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ABSTRACT
The rapid evolution of Financial Technology (Fintech) has transformed
how individuals and organizations conduct financial transactions, yet
user adoption patterns remain underexplored in emerging economies
such as Sri Lanka. In particular, the extent to which user characteristics
influence the frequency, volume, and diversity of fintech usage before
and after the COVID-19 pandemic remains unclear. Accordingly, the
main objective of this study is to examine the impact of frequency,
transaction volume, and application use of fintech on different user
types. Primary data were collected through a structured questionnaire
distributed online among accounting professionals in the Western
Province of Sri Lanka during 2022, yielding 93 valid responses. The
sample was selected using purposive sampling. The data were analyzed
using descriptive statistics, regression analysis, and Partial Least
Squares Structural Equation Modeling (PLS-SEM). The findings
reveal that while user type has no significant influence on fintech usage
patterns, the frequency and transaction volume differ significantly

across fintech application types before and after COVID-19. Moreover,
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perceived risk demonstrates a significant impact on user type, whereas
perceived benefit does not. The study concludes that behavioral factors,
rather than demographic or categorical ones, drive fintech adoption
decisions. These insights provide a foundation for policymakers and
fintech service providers to enhance trust, reduce risk perceptions, and
promote inclusive digital financial ecosystems in Sri Lanka.
Keywords: Fintech Adoption, User Behavior, Perceived Risk and
Benefit, Accounting Professionals, COVID-19 Impact

INTRODUCTION

The world is moving into a completely digital age with the expansion
of the internet-based economy. The decrease in the hesitancy among
different users, i.e., young and elderly users, to adopt online channels,
not only for the usage of financial information search but also for the
usage of financial transactions, has enabled and driven the evolution of
the Financial Technology (Fintech) era (Gomber et al., 2017)!. The
COVID-19 pandemic has also pushed the Fintech industry towards
unexpected growth. It was identified that E-Commerce and Mobile
Wallet payments have increased by 35.5% between January and June

2020 in the retail sector (Sebastiani & Kazi, 2020).

! Fintech refers to the applications of computer, mobile, and other related digital
technologies in financial services and is significantly redefining the working structure and
the models of the financial industry and entities (Sangwan et al., 2020).
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The number of studies covering both the benefits and the risks in
Fintech is limited, as different user groups have perceived the benefits
and risks differently to adapt to new payment technologies. Also, there
is a need to analyze the factors continuously affecting the usage of
Fintech (Kim et al., 2010; Zhou, 2013). Most of the studies have
looked at fixed Fintech applications; however, newer, improved
applications are not explored, such as Bitcoin, Ethereum, internet
insurance, personal financing, equity, financing and retain investment
Fintech tools and software (Ryu, 2018). In similar studies conducted
on Fintech to understand the acceptance of technology, the Technology
Acceptance Model (TAM) has been used (Davis, 1989). It considers
two primary factors: i) perceived ease of use and ii) perceived
usefulness, to consider the factors influencing an individual’s intention
to use new technology (Charness & Boot, 2015). The expansion of the
business scope of Fintech organizations in the financial sector beyond
online platforms and into mobile platforms through mobile payments
and mobile remittance has challenged the traditional banking and
financial organizations to be innovative and adopt divergent thinking
to differentiate the services offered compared to other companies

(Iman, 2018; Ryu, 2018).



The struggle of the firms to be innovative and differentiative has made
it difficult for these organizations to increase the user base, leading
them to try various methods to convert existing customers to adopt
internet banking (Johan, 2020). The amount of studies on the topic of
Fintech is also limited and it is necessary to identify the factors that
help determine why people continue to use Fintech, as the previous
studies only focus on the main drivers influencing user behavioral
intention in the literature (Cheng et al., 2006; Kim et al., 2010; Liang

& Yeh, 2011; Ryu, 2018; Zhou, 2013).

Further, despite the rapid growth of Fintech adoption in emerging
economies, the research problem concerning how user characteristics
and behavioral factors influence Fintech usage remains insufficiently
explored. Previous studies have primarily focused on general
consumers or banking clients, often overlooking financially literate
professionals whose decisions are influenced by both expertise and
behavioral tendencies (Kim, Mirusmonov, & Lee, 2010; Ryu, 2018;
Das & Das, 2020). This gap limits understanding of how cognitive and
psychological factors, such as perceived risk and perceived benefit,
shape Fintech adoption in contexts characterized by varying levels of

financial literacy and technological exposure.



Accordingly, the objectives of this study are (1) to determine the
frequency, volume, and application usage based on the different user
types and their impact (2) to determine different applications used
according to frequency, volume and application usage and their impact
(3) to identify the perceived risk and benefits of Fintech based on

different user types and their impact.

LITERATURE REVIEW

This study focuses on two theories, as Behavioral Finance? theory and
the E-commerce theory. When identifying the perceived benefit
according to Ryu (2018), “A perceived benefit is defined as a user’s
perception of the potential that Fintech use will result in a positive
outcome”. Other similar studies have discussed the same ideology and
have stated that there is a positive correlation between the perceived
benefit of the user influencing the decision to use IT services for
various applications. (Abramova & Bohme, 2016; Benlian & Hess,
2011; Farivar & Yuan, 2014; Jung et al., 2009; Lee et al., 2013).

Another study conducted on mobile payments revealed that the usage

2 Behavioral Finance is a field of research that focuses on how psychological
influences affect market outcomes. In General, behavioral finance analyzes different
results in different sectors and industries to understand the sector better. The key
factor influencing the Behavioral finance is the psychological biases of individuals
(Hayes, 2021).



of mobile payment devices is impacted drastically by the user's
perception (Yan et al., 2012).

With the adoption of Fintech, users have perceived benefits and risks
that individually vary for the adoption of Fintech (Ryu, 2018).
According to Lee, Park and Kim (2013), a study was conducted to
examine the benefits and risk factors that influence the intention of the
user to disclose information on social network services and as a result,
determined that users’ behavior would expand their benefits and
reduce their risks. Another study conducted on social commerce
adoption has recommended a theoretical model to analyse and
understand users’ social network adoption behaviour, considering the
perceived benefits, perceived risks, and trust from the benefit-risk
framework. In that study, Farivar and Yuan (2014) adopted two
positive factors as perceived benefits, i.e., social and commerce
benefits, and two negative factors as perceived risks i.e., social and

commerce risks.

