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Abstract

Purpose: This research extends the Unified Theory of Acceptance
and Use of Technology (UTAUT?2) to investigate the variables affecting the
adoption and use of digital banking services. In fragile economic
environments, particular attention is paid to the negative impacts of
perceived risk and the functions of trust as a direct predictor and modifier of
behavioral intention to use digital banking.

Design/methodology/approach: A cross-sectional study was
conducted with 360 users of digital banking services in the Kurdistan Region
of Iraq. Structural Equation Modeling using SmartPLS 4 was used to
evaluate the proposed correlations. Principal structural model evaluations
included path coefficients, R?, Q2 f* effect sizes, and collinearity diagnostics.
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The model's predictive efficacy was assessed with PLSpredict, contrasting
PLS-SEM with linear regression and naive standards.

Findings: The findings indicate that performance expectation, effort
expectancy, social influence, facilitating conditions, and trust have a large
positive impact on behavioral intention; however, perceived risk has a
significant negative effect. Behavioral intention is a robust predictor of
consumption behavior. Trust favorably affects behavioral intention but does
not substantially attenuate the adverse link between perceived risk and
behavioral intention. The model exhibits sufficient explanatory power (R? =
0.440 for BI; R? = 0.409 for UB) and moderate predictive capabilities for
essential markers.

Originality/value: This research enhances the digital banking
adoption literature by integrating UTAUT2 with perceived risk and trust in a
high-risk, undeveloped economic context. It offers empirical insights into the
influence of psychological and environmental aspects on user behavior in
volatile markets. The results provide actionable insights for financial
institutions seeking to develop safe, trust-building digital platforms that
reduce risk perception and bolster user confidence.

Keywords: UTAUT2; Perceived Risk; Trust; Digital Banking; Behavioral
Intention; Fragile Economies; PLS-SEM; Predictive Analytics

Introduction

The rapid progression of digital technology has profoundly altered
the global banking sector, facilitating the rise of digital financial services like
mobile banking, electronic wallets, and contactless payments (Mogaji &
Nguyen, 2024). Despite these worldwide trends, the adoption rate of digital
banking is inconsistent, especially in unstable and emerging nations,
attributable to variances in technical infrastructure, institutional trust, and
financial literacy (Antonio Porfirio et al., 2024). The Kurdistan Region of
Irag (KRI), an autonomous area administered by the Kurdistan Regional
Government (KRG), illustrates this difference. Regardless of the existence of
banking infrastructure, the area continues to rely mostly on cash transactions,
indicative of widespread financial exclusion in Iraq, where just 19% of
individuals own a formal bank account (World Bank, 2023).

Various structural and psychological obstacles persist in hindering
the adoption of digital banking in the area. These include restricted financial
literacy, absence of user-centric services, diminished institutional trust, and
apprehensions about system dependability (Bouteraa et al., 2023; M.
Hamakhan, 2020; Pal et al., 2020). In response to these issues, the KRG has
implemented measures like the “My Account” scheme, which requires public
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employee pay to be put into bank accounts to promote digital adoption,
diminish cash reliance, and enhance financial transparency (KRG, 2023).

Digital banking serves as both a technical advancement and a vital
facilitator of extensive socio-economic progress, bolstering e-government
activities and promoting e-commerce (Barroso & Laborda, 2022; Divya et
al., 2024). The transition from rudimentary online services to Al-enhanced,
omnichannel platforms has broadened access to financial instruments via cell
phones, ATMs, and online portals, resulting in expedited, paperless, and
more inclusive financial ecosystems (Kim et al., 2024; Murinde et al., 2022).
Innovations including blockchain, open banking APIs, and biometric
identification now provide safe and customized financial experiences (Adil
et al.,, 2025; Mahajan & Nanda, 2024). In the meantime, the worldwide
interest in Central Bank Digital Currencies (CBDCs) signifies policymakers'
endeavors to modernize payment systems and bolster financial resiliency
(Wronka, 2023).

