKCeccyapbl

Kauru v ToBapsI i1 0CyTa ¥ TBOPYECTBA

Hpyroe:

1. Vkaxwure cBOii mou:

a. Myxckon

b. Xenckuii

2. YkaxuTe CBOW BO3paCT:

a.

b.

s @

Muagmme 15
15-19
20-29
30-39
40-49
50-59
60-69

70 u crapie
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3. TI'me Bol ceiiuac xuBere?

a.
b.

C.

Cankt-IletepOypr

MockBa

Hpyroe:

4. Kakoe y Bac oOpa3oBaHue:

a.
b.
C.
d.

JTATIIIOM )

e.

f.

CTETeHb)

g.

HeszakoH4ueHHOE cpeiHee 0Opa3oBaHue
[Toroe cpenuee (11 xmaccoB)
Cpennee ciennaigbHOE (TEXHUKYM, KOJUIE/DK U T.1I.)

Bricuiee: bakanarpuar/cnenanuTeT (HCOKOHYSHHOE WIIH MOJTyUeH

Beicuiee: Maructparypa (HEOKOHYEHHOE HITH MOJTyYeH AUILIOM)

Bricmiee: JlokTopanTypa u acnupanTypa (HCOKOHUCHHAS! WM IPUCBOCHA

Hpyroe:

5. BsiOepure cror chepy 3aHATOCTH:

a
b.

o

J-

Bbe3paboTHbI/0e3paboTHAS, TOMOXO03SMH/ IOMOX03sIiKa
CryneHT/cTyaeHTKa

Pabounii unu coTpyHUK 00CITYKHBAIOLIETO NepcoHala (B KOMITAHHH)
Crenpanuct (B KOMITAaHUH )

PykoBomuTens cpeaHero 3BeHa (B KOMITAHWH )

PykoBomuTens BrIcIIero 3BeHa (B KOMIIAHWUH ), YIPABIISIONINNA KOMIaHHN
®puitancep, CaMO3aHIThIN

CoOcTBeHHbIN Ou3HeC (COOCTBEHHAs] KOMITAHUS )

Ilencronep/meHCHOHEPKA

Hpyroe:

6. Kakoii Bam ypoBens goxona?

a.
b.
C.

Moero noxoja He XBaTaeT Jake Ha IPUOOPETEHUE MPOLYKTOB ITUTAHUS
Moero 10oxoja XBaTaeT TOJIbKO Ha MPUOOPETEHNE MPOAYKTOB MUTAHUS
Moero 10x0/1a AOCTATOYHO JIsl TPUOOPETEHHST HEOOXOMMBIX

IMPOAYKTOB NUTAHUA U OACKIbI, HO HA Oosee KPYIIHBIC IMTOKYIIKHA MMPUXOJUTCIA
OTKJIaJbIBaTh

d.

HOKYHKa OOJIBIINHCTBA TOBApPOB MJIUTECIBHOI'O ITOJIB30BaAHUA

(XONOUITBFHYK, TENIEBHU30D) HE BBI3BIBACT TPYTHOCTEH, OTHAKO TPHOOPECTH
ABTOMOOMIIb HJTM KBAPTHUPY MBI HE MOXKEM

€. MpsbI MOXeM TIO3BOJIUTH Ce0€ MPHOOPECTH aBTOMOOMITH MIIN KBapTHPY
f. Moero noxoma 10CTaTOYHO, YTOOBLI BOOOILE HU B 4eM cebe He
OTKAa3ELIBATh

Cmacu6o 3a Bame Bpemsi! B none Hike Bel MojkeTe yKa3aTh CBOM DJIEKTPOHHBIHN afipec s
YYaCTHS B PO3BITPHIIIE MU OCTABUTH €0 IMyCThIM.
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Barr e-mail:
Appendix 2. List of Hypotheses.
Direct link P1.1 -9.2; Mediating link H1-36.

P1.1: DC positively influences the EE in the process of digital ecosystem solutions’ acceptance.

P1.2: EE positively influences the Bl to use digital ecosystem solutions.

P2.1: DC positively influences the PE in the process of digital ecosystem solutions’ acceptance.

P2.2: PE positively influences the BI to use digital ecosystem solutions.

P3.1: DC positively influences the FC in the process of digital ecosystem acceptance.

P3.2: FC positively influences the Bl to use digital ecosystem solutions.

P4.1: DC influences the Sl in the process of digital ecosystem solutions’ acceptance.

P4.2: Sl positively influences the Bl to use digital ecosystem solutions.

P5.1: DC positively influences the HM in the process of digital ecosystem solutions’ acceptance.