Theoretical Foundation and Justification

The conceptual framework of this study was developed by integrating
both theoretical perspectives and empirical evidence, drawing

primarily on Behavioral Finance Theory and E-Commerce Theory to



explain the determinants of Fintech adoption among different user

types.

Behavioral Finance Theory explains how individuals’ financial
decisions are influenced by cognitive biases, perceived risks, and
subjective evaluations of benefits (Ryu, 2018). In this study, the
constructs of perceived risk and perceived benefit are directly derived
from this theoretical foundation. These variables capture the
psychological tendencies of users—such as overconfidence, loss
aversion, and trust sensitivity—that shape Fintech usage decisions. By
associating these behavioral aspects with user type (early or late
adopters), the theory helps explain heterogeneity in Fintech adoption

behavior beyond purely rational considerations.

E-Commerce Theory, on the other hand, views technology-based
financial transactions as exchange processes shaped by trust,
convenience, perceived value, and system reliability (Lee & Teo,
2015). This perspective aligns with the study’s examination of
frequency, transaction volume, and application usage as behavioral
indicators of user engagement with fintech platforms. The integration
of this theory allows the study to extend beyond individual
psychological factors and capture the structural and experiential

dimensions of online financial behavior.
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Although the Technology Acceptance Model (TAM) has been
extensively applied in Fintech research (Davis, 1989; Zhou, 2013), it
focuses mainly on perceived usefulness and ease of use. These
dimensions, while valuable for explaining initial technology adoption,
provide limited insight into users’ behavioral continuance, risk
attitudes, and post-adoption experiences—particularly relevant in
financial decision-making contexts characterized by uncertainty.
Given that Fintech adoption inherently involves financial risk,
regulatory exposure, and trust considerations, Behavioral Finance
Theory and E-Commerce Theory offer a more comprehensive and
contextually appropriate framework for understanding the complex
interplay of psychological, behavioral, and technological factors

influencing Fintech usage in Sri Lanka.

Financial Technology is not a stand-alone segment in many cases; it is
an incorporated backbone service provider in industries and domains
such as banking and finance, insurance, retail (consisting of both the
traditional and the online platforms), healthcare, telecommunication,
etc. These domains have been explored by many successful ventures,
both locally and at a global level. Researchers have argued that Fintech
is shaping the future of financial industries (Lee & Teo, 2015).

Magnuson (2018) claims that all aspects are changed from the



fundamentals through financial technologies, from the way that
banking works, to the way that capital is raised, even to the very form
of money itself. Accordingly, the Fintech landscape can be broken
down into 4 sections: (1) credit deposits and capital raising services,
(2) payments, clearings, and settlements services, (3) investment
management services, and (4) insurance (Dharmadasa, 2021, as cited

in Pilkington, 2016).

The growth in Sri Lanka for Fintech applications is still at an early
stage, with e-wallet applications such as Epic Mobile wallet by Epic
Technology Group, Frimi by Nations Trust Bank, Pay by Genie by
Dialog, and Upay by Sanasa Development Bank PLC being some
players to be mentioned in the Local markets. Mobile Payment
applications have taken the rise in Sri Lanka and according to the
Central Bank of Sri Lanka (2020), there are two types of Licensed
Service Providers of Mobile Payment Systems: Operators of Customer
Account-based Mobile Payment Systems and Operators of Mobile

Phone-based e-money Systems.

When considering the Sri Lankan Context, the provision of access for
customers to the service through their mobile phones from a licensed
service provider is known as Customer Account-based Mobile

Payment Systems (Mobile Phone Banking). According to the Central
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Bank Payment Bulletin (2020), for the 1% quarter ended 2021, the
number of licensed service providers is 12, having a total value
transacted of Rs 115.4 billion, which is a 22.1% increase compared to

the transaction value of the 3™ quarter of 2019.

When breaking down the Account-based Mobile Payment Systems, it
was identified that for the 4 quarters in 2020, the total transaction
volume of the period was 24.6 million transactions, generating a total
value of 455.9 billion Sri Lankan Rupees. There has been a fluctuation
in the transaction progression during this period, where there has been
a drop of 35% in the volume and a 27% drop in the total value of the
transactions in the 2nd quarter, when compared with the 1st quarter of
2019. The decrease was calculated at 11%. Accordingly, in the 3rd
quarter, there has been a growth of 85% in terms of volume of
transactions and an increase of 37% in transaction value. When the
transaction volume is compared with the previous year's numbers, it
can be identified that the highest growth compared to the previous
quarter was recorded in the Ist quarter of 2020 at 78%. When
identifying the Overall growth of the Customer Account-based Mobile
Payment Systems as mentioned above the growth for 2020 (for 3
quarters) is 14% compared to 2019 it seems to show a quantum leap in

the applications being utilized compared to 2018 in terms of volume
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and value where the total volume increased by 140% from 2018 and
the value of transaction grew from Sri Lankan rupees 120 million to
Sri Lankan rupees 274.96 billion in 2019. The leap happened after the

2™ quarter of the year.

When considering the Mobile Phone-based e-money Systems in Sri
Lanka, there are 2 players in the market, namely eZcash and mCash.
The Central Bank has classified the usage of the Sri Lankan customer
base in the following categories: utility bill payment, money transfer,
institutional payments, purchase / over-the-counter transactions,
internet transactions, and other transactions. Initially, when looking
into the sectors, the fluctuations are relatively below 5 % for all 3 years.
The largest volume of transactions takes place for utility bill payments,
with an average of around 88% of the total transaction volume from
2018 to 2020, which is only 64% of the total value of transactions for
the same 3-year period. This payment has the highest share in terms of
the total transaction value. If the transactions with higher values are
considered, it would be Institutional payments, as these types of
transactions averaged 5% in terms of total transaction volume in 2020,
but were 23% of the total transaction value of the entire Mobile Phone-

based e-money System. Money Transfers were around 6.8% of the
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total transaction value, but it was 3.5% of the total volume of the

transactions (Central Bank Payment Bulletin - Quarterly, 2017: 2021).

The framework diagram pictured below has been developed
conceptually based on what was identified under the research objective
and the literature review, which identifies the different user types to
determine the volume, usage, and frequency. This framework also
breaks down how volume, usage, and frequency are significant to
applications considered for the study and it also checks the impact of

the perceived risk & benefit for the different user types.