However, technology infrastructure alone cannot overcome
entrenched societal skepticism. Prolonged violence, corruption, and
institutional dysfunction in Iraq and the KRI have substantially diminished
trust in the official banking system (Biro, 2024; Modiha, 2025; Muhamad,
2024; Otopah et al., 2024). In April 2025, the Central Bank of Iraq
announced that roughly 91.2 trillion IQD (= $62 billion) is in circulation
outside the banking system, demonstrating a pronounced preference for cash
holdings and underscoring ongoing skepticism. Despite being paid public
workers in the KRI, the majority of whom acquire their payments via banks,
the complete cash withdrawal of earnings is still prevalent (Central Bank of
Iraq, 2025; Krishna et al., 2025).

Given these facts, understanding the psychological and behavioral
dynamics influencing digital banking adoption is essential. The Unified
Theory of Acceptance and Use of Technology 2 (UTAUT2) provides a
theoretically sound and empirically substantiated framework for analyzing
adoption behavior. This research enhances UTAUT2 by including perceived
risk as a negative predictor and trust as a direct determinant and moderator,
addressing the socio-political complexities of unstable contexts. This
conceptual refinement aims to clarify how institutional trust and perceived
security significantly influence behavioral intention and usage behavior in a
precarious financial environment.

Theoretical Foundations

The implementation of digital banking technologies has been
thoroughly analyzed via several behavioral and technical acceptance
theories, which underpin the understanding of user intents and technology
use. The Theory of Reasoned Action (TRA), introduced by (Fishbein, &
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Ajzen, 1975), is one of the oldest and most impactful theories. The Theory of
Reasoned Action asserts that behavioral intention is influenced by an
individual's attitude towards an action and the impact of subjective standards.
This approach presupposes volitional control over behavior, which is not
consistently relevant in practical contexts.

To overcome this issue, (Ajzen, 1991) proposed the Theory of
Planned Behavior (TPB), which enhances the Theory of Reasoned Action
(TRA) by including perceived behavioral control. This supplementary
construct measures people' belief in their capacity to execute a certain
activity, hence augmenting the model's relevance in circumstances where
external limitations may affect actions.

(Davis, 1989) expanded on these cognitive frameworks to create the
Technology Acceptance Model (TAM), which focuses on the adoption of
information technology. The Technology Adoption Model posits that
technology adoption is mostly influenced by two factors: perceived utility
and perceived ease of use. Its simplicity and predictive capability have
resulted in extensive use in information systems research. Nonetheless, TAM
has faced criticism for its inadequate ability to include intricate behavioral
and environmental factors.

To address these deficiencies, (Venkatesh et al., 2003) introduced the
Unified Theory of Acceptance and Use of Technology (UTAUT). This
model synthesizes components from eight previous frameworks, unifying
essential factors like performance expectation, effort expectancy, social
impact, and enabling environments. (Venkatesh et al., 2012) acknowledged
the need to modify the model for consumer-centric contexts by developing
UTAUT2, which integrates supplementary constructs hedonic drive, price
value, and habit to include a wider spectrum of consumer behaviors.

Theoretical developments have substantially improved the
explanatory capacity of adoption models, especially in digital financial
services. UTAUT?2's versatility and extensibility make it particularly adept at
studying user behavior in online and mobile banking environments. Its
ability to include mediating and moderating factors allows researchers to
investigate intricate interactions among user perceptions, intentions, and
actual technology use. Consequently, these models persist in offering a
robust theoretical framework for empirical studies on digital banking uptake.

Conceptual Model and Hypotheses Development

Based on the UTAUT?2 framework, this study's conceptual model is
expanded to include two more constructs: Perceived Risk (PR) and Trust
(TR). These additions make the model more relevant to the context of digital
banking use. Perform Expectation (PE), Effort Expectation (EE), Social
Influence (SI), Facilitating Conditions (FC), Behavioral Intention (BI), and
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Use Behavior (UB) are important factors in the model, as illustrated in
Figure 1. The study's assumptions are based on the connections between
these concepts.
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Figure 1: Conceptual Model of Digital Banking Adoption

Association of Digital Banking Intention with Performance Expectancy
(PE)

Performance Expectancy (PE) is the extent to which a person
perceives that using a certain technology would improve their performance
or productivity (Venkatesh et al., 2003). As a fundamental element of the
Unified Theory of Acceptance and Use of Technology (UTAUT and
UTAUT?2), performance expectancy (PE) has been continuously recognized
in the literature as a key factor influencing users' behavioral intention to
accept technological improvements.