P5.2: HM positively influences the Bl to use digital ecosystem solutions.

P6.1: DC positively influences the H in the process of digital ecosystem solutions’ acceptance.

P6.2: H positively influences the Bl to use the digital ecosystem solutions.

P7.1: DC positively influences the T in the process of digital ecosystem solutions’ acceptance.

P7.2: T positively influences the BI to use the digital ecosystem solutions.

P8.1: DC positively influences the S in the process of digital ecosystem acceptance.

P8.2: S positively influences the Bl to use digital ecosystem solutions.

P9.1: DC negatively influences the PR in the process of digital ecosystem solutions’ acceptance.

P9.2: PR negatively influences the Bl to use digital ecosystem solutions.

H1. Age of respondents mediates the effect of effort expectancy on the behavioral intention to use digital

ecosystem solutions.

H2. Age of respondents mediates the effect of performance expectancy on the behavioral intention to use

digital ecosystem solutions.

H3. Age of respondents mediates the effect of facilitating conditions on the behavioral intention to use

digital ecosystem solutions.

H4. Age of respondents mediates the effect of social influence on the behavioral intention to use digital

ecosystem solutions.

H5. Age of respondents mediates the effect of hedonic motivation on the behavioral intention to use

digital ecosystem solutions.

H6. Age of respondents mediates the effect of habit on the behavioral intention to use digital ecosystem

solutions.

H7. Age of respondents mediates the effect of trust on the behavioral intention to use digital ecosystem
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solutions.

H8. Age of respondents mediates the effect of security on the behavioral intention to use digital

ecosystem solutions.

H9. Age of respondents mediates the effect of perceived risk on the behavioral intention to use digital

ecosystem solutions.

H10. Gender of respondents mediates the effect of effort expectancy on the behavioral intention to use
digital ecosystem solutions.

H11. Gender of respondents mediates the effect of performance expectancy on the behavioral intention to
use digital ecosystem solutions.

H12. Gender of respondents mediates the effect of facilitating conditions on the behavioral intention to

use digital ecosystem solutions.

H13. Gender of respondents mediates the effect of social influence on the behavioral intention to use

digital ecosystem solutions.

H14. Gender of respondents mediates the effect of hedonic motivation on the behavioral intention to use

digital ecosystem solutions.

H15. Gender of respondents mediates the effect of habit on the behavioral intention to use digital

ecosystem solutions.

H16. Gender of respondents mediates the effect of trust on the behavioral intention to use digital

ecosystem solutions.

H17. Gender of respondents mediates the effect of security on the behavioral intention to use digital

ecosystem solutions.

H18. Gender of respondents mediates the effect of perceived risk on the behavioral intention to use digital

ecosystem solutions.

H19. Experience of respondents mediates the effect of effort expectancy on the behavioral intention to

use digital ecosystem solutions.

H20. Experience of respondents mediates the effect of performance expectancy on the behavioral

intention to use digital ecosystem solutions.

H21. Experience of respondents mediates the effect of facilitating conditions on the behavioral intention

to use digital ecosystem solutions.

H22. Experience of respondents mediates the effect of social influence on the behavioral intention to use

digital ecosystem solutions.

H23. Experience of respondents mediates the effect of hedonic motivation on the behavioral intention to

use digital ecosystem solutions.

H24. Experience of respondents mediates the effect of habit on the behavioral intention to use digital

ecosystem solutions.

H25. Experience of respondents mediates the effect of trust on the behavioral intention to use digital

ecosystem solutions.
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H26. Experience of respondents mediates the effect of security on the behavioral intention to use digital

ecosystem solutions.

H27. Experience of respondents mediates the effect of perceived risk on the behavioral intention to use

digital ecosystem solutions.

H28. Brand attitude towards Sher mediates the effect of effort expectancy on the behavioral intention to

use digital ecosystem solutions.

H29. Brand attitude towards Sber mediates the effect of performance expectancy on the behavioral
intention to use digital ecosystem solutions.

H30. Brand attitude towards Sber mediates the effect of facilitating conditions on the behavioral intention

to use digital ecosystem solutions.

H31. Brand attitude towards Sher mediates the effect of social influence on the behavioral intention to use

digital ecosystem solutions.

H32. Brand attitude towards Sber mediates the effect of hedonic motivation on the behavioral intention to

use digital ecosystem solutions.

H33. Brand attitude towards Sber mediates the effect of habit on the behavioral intention to use digital

ecosystem solutions.

H34. Brand attitude towards Sber mediates the effect of trust on the behavioral intention to use digital

ecosystem solutions.