Conceptual Framework

The conceptual framework of this study has been developed based on
the theoretical underpinnings of Behavioral Finance Theory and E-
Commerce Theory, as well as empirical findings from prior Fintech
research. The framework illustrates the relationships between user type
(early and late adopters) as the key categorical variable and several
Fintech usage behavior dimensions, namely frequency of usage,
transaction volume, and application usage, which serve as the principal
dependent variables. In addition, perceived risk and perceived benefit
are incorporated as behavioral constructs that influence user type and,

consequently, Fintech adoption decisions (Ryu, 2018; Pavlou, 2003;
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Lee & Teo, 2015). The model proposes that while behavioral

perceptions shape users’ adoption tendencies, these tendencies, in turn,

determine the extent and nature of Fintech usage across different

application types and time periods (before and after COVID-19). Thus,

the conceptual framework integrates psychological and behavioral

factors to explain the heterogeneity in Fintech adoption behavior

among accounting professionals in Sri Lanka. Based on the above

discussion conceptual framework for the study is developed as follows:

Perceived Benefit

Percerved Risk

Figure 1: Conceptual Framework

Different Applications Used

Early Adaptors

Frequency

Volume

Late Adaptors

Hypotheses Development

Independent Variable

Application Usage

Dependent Variable

Based on the user types and their impact from the above, the following

hypothesis was developed to be tested:
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H1: There is a significant impact of frequency, volume, and

application usage on user type.

H2: There is a significant impact of different fintech applications on

the frequency before COVID-19.

H3: There is a significant impact of different fintech applications used

on the frequency before COVID-19.

H4: There is a significant impact of different fintech applications used

on volume before COVID-19.

HS: There is a significant impact of different fintech applications used

on volume after COVID-19.

Hé6: There is a significant impact of different fintech applications used

on application usage before COVID-19.

H7: There is a significant impact of different fintech applications used

on application usage after COVID-19.

H8: There is a significant impact of perceived benefit on the category

of user.

H9: There is a significant impact of perceived risk on the category of

user.
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METHODOLOGY

The data for this study were collected through a survey
(questionnaires) from accounting professionals living in the Western
Province, Sri Lanka. Sri Lanka’s fintech ecosystem remains at an
emerging stage of maturity, with limited empirical evidence on user
behavior and adoption dynamics. While international studies often
confirm that Fintech usage increases with user familiarity and digital
access, such assumptions may not hold uniformly in developing
economies where infrastructural, regulatory, and trust-related barriers
persist. This study, therefore, addresses a distinct contextual gap by
examining how fintech usage patterns differ across application types
and user categories within Sri Lanka’s evolving digital finance

landscape.

The mode of collection, due to the pandemic situation, was via an
online platform using the tool Google Forms. Accounting
professionals were purposefully selected as the study’s sample because
they represent an informed and financially literate user group
positioned between individual consumers and institutional actors.
Their behavioral responses provide valuable insights into adoption
facilitators and constraints that shape Fintech diffusion in a low-

penetration market (Das & Das, 2020). The data collected from the

15



responses of the participants of the survey were analysed to better

understand the impacts.

Accordingly, hypotheses H2 to H6 are not intended to merely replicate
existing global findings but to test whether impacts—such as the link
between application type, frequency, and volume of use—are
consistent in a context characterized by uneven technological readiness
and pandemic-induced behavioral acceleration. This contextual focus
enables the study to contribute new empirical evidence on Fintech
adoption under external shocks and infrastructural limitations, offering
implications for both local policymakers and regional Fintech

strategists.

The data collected from the questionnaire distributed were analysed
using SPSS statistical software and Smart PLS for Structural Equation
Modelling. The first objective of the study is to determine the
frequency, volume, and application usage based on the different user
types and their impacts. To analyse the first objective, descriptive
statistics were used to determine the frequency, volume, and
application usage based on the different user types and to explore the
impact of frequency, volume, and application usage on the different
user types, correlation, and regression analysis were used. The

regression model can be specified as follows:
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Late Adopter

Early Adopter

B1+ B2 Application Usage + B3 Volume + B4 Frequency + &;

B1+ B2 Application Usage + B3 Volume + B4 Frequency + &;

The second objective of the study is to determine different applications

used according to frequency, volume and application usage and their

impacts. Similar to the first objective, descriptive statistics were used

to determine different applications used according to volume value and

frequency, while the regression analysis was used to analyze the

relationship and impacts of different applications used on volume and

frequency.

The regression model can be specified as follows:

Frequency =
After

Frequency =
Before

Volume =
After

Volume =
Before

Application =
Usage After

Application =
Usage
Before

By + B2 Electronic or Online or Payment Application + B; Trading or Investment Application
+ PBs Loan Applications + Bs Fund Management Application + B¢ Personal Insurance
Applications + g;

By + B2 Electronic or Online or Payment Application + 5 Trading or Investment Application
+ PBs Loan Applications + Bs Fund Management Application + B¢ Personal Insurance
Applications + g;

By + B2 Electronic or Online or Payment Application + B; Trading or Investment Application
+ PBs Loan Applications + Bs Fund Management Application + B¢ Personal Insurance
Applications + g;

By + B2 Electronic or Online or Payment Application + B; Trading or Investment Application
+ PBs Loan Applications + Bs Fund Management Application + B¢ Personal Insurance
Applications + g;

By + B2 Electronic or Online or Payment Application + 5 Trading or Investment Application
+ PBs Loan Applications + Bs Fund Management Application + B¢ Personal Insurance
Applications + g;

By + B2 Electronic or Online or Payment Application + 3; Trading or Investment Application
+ B4 Loan Applications + s Fund Management Application + 3¢ Personal Insurance
Applications + g;

The third objective of the study is to identify the perceived risk and

benefit of fintech based on different user types and their impacts.

Structural equation modelling was used. This analyzes the coefficients
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of the paths and the validity and reliability of the variables for the

model. It also examines the model fit.

User Type

Early Adopter

Late Adopter

Frequency

Before COVID-19
After COVID-19
Volume

Before COVID-19
After COVID-19
Application Usage
Before COVID-19

After COVID-19

4 times a month
8 times a month

Between Rs. 10,001 to 50,000
Between Rs. 10,001 to 50,000

I am completely dependent on
these applications for my
transactions

For a combination of 2 — 4
more services

Below 4 times a month
4 times a month

Between Rs. 10,001 to 50,000
Between Rs. 10,001 to 50,000

For a combination of 2 — 4 more
services

For a combination of 2 — 4 more
services

Table 1: User Analysis (Frequency, Value and Application Usage)

RESULTS

Source: Author Complied

From the 93 participants, it was identified that only 56 participants

have been using Fintech applications other than mobile / internet

banking applications and e-passbook. It was also recognized that from

the 56 participants, 46 were early adopters, while 10 were late

adopters.