Comprehensive empirical research has shown that when individuals
regard a digital banking service, such as mobile banking, internet banking, or
e-wallets, as beneficial, efficient, and capable of providing substantial
advantages, their intention to adopt and utilize that service markedly
increases (Alalwan et al., 2017; Baabdullah et al., 2019; Farzin & Fattahi,
2025; Idrees & Ullah, 2024; Mohd Thas Thaker et al., 2022; Rahman et al.,
2020; Raza et al., 2017; Venkatesh et al., 2003; Venkatesh & Zhang, 2010;
Zaid Kilani et al., 2023). These results underscore the significance of (PE) in
shaping user behavior across various digital financial technology.

Furthermore, similar evidence has been documented in the Kurdistan
Region of Iraq. (M. Hamakhan, 2020) found that performance expectation
significantly and positively affected customers' propensity to embrace
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electronic banking services, hence affirming the relevance of this construct
in local contexts.

Considering the consistent empirical evidence in both global and
local settings, it is plausible to anticipate that performance expectation would
similarly influence user behavior regarding digital banking systems.
Consequently, the following hypothesis is posited:

H1: Performance Expectancy positively influences behavioral intention
toward digital banking usage.

Association of Effort Expectancy (EE) and Digital Banking Intention

Effort Expectancy (EE), characterized as the level of easiness related
to technology use (Venkatesh et al., 2012), (EE) has been extensively
recognized in technology acceptance studies as a crucial factor influencing
user intention. It conveys consumers' views about the ease and clarity of
learning and using a digital technology. The perception of a system as user-
friendly enhances its adoption probability, especially among those with
constrained time, technical expertise, or self-assurance.

Multiple researches based on the (UTAUT2) paradigm have
repeatedly shown that effort expectancy (EE) has a substantial beneficial
impact on behavioral intention. Users are more likely to use a digital banking
platform when they perceive that it requires less effort (Chand et al., 2025;
Herzallah et al., 2025; Linh et al., 2025; Loke et al., 2025; Rayun et al.,
2025; Zaid Kilani et al., 2023). The interface's clarity, the system's
learnability, and the general user-friendliness enhance the propensity to
interact with the technology.

The intensity of this link may fluctuate based on user history or
circumstance, although the direction of effect is consistently supported by
empirical evidence: ease promotes adoption. Even in research where other
factors are more prominent, (EE) is often acknowledged as a contributing
element in consumers' decision-making processes. This trend is also
applicable in local research (M. Hamakhan, 2020), discovered that effort
expectation had a large and beneficial impact on the intention to use
electronic banking in the Kurdistan Region of Irag. The uniform
endorsement found in the literature results in the development of the
following hypothesis:

H2: Effort Expectancy positively influences behavioral intention toward
digital banking usage.
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Association of Social Influence (SI) and Digital Banking Intention

Social Influence (SI) is the degree to which individuals' choices are
influenced by the views, actions, or anticipations of their peers (Venkatesh et
al., 2003). In the realm of digital banking adoption, social influence (SI) is
the extent to which perceived social pressure or encouragement affects an
individual's inclination to use these services.

Numerous research using the (UTAUT2) paradigm have shown that
social influence (SI) significantly impacts behavioral intention. When
individuals see that their friends, family, or society anticipate their use of a
digital banking platform, they are more inclined to conform to those
expectations and cultivate a heightened desire to embrace the technology
(Herzallah et al., 2025; Idrees & Ullah, 2024; Linh et al., 2025; Loke et al.,
2025). These results indicate that technology adoption is often a social
phenomenon, particularly when digital services are nascent or still
establishing user trust.

Nonetheless, the impact of (SI) is not uniform across all
circumstances. Several research have shown that social influence has no
substantial impact on consumers' propensity to embrace digital banking
(Alalwan et al., 2017; Merhi et al., 2019; Mohd Thas Thaker et al., 2022).
This indicates that for some wusers, particularly those with previous
experience or a strong feeling of self-efficacy, external judgments may have
less influence on determining behavioral intentions.