H35. Brand attitude towards Sber mediates the effect of security on the behavioral intention to use digital

ecosystem solutions.

H36. Brand attitude towards Sher mediates the effect of perceived risk on the behavioral intention to use

digital ecosystem solutions.

Appendix 3. Descriptive statistics

= Moscow
12%
m St.Petesburg
= Pskov

Other

53%

Figure 16. Summary of places of living (compiled by the author)
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40-49
m 30-39
m 20-29
W 15-19

—
High Low Very high Moderate

Figure 17. The level of digital competence in respect to the age groups

(compiled by the author)

Mokynka 60bLWWHCTBA TOBAPOB A/ IMTENbHOMO
NoJ/Ib30BaHMA (XON0ANUNbHUK, TENEBU30p) He
BbI3bIBaeT TPYAHOCTEN, 04HAKO Nprobpectu

aBTOMOOUIIb UM KBAPTUPY Mbl HE MOXKeM

aBTOMOBU/Ib UK KBAPTUPY

Moero goxona xsaTaeT TO/IbKO Ha

npuobpeTeHne NPOAYKTOB NUTaHUA M BbicOKMiA

B HU3Kui

Moero foxoaa He xBaTaeT Aaxke Ha B O4eHb BbICOKMA

npuobpeTeHVe NPOAYKTOB NUTaHWA

Mbl MOXeM No3BoAUTL cebe npruobpectu -

CpeaHuii

Moero foxofa A0CTaTo4YHO, YTo6bl BOO6LLE HY B
yem cebe He OTKa3bIBaTb

Moero goxoa LOCTaTOYHO ANA NpUobpeTeHns

HEoBX0AMMbIX MPOAYKTOB MUTAHUA U OAEXKAbI, _
HO Ha 60/1ee KpyMHble NOKYMKM NPUXOAMUTCA
OTKNaAbIBaTbL

- 20,00 40,00 60,00 80,00100,00120,00140,00160,00

Figure 18. The level of digital competence in respect to the income level

(compiled by the author)
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HeT, He nonb3ytochb.

Hert, a 4yTo 3707

[a, nonb3yrochb pesKo.

[a, nonb3yoCb NOCTOAHHO.

Figure 19. The Sher ID experience (compiled by the author)

[a, nonb3ylocb MHOrAa.

o

Appendix 4. Correlation matrix

Bl
PE
EE
S|

T&S

PR

EXP
AGE
BR_ATT
GEN
HM

FC

DC
-0.038
0.058
0.338
0.038
0.030
0.017
-0.030
-0.010
-0.092
0.067
0.085
0.005
0.238

Bl

0.643
0.379
0.668
0.662
0.675
-0.277
-0.285
-0.124
0.505
-0.037
0.708
0.528

PE

0.505
0.497
0.529
0.621
-0.390
-0.316
-0.146
0.493
-0.103
0.669
0.526

EE

0.308
0.551
0.500
-0.283
-0.334
-0.132
0.380
0.014
0.441
0.729

S|

0.622
0.534
-0.243
-0.207
-0.089
0.450
-0.049
0.656
0.498

20

0.655
-0.100
-0.263
-0.138
0.486
-0.041
0.684
0.525

40

T&S

-0.381
-0.264
-0.092
0.702
-0.053
0.713
0.687

0.120

-0.150
-0.295
-0.007
-0.192
-0.362

EXP

0.198

-0.472
-0.110
-0.273
-0.333

80

-0.084
-0.000
-0.128
-0.094

Appendix 5. Model fit and quality output from WarpPLS 7.0.

Average path coefficient (APC)=0.174, P<0.001

Average R-squared (ARS)=0.173, P<0.001
Average adjusted R-squared (AARS)=0.168, P<0.001

Average block VIF (AVIF)=2.671, acceptable if <= 5, ideally <= 3.3

Average full collinearity VIF (AFVIF)=2.718, acceptable if <= 5, ideally <= 3.3

Tenenhaus GoF (GoF)=0.380, small >= 0.1, medium >= 0.25, large >= 0.36

Sympson's paradox ratio (SPR)=0.813, acceptable if >= 0.7, ideally = 1
R-squared contribution ratio (RSCR)=0.856, acceptable if >= 0.9, ideally = 1
Statistical suppression ratio (SSR)=1.000, acceptable if >= 0.7
Nonlinear bivariate causality direction ratio (NLBCDR)=0.688, acceptable if >= 0.7

100 120
BR_ATT  GEN
-0.046
0.485  -0.048
0.453  0.021

HM

0.553
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