To determine the user type, a question targeting the participants'

technological attitude was tested, and based on the response provided,

the users were classified as early adopters and late adopters. On

average, it has been identified that the average usage volume for early

adopters has increased after COVID-19, from being 4 times a month
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to 8 times a month. Conversely, when considering the late adopters,
their usage has also improved from being used below 4 times a month

before COVID-19 to 4 times a month after COVID-19.

In the meantime, when looking into the value of using, it has been
stagnant for both early adopters and late adopters despite the COVID-
19 situation and it has averaged at a value between Rs. 10,001 to Rs.
50,000. Interestingly, when looking at the mean of the different
applications used, early adopters were completely dependent on
financial technological applications before COVID-19, but after the
COVID-19 situation, the average has shifted to a combination of 2 — 4
services. Whereas when considering the late adopters there has been
no change in the volume of applications used despite the COVID-19
situation and the usage has been averaged at a combination of 2 — 4
service applications, in addition, it was also identified that from the
respondents who were above the age of 55, 70% of the adopters are
categorized as early adopters and 33.3% are late adopters who are

members/affiliates of an accounting professional body.

19



Results as per the objectives

Objective 01: To determine the frequency, volume, and
application usage based on the different user types and their

impacts

L. To determine frequency based on the different user types

Based on the analysis conducted out of the 72 early adopters, 46 are
using a COVID-19 application other than mobile / internet banking
application / e-passbook, it could be understood that 4.3% of
respondents who are early adopters did not use these applications
considered for this study, before the COVID-19 pandemic the majority
of the early adopters at 60.9% were using these applications below 4
times a month but after the COVID-19 situations, 60.7% early
adopters under this category has shifted to use these applications 4 time
or more than 4 times a month. 19.6% of the users do not see a change
in the usage pattern despite the situation. It can also be identified that
users who use these applications more than 8 times a month have
grown by 850% compared to the time before COVID-19, and these
respondents account for 37%. Those who use the applications 4 times
a month have increased by 366% compared to the situation before

COVID-19. Early adopters who use the application below 4 times a
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month and 4 times a month account for 23.9% in each of the sub-
sectors. Early adopters using the application 8 times a month also
increased by 350% which accounts for 15.2% of the respondents who

are early adopters.

70% of late adopters were reluctant to be dependent on Fintech
applications before COVID-19 as their usage indicates that they have
not used these applications less than 4 times a month, but the pandemic
has changed the perception of 28.5%. Users who have adopted these
Fintech options more than 8 times a month have grown by 100%. It
was also identified that there was 01 respondent who had adopted using
a Fintech application after COVID-19, but no late adopter seems to
have the same frequency of usage before and after COVID-19. When
considering the value spent on these different applications by the early
adopters and late adopters, the results were identified as follows. A
significant improvement has occurred where these applications are
used 4 times a month and more than 8 times a month, also respondents
who have not been using Fintech applications before COVID-19 have
shifted to using these applications more. Also, it was identified that

some users have no change in their usage patterns.

1I. To determine volume based on the different user types
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Early adopters who have been using below Rs. 10,000 a month have
decreased by 42.9% after the COVID-19 situation, while the spending
between Rs. 10,001 to Rs. 50,000 has increased by 83.3%. Early
Adopters are those who have been spending over Rs. 100,001 before
COVID-19, have not shifted their usage patterns and they have been
spending the same. The early adopters who have spent between Rs.

50,001 to Rs. 100,000 have increased by 66.7%.

It was identified that late adopters who had been using Fintech before
COVID-19 have started to spend more after the COVID-19 situation,
as respondents who have been spending below Rs. 10,000 has reduced
by 71.4% while the spending between Rs.10,001 to Rs.50,000 has
increased by 150%, those who have started to spend between
Rs.50,001 to Rs.100,000 has increased by 200%. Like Early adopters,
late adopters who have been spending over Rs. 100,000 also have not

changed and have been held constant before and after the pandemic.

When looking at the overall volume usage by both early and late
adopters, it can be identified that spending between Rs. 10,001 to Rs.
50,000 has seen a significant improvement in both early and late
adopters before and after COVID-19. Another pattern was also

identified where respondents’ early adopters and late adopters

22



spending over Rs. 100,001 have been stagnant before and after

COVID-19.

II1. To determine usage based on the different user types

From the situational analysis, before COVID-19, it can be seen that
there have been users who have not been using Fintech applications.
Users who have been using a combination of 2 — 4 services mentioned
above have increased by 325% after the COVID-19 pandemic and the
number of users who have become dependent on these types of Fintech
applications has also increased by 100%. Another observation arising
from the above 2 figures is that the number of respondents who stated
that they use Fintech applications only when they have no other option
has also reduced by 25% after COVID-19. A slight drop of 13.0% has
been incurred in the early adopters who have been using these

applications for one purpose

The observations arising from the late adopters seem to have changed
before and after the COVID-19 situation. The number of users who
have been using these applications for only one purpose has decreased
by 66.6% after the COVID-19 situation and late adopters who were not
using any Fintech application before the COVID-19-19 pandemic have

also adopted Fintech applications after this situation. On the other
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hand, it can be identified that the number of late adopters who use a
combination of 2 — 4 or more services has increased by 166.6%. which
indicates that the late adopters have become more user-friendly and

comfortable with the applications.

When analyzing the impacts, it was identified that the user type and
the volume, application usage, and frequency are not interrelated and
do not have significance to the early adopters or late adopters. (Das &

Das, 2020; Gulamhuseinwala et al., 2015).

Objective 2: To determine different applications used according to

frequency, volume, and application usage and their impacts.

This is to identify the different applications used by the respondents
other than mobile / internet banking and e-passbook. The applications
in focus include Trading applications (e.g., TWS, CSE Applications,
or other similar share trading applications, crypto-wallets), Mobile
Lending Applications (e.g., Cash wagon), Mobile wallets (e.g., Genie,
eZ Cash, FriMi, mCash, DFCC — Virtual wallet, Upay, Solo, PayPal),
Insurtech Apps (e.g., SLIC, Insureme, Clickme), Personal Finance
Management Apps (E.g., Mint, Check, You need a Budget). Table 2:

Summary of Users based on the different applications used identifies
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and summarizes the different applications used by early and late

adopters.
Application Early Adopter (%) Late Adopter (%)

Trading Application

Yes 37.0% 40.0%

No 63.0% 60.0%
Mobile Lending Application

Yes 10.9% 10.0%

No 89.1% 90.0%
Mobile Wallet

Yes 76.1% 70.0%

No 23.9% 30.0%
Insure Tech

Yes 10.9% 10.0%

No 89.1% 90.0%
Personal Finance Management

Yes 26.1% 50.0%

No 73.9% 50.0%

Table 2: Summary of the User based on the different applications used

Source: Author Complied

Table 2 indicates the breakdown of the different applications based on

users and it can be identified that Trading applications are used by 21

respondents, which is the second most used type of application by both

early and late adopters. With an average usage of 73.1%, Mobile

wallets are a significantly used application by both early and late

adopters. Mobile lending applications and Insure Tech applications

have been the least used applications by the respondents, where, on
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average, 10.5% of the respondents out of the 56 users are using these

applications.

Out of the respondents who are early adopters and are using Fintech
applications, the motive of these users for these application usages can
be identified that 87.0% of the early adopters are using these
applications for payments and online transactions, while 37.0% of the
early adopters use these applications for trading or investment
purposes. 14 respondents out of the 46 respondents who are early
adopters have mentioned that their purpose for using of Fintech
application is fund management. 08.7% and 02.2% of the respondents
have stated that personal finance applications and obtaining loans are

the purposes of using Fintech applications, respectively.

Conversely, late adopters also seem to reveal an interesting pattern
where 90% who are using Fintech applications seem to have the motive
of payments and online transactions. 40% are using Fintech
applications for trading and investment, while 30% are using Fintech
for fund management, and no late adopter uses Fintech for obtaining

loans.
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Dependent variable R Square Adjusted R Square Sig
Frequency Before 0.236 0.159 0.017°
Frequency After 0.312 0.243 0.002°
Volume Before 0.219 0.141 0.026°
Volume After 0.276 0.204 0.005°
Application Usage Before 0.172 0.089 0.084°
Application Usage After 0.143 0.057 0.159°

Table 3: Model Summary (Frequency, Volume and Application Usage)

Source: Author Complied

Further, when analysing the second objective of the study, it was
identified that the R-squared for the 23.6% variance on the dependent
variable (Frequency before) is explained by the independent variable
(Applications used). In the meantime, the significance of frequency
before was 0.017, indicating that Frequency before is significantly
related to the Fintech application used. Based on the results, there is
sufficient evidence to prove that there is a significant impact of
different Fintech applications used before COVID-19 on frequency.
Therefore, the null hypothesis is rejected (with reference to the

alternative hypothesis H2).

When considering the R-squared for frequency after, it was identified
that 31.2% of the variance on the dependent variable (Frequency after)
is explained by the independent variables (Applications used). The
significance of the frequency after was 0.002, indicating that frequency

after is significantly related to the Fintech application used. Based on
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the results, there is sufficient evidence to prove that there is a
significant impact of different fintech applications on frequency on
after COVID-19. Therefore, the null hypothesis is rejected (with

reference to the alternative hypothesis H3).

From the above summary table, the variable volume before the R-
squared was interpreted as 21.9% variance on the dependent variable
(volume Dbefore) is explained by the independent variable
(Applications used). The significance for the volume before was 0.026,
indicating that the volume before is significantly related to the Fintech
application used. Based on the results, there is sufficient evidence to
prove that there is a significant impact of different Fintech applications
used on volume before COVID-19. Therefore, the null hypothesis is

rejected (with reference to the alternative hypothesis H4).

When considering the R-squared for volume after, it was identified that
27.6% of the variance on the dependent variable (volume after) is
explained by the independent variables (Applications used). The
significance for the volume after was 0.005, indicating that volume
after is significantly related to the application used. Based on the
results, there is sufficient evidence to prove that there is a significant

impact of different Fintech applications used on volume after COVID-
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19. Therefore, the null hypothesis is rejected (with reference to the

alternative hypothesis HS).

Finally, when considering the application usage, the R-squared for
application usage before, it was identified that 17.2% variance on the
dependent variable (usage before) is explained by the independent
variable (Applications used). The significance for the application
usage before was 0.084, indicating that there is an absence of evidence
to indicate a significance between application usage before and the
Fintech application used before COVID-19. Therefore, the null
hypothesis is accepted (with reference to the alternative hypothesis

HO6).

When considering the R-squared for application usage after, it was
identified that 14.3% of the variance on the dependent variable (usage
after) is explained by the independent variables (Applications used).
The significance for the application usage after was 0.159 and there is
an absence of evidence to indicate a significance between application
usage after and Fintech application use after COVID-19. Therefore,
the null hypothesis is accepted (with reference to the alternative

hypothesis H7).
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Furthermore, when breaking down the coefficients of the frequency,
volume, and application usage against the electronic/online / payment
application, trading or investment application, loan applications, fund

management, and personal insurance applications, it can be identified

as follows.
Frequency B t Sig.

Frequency After
(Constant) 2.941 6.284 0.000
Electronic / Online / Payment
Application -0.916 -2.045 0.046
Trading or Investment Application 1.116 3.816 0.000
Loan Applications 0.679 0.563 0.576
Fund Management Application 0.013 0.038 0.970
Personal Insurance Applications 0.166 0.303 0.763
Frequency Before
(Constant) 3.042 4.568 0.000
Electronic/online / payment
application -1.532 -2.404 0.020
Trading or Investment application 0.644 1.548 0.128
Loan Applications -1.427 -0.831 0.410
Fund Management Application -0.646 -1.360 0.180
Personal Insurance Applications 1.918 2.457 0.018

Table 4: Coefficients of Fintech applications (Frequency)

Source: Author Complied

From above table 4 it can be identified that when considering the
Frequency of usage of Fintech applications after COVID-19,
Electronic / online / payment application, Trading or Investment
applications have been used significantly compared to the other
applications and have a significant impact on the frequency of usage

after COVID-19 whereas when looking at the scenario before COVID-
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19 it can be identified that Electronic / online / payment application
and personal insurance applications have been significant in the usage

with a value less than 0.05.

Volume B t Sig.
Volume After
(Constant) 1.530 4.392 0.000
Electronic / Online / Payment
Application 0.040 0.120 0.905
Trading or Investment Application 0.558 2.562 0.013
Loan Applications 0.897 0.999 0.323
Fund Management Application 0.324 1.303 0.199
Personal Insurance Applications 0.651 1.595 0.117
Volume Before
(Constant) 1.220 3.258 0.002
Electronic/online / payment application -0.031 -0.085 0.932
Trading or Investment application 0.484 2.067 0.044
Loan Applications 0.106 0.110 0.913
Fund Management Application 0.402 1.507 0.138
Personal Insurance Applications 0.819 1.866 0.068

Table 5: Coefficients of Fintech applications (Volume)

Source: Author Complied

From the above table, it can be identified that when considering the
volume of usage of Fintech applications after COVID-19, Trading or
Investment applications have been used significantly compared to the
other applications and have a significant impact on the volume of usage
after COVID-19. When looking at the scenario before COVID-19, it
can be identified that it has been a similar situation as volume after
COVID-19; therefore, the significance in the volume after and before

is at a value less than 0.05.
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Usage B t Sig.

Usage After

(Constant) 2.037 5.555 0.000
Electronic / Online / Payment Application -0.152 -0.432 0.667
Trading or Investment Application -0.117 -0.509 0.613
Loan Applications -0.310 -0.328 0.744
Fund Management Application -0.381 -1.459 0.151
Personal Insurance Applications 0.923 2.148 0.037
Usage Before

(Constant) 2.133 2.713 0.009
Electronic/online / payment application -0.151 -0.201 0.841
Trading or Investment application 0.033 0.067 0.947
Loan Applications 1.839 0.907 0.369
Fund Management Application 1.395 2.488 0.016
Personal Insurance Applications -0.247 -0.269 0.789

Table 6: Coefficients of Fintech applications (Usage)

Source: Author Complied

The results indicate that trading and investment applications exert a
stronger and more consistent influence on both usage frequency and
transaction volume before and after the COVID-19 pandemic. This
finding is theoretically supported by Behavioral Finance Theory,
which posits that financially literate users perceive higher utility and
control when engaging in investment-related Fintech tools, as these
applications align with risk-return motivations and self-directed
financial behavior (Ryu, 2018; Li et al., 2020). Users in this category
often display heightened confidence and engagement in response to
real-time market information—characteristics that were amplified
during the pandemic when digital investment activity surged due to

mobility restrictions and market volatility.
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From an E-Commerce Theory perspective, these applications also
deliver stronger perceived value through interactive interfaces and
immediate transactional feedback, which reinforce both functional and
experiential satisfaction (Lee & Teo, 2015). In contrast, mobile wallet
and insurance applications, though widely adopted, exhibit lower
cognitive involvement because their use tends to be habitual or
necessity-driven rather than investment-motivated. This distinction
explains their weaker statistical significance: such applications serve
routine financial functions with limited perceived differentiation

(Gomber et al., 2017; Zhou, 2013).

Thus, rather than reflecting mere frequency effects, the stronger
relationships observed for trading and investment Fintech illustrate
how perceived risk—reward balance and information empowerment
influence user engagement. These findings reinforce the argument that
behavioral and experiential factors—more than technological
convenience alone—shape Fintech adoption patterns in emerging

markets like Sri Lanka.

When considering the Frequency of usage of Fintech applications after
COVID-19, Electronic / online / payment applications, Trading or
Investment applications have been used significantly compared to the

other applications and have a significant impact on the frequency of
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usage after COVID-19. Whereas when looking at the scenario before
COVID-19, Electronic/online payment applications and personal
insurance applications were significant. High penetration of
smartphones and other connected devices has enabled the adoption of
digital solutions and the frequency of these applications has increased

(Merrey, 2017).

Objective 3: To identify the perceived risk and benefit of Fintech

based on different user types and their impacts.

The third objective of the study is to understand if there is any
significant impact between the perceived risk and perceived benefit

and the user as an early adopter or a late adopter.

Perceived Benefit/Risk Factor Loading AVE Cronbach's Alpha
Perceived Benefit 0.609 0.881
Innovation 0.736
Economic Benefit 0.692
Convenience 0.829
Seamlessness 0.861
Approval & Security 0.764
Unavailability of other
options 0.787
Perceived Risk 0.660 0.895
Personal Data 0.819
Personal Risk 0.869
Legal Risk 0.827
Financial Risk 0.896
Negative Impact and
Experience 0.768
Lack of knowledge 0.678

Table 7: Validity and Reliability of Users (Early Adopter & Late Adopter)

Source: Author Complied
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From the above Table 7 Construct Validity and Reliability of Users, it
can be identified and interpreted that the factor loading for each
variable should be higher than 0.5, but in the above analysis, variables
under perceived benefit, such as Brand Image, has a factor loading of
0.317 and the variable of Recommendation has a factor loading of
0.308. Similarly, on the perceived risk variable it can be identified that
the Fear of technology has a factor loading of 0.436, in addition to the
factor loading the Average Variance Extracted (AVE) should also be
greater than 0.5 but the AVE of the perceived benefit variable is 0.422
after the removing the variable with the factor loading below 0.5, the

Construct Validity and Reliability of Users can be shown as follows.

Figure 2: Perceived Benefit and Risk between Late Adopters
Source: Author Complied

The structural equation models show the paths hypothesized in a

structural framework and are assessed based on R? and Q°. To
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determine the goodness of each structural path of the model, R? is used
for each dependent variable (Briones Penalver et al., 2018). As the
values of the R? factors are less than 0.1, it was identified that
predictive capabilities for this model cannot be established. In addition
to the above, when testing the model fit, the SRMR value should be
below 0.10 (Sarstedt & Christian M. Ringle, 2017), but this model has

a value of 0.080, indicating the model is fit.

Figure 3: Perceived Benefit and Risk between Late Adopters

Source: Author Complied

Perceived benefit for user category does not have a significance value
for early adopters (f = -0.044, t = 0.336, p = 0.715) and late adopters
(B=0.044,t=0.360, p=0.719), and the R square value also explains
that only 7.7% of the variance in the dependent variable (early adopter

or late adopter) is explained by the independent variable (perceived
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benefit). Based on the results, there is an absence of evidence to
indicate that there is sufficient evidence of a significant impact of
perceived benefit on the category of user (early adopter or late
adopter), therefore, the null hypothesis is accepted (with reference to

the alternative hypothesis HS).

On the other hand, when considering perceived risk and the user
category, there is a significant impact of perceived risk on early
adopters (B =-0.257,t=2.736, p = 0.006) and late adopters = 0.257,
t=2.744,p =0.006). The R-squared value also explains that only 7.7%
of the variance in the dependent variable (early adopter or late adopter)
is explained by the independent variable (perceived risk). Based on the
results, there is sufficient evidence to prove there is a significant
impact of perceived risk on the category of user (early adopter or late
adopter); therefore, the null hypothesis is rejected (with reference to

the alternative hypothesis H9).

In conclusion, when considering the perceived risk, there is an impact
on both early adopters and late adopters when deciding the Fintech
usage (Li et al., 2020; Liébana-Cabanillas et al., 2014; Pavlou, 2003;
Saleem, 2021). When considering the perceived benefit to both early
and late adopters, there is no significant impact of perceived benefit on

the category of users.
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CONCLUSION

It was identified that early adopters have changed their frequency of
usage to 8 times a month after COVID-19 from 4 times a month before
COVID-19, whereas late adopters have changed their usage pattern
from using less than 4 times a month before COVID-19 to 4 times a
month after COVID-19. When considering the volume of usage, both
early adopters and late adopters before and after COVID-19 have not
changed the value of spending, as the amount has been between Rs.
10,001 to Rs. 50,000. When considering the application usage, it can
be identified that early adopters were completely dependent on these
applications for their transactions before COVID-19, but this has
changed after COVID-19, where a combination of 2 - 4 applications
has been used. On the other hand, no change in the pattern was found
for late adopters, as they have been using a combination of 2 - 4
applications before and after COVID-19. Additionally, it was
identified that there is no significant impact between these variables

and the user type.

According to the second objective, it was identified that there is a
significant impact of frequency on volume before and after COVID-19

and the different applications used. However, sufficient evidence was
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not available to prove that there is a significant difference between
application usage and the applications used before and after COVID-

19.

Considering the third objective, it was identified that perceived risk
had a significant impact on early and late adopters, whereas for
perceived benefit, sufficient evidence was not available to prove a

significant impact on late or early adopters.

The findings demonstrate that perceived risk exerts a significant
influence on both early and late adopters, highlighting that Fintech
adoption is not merely a technological decision but a behavioral and
psychological one. Consistent with Behavioral Finance Theory, users’
financial decisions are influenced by subjective risk perceptions, trust,
and confidence rather than by objective technological performance
(Ryu, 2018). Even technologically capable users may hesitate to adopt
Fintech solutions if they perceive threats to data privacy or financial
security, supporting Pavlou’s (2003) assertion that trust and risk
perceptions play a mediating role in digital adoption. At the same time,
the absence of a significant impact of perceived benefit and user type
suggests that adoption in emerging economies is more strongly

constrained by perceived risks than driven by perceived benefits,
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especially in markets where institutional trust and regulatory assurance

are still developing.

From a Technology Acceptance perspective, the results extend the
understanding of post-adoption behavior by demonstrating that ease of
use and usefulness—the central tenets of the Technology Acceptance
Model (TAM)—are insufficient to explain user heterogeneity in
Fintech adoption. Instead, E-Commerce Theory provides a broader
lens to interpret these patterns, emphasizing the importance of trust,
transaction transparency, and experiential value in digital financial
engagement (Lee & Teo, 2015). This theoretical integration enriches
the literature by positioning Fintech usage as a function of both
technological acceptance and behavioral confidence, rather than as a

purely rational response to perceived usefulness.

Practically, the study offers several implications. For policymakers,
strengthening data governance and consumer protection
mechanisms—through enhanced cybersecurity standards, mandatory
data-disclosure protocols, and consumer complaint redress systems—
could reduce perceived risk and foster confidence in digital finance.
For Fintech providers, improving the visibility of security features,
adopting transparent communication strategies, and developing user

education initiatives can help convert cautious or late adopters into
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regular users. For users, particularly late adopters, structured
awareness programs and peer learning networks could enhance digital
financial literacy and confidence, bridging the behavioral gap in

Fintech adoption.

Overall, the study contributes to the growing body of knowledge on
Fintech adoption in emerging economies by demonstrating that risk
perception, rather than technical capability, remains the dominant
barrier to sustained usage. By integrating Behavioral Finance, E-
Commerce, and elements of Technology Acceptance theories, this
research provides a multidimensional understanding of Fintech
adoption behavior, offering both theoretical advancement and practical

direction for a more inclusive digital financial ecosystem in Sri Lanka.

Limitations and Future Research Directions

When considering the limitations of the study, the study only focuses
on the top-line applications of Fintech, and applications such as
blockchain, regtech, big data, machine learning, and artificial
intelligence are not considered. These areas seem to have evolved
globally, but the individual users are still at an evolving stage and in
the context of the Sri Lankan Fintech infrastructure, are still at the

infancy stage.
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Another limitation of the study is that this study focuses on a limited
sample size in Sri Lanka, due to the limited availability. and the infancy
stage of different Fintech applications, obtaining a bigger sample size
for the study might have provided a better understanding of the users'
usage patterns and also provided a better understanding to identify if
there are applications that are preferred and used by accounting

professionals.

Future researchers may look into other areas of the study by combining
blockchain, machine learning, and artificial intelligence, as they would
provide a better understanding of the emerging technologies and

whether they are being used by accounting professionals in Sri Lanka.

REFERENCES
Abramova, S. & Bohme, R. (2016) ‘Perceived benefit and risk as

multidimensional determinants of Bitcoin use: A quantitative
exploratory study’, Proceedings of the 2016 International
Conference on Information Systems (ICIS 2016), pp. 1-20.

https://doi.org/10.17705/4icis.00001

Benlian, A. & Hess, T. (2011) ‘Opportunities and risks of software-as-
a-service: Findings from a survey of IT executives’, Decision

Support Systems, 52(1), pp- 232-246.

42



https://doi.org/10.1016/j.dss.2011.07.007

Briones Pefialver, A. J., Bernal Conesa, J. A. & de Nieves Nieto, C.
(2018) “Analysis of corporate social responsibility in Spanish
agribusiness and its influence on innovation and performance’,
Corporate  Social  Responsibility and  Environmental
Management, 25(2), pp- 182—193.

https://doi.org/10.1002/csr.1448

Central Bank of Sri Lanka (2017-2021) Payment Bulletin — Quarterly

Reports 2017 to 2021. Colombo: Central Bank of Sri Lanka.

Charness, N. & Boot, W. R. (2015) ‘Technology, gaming, and social
networking’, in K. W. Schaie & S. L. Willis (eds) Handbook of
the Psychology of Aging, 8th edn. Elsevier, pp. 389-407.

https://doi.org/10.1016/B978-0-12-411469-2.00020-0

Cheng, T. C.E.,Lam, D. Y. C. & Yeung, A. C. L. (2006) ‘Adoption of
Internet banking: An empirical study in Hong Kong’, Decision
Support Systems, 42(3), pp- 1558-1572.

https://doi.org/10.1016/j.dss.2006.01.002

Das, A. & Das, D. (2020) ‘Perception, adoption, and pattern of usage
of Fintech services by bank customers: Evidence from Hojai
District of Assam’, Emerging Economy Studies, 6(1), pp. 7-22.

43



https://doi.org/10.1177/2394901520907728

Davis, F. D. (1989) ‘Perceived usefulness, perceived ease of use, and
user acceptance of information technology’, MIS Quarterly,

13(3), pp. 319-340. https://doi.org/10.2307/249008

Dharmadasa, P. D. C. S. (2021) “Fintech services” and the future of
financial intermediation: A review’, Sri Lanka Journal of
Economic Research, 8(2), pp- 21-40.

https://doi.org/10.4038/sljer.v8i2.135

Farivar, S. & Yuan, Y. (2014) ‘The dual perspective of social
commerce adoption’, Proceedings of the SIG on Human-

Computer Interaction, pp. 1-5.

Gomber, P., Koch, J. A. & Siering, M. (2017) ‘Digital finance and
Fintech: Current research and future research directions’,
Journal of Business Economics, 87(5), pp. 537-580.

https://doi.org/10.1007/s11573-017-0852-x

Gulamhuseinwala, 1., Bull, T. & Lewis, S. (2015) ‘Fintech is gaining
traction and young, high-income users are the early adopters’,

Journal of Financial Perspectives, 3(3), pp. 16-23.

Hendriks, S. (2019) ‘Banking on the future of women’, Finance and

44



Development, 56(1), pp. 24-25.

Iman, N. (2018) ‘Is mobile payment still relevant in the Fintech era?’,
Electronic Commerce Research and Applications, 30, pp. 72—

82. https://doi.org/10.1016/j.elerap.2018.05.009

Johan, S. (2020) ‘Users’ acceptance of financial technology in an
emerging market: An empirical study in Indonesia’, Jurnal
Ekonomi dan Bisnis, 23(1), pp- 173-188.

https://doi.org/10.24914/jeb.v23i1.2813

Jung, S., Lee, C., Kim, K. & Lee, G. G. (2009) ‘Hybrid approach to
user intention modeling for dialog simulation’, Proceedings of
the Joint Conference of the 47th Annual Meeting of the
Association for Computational Linguistics and 4th International

Joint Conference on Natural Language Processing of the

AFNLP, pp. 17-20. https://doi.org/10.3115/1667583.1667590

Kim, C., Mirusmonov, M. & Lee, I. (2010) ‘An empirical examination
of factors influencing the intention to use mobile payment’,
Computers in Human Behavior, 26(3), pp. 310-322.

https://doi.org/10.1016/j.chb.2009.10.013

Lee, D. K. C. & Teo, E. G. S. (2015) ‘Emergence of Fintech and the
LASIC principles’, SSRN Electronic Journal, pp. 1-17.

45



https://doi.org/10.2139/ssrn.2668049

Lee, K., Kim, B. Y., Park, Y. Y. & Sanidas, E. (2013) ‘Big businesses
and economic growth: Identifying a binding constraint for
growth with country panel analysis’, Journal of Comparative
Economics, 41(2), pp- 561-582.

https://doi.org/10.1016/j.jce.2012.07.006

Liang, T. P. & Yeh, Y. H. (2011) ‘Effect of use contexts on the
continuous use of mobile services: The case of mobile games’,

Personal and Ubiquitous Computing, 15(2), pp. 187-196.

https://doi.org/10.1007/s00779-010-0300-1

Li, Y., Liu, H., Xu, J. & Zhou, L. (2020) ‘Determinants of Fintech
adoption: The roles of trust and perceived risk’, Electronic

Commerce Research and Applications, 40, pp. 100-107.

https://doi.org/10.1016/j.elerap.2020.100907

Liébana-Cabanillas, F., Sanchez-Fernandez, J. & Munoz-Leiva, F.
(2014) ‘Antecedents of the adoption of new mobile payment
systems: The moderating effect of age’, Computers in Human
Behavior, 35, pp- 464-478.

https://doi.org/10.1016/j.chb.2014.03.022

Merrey, P. (2017) Value of Fintech. KPMG Report, October, pp. 1-71.

46



Available at:

https://assets. kpmg.com/content/dam/kpmg/uk/pdf/2017/10/val

ue-of-fintech.pdf

Pavlou, P. A. (2003) ‘Consumer acceptance of electronic commerce:
Integrating trust and risk with the technology acceptance
model’, International Journal of Electronic Commerce, 7(3), pp.

101-134. https://doi.org/10.1080/10864415.2003.11044275

Ryu, H. S. (2018) “What makes users willing or hesitant to use Fintech?
The moderating effect of user type’, Industrial Management &
Data Systems, 118(3), pp. 541-5609.

https://doi.org/10.1108/IMDS-07-2017-0325

Saleem, A. (2021) ‘Fintech revolution, perceived risks and Fintech
adoption: Evidence from the financial industry of Pakistan’,
International Journal of Multidisciplinary and Current
Educational Research (IJMCER), 3(1), pp. 191-205. Available

at: www.ijmcer.com

Sarstedt, M., Ringle, C. M. & Hair, J. F. (2017) ‘Partial least squares
structural equation modeling with R’, Practical Assessment,

Research and Evaluation, 21(1), pp. 1-16.

Sebastiani, S. & Kazi, M. S. (2020) ‘The local Fintech opportunity in

47



a post-COVID-19 world’, KPMG Insights Report, pp. 1-4.

Yan, T., Chu, D., Ganesan, D., Kansal, A. & Liu, J. (2012) ‘Fast app
launching for mobile devices using predictive user context’,
Proceedings of the 10th International Conference on Mobile
Systems, Applications, and Services (MobiSys '12), pp. 113—

126. https://doi.org/10.1145/2307636.2307648

Zhou, T. (2013) ‘An empirical examination of continuance intention of
mobile payment services’, Decision Support Systems, 54(2), pp.

1085—-1091. https://doi.org/10.1016/j.dss.2012.10.034

48