These changes indicate a significant observation: the impact of social
influence may be contingent upon circumstance. The phenomenon is
particularly pronounced among users who lack familiarity with the
technology, belong to collectivist societies, or depend significantly on peer
approval. Conversely, in environments where digital banking is already
established or where users make autonomous choices, (SI) may diminish in
predictive efficacy. Notwithstanding these modifications, the term continues
to be theoretically relevant and experimentally validated across several
contexts. Consequently, the following hypothesis is posited:

H3: Social Influence positively influences behavioral intention toward
digital banking usage.

Association of Facilitating Conditions (FC) and Digital Banking
Intention

Facilitating Conditions (FC) denote users' perspectives about the
accessibility of resources, infrastructure, and assistance that facilitate the use
of a certain technology (Venkatesh et al., 2003). In digital banking settings,
financial capability (FC) often include access to internet connection, device
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compatibility, technical support, and institutional aid, all of which may
influence an individual's confidence in using digital services.

In the (UTAUT) and (UTAUT?2) frameworks, facilitating conditions
(FC) are primarily regarded as a predictor of actual usage, however,
numerous studies have also evidenced its substantial impact on behavioral
intention, especially when digital services are novel, intricate, or necessitate
environmental support for optimal functionality.

A substantial corpus of recent studies supports this augmented role.
FC has been shown to substantially influence user intention in research
concerning mobile banking, e-wallets, and digital financial services
(Herzallah et al., 2025; Idrees & Ullah, 2024; Linh et al., 2025; Loke et al.,
2025). The results indicate that consumers are more likely to use the system
when they have confidence in its availability, dependability, and institutional
support.

Furthermore, (FC) often enhances constructs such as effort
expectation by diminishing perceived obstacles to access. In contexts where
consumers exhibit a deficiency in confidence, digital proficiency, or
technical assistance, (FC) may significantly impact the desire to adopt. In
some models, (FC) is seen to mediate or enhance the effects of other
variables, including trust or social influence (Chand et al., 2025; Loke et al.,
2025).

Earlier iterations of (UTAUT) prioritized the influence of facilitating
conditions (FC) on consumption behavior, however, new findings indicate
that (FC) also has a direct and beneficial impact on behavioral intention,
especially in developing and underbanked areas, (M. Hamakhan, 2020)
revealed that facilitating conditions (FC) strongly influenced the desire to
embrace electronic banking services in the Kurdistan Region of Iraq,
underscoring its relevance in environments with varying digital infrastructure
and user preparedness. In light of this sustained support, the following
hypothesis is posited:

HA4: Facilitating Conditions positively influence behavioral intention
toward digital banking usage

Behavioral Intention (BI) and Use Behavior (UB)

Behavioral Intention (BI) signifies a user's deliberate intention or
preparedness to partake in a certain activity, namely, the adoption of digital
banking technology. Within the (UTAUT) and UTAUT2 frameworks,
behavioral intention (BI) is regarded as the most direct and significant
predictor of actual system use (Venkatesh et al., 2003, 2012). It signifies a
person's drive to perform, influenced by aspects like perceived utility, user-
friendliness, social context, and accessibility of assistance.
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In accordance with theory, extensive empirical research substantiates
that consumers with more robust behavioral intentions are much more
inclined to participate in real digital banking use. Numerous research in
mobile banking, FinTech, and e-payment domains corroborate this link
(Alalwan et al., 2017; Chand et al., 2025; Herzallah et al., 2025; Idrees &
Ullah, 2024). These findings indicate that when consumers articulate a
definitive goal to use digital banking services, this intention often manifests
as consistent or experimental utilization of such services.

Use Behavior (UB) pertains to the actual implementation of behavior,
namely the moment users commence interaction with the system. While
business intelligence (BI) is often a robust predictor of user behavior (UB),
this correlation is not automatic. The transition from intention to conduct
might be influenced by enabling situations, trust, habitual patterns, or
perceived obstacles (Chand et al., 2025; Maruping et al., 2017). A user may
want to use a banking application but may refrain from doing so owing to
inadequate network connection, restricted access, or security apprehensions.

Nevertheless, in UTAUT-based research, the correlation between
intention and conduct remains robust. Behavioral intention is often seen as a
dependable precursor to use, particularly where structural or contextual
limitations are small. Numerous examined research indicate that behavioral
intention (BI) strongly predicts usage behavior (UB), hence substantiating
the premise that the formation of intention is an essential precursor to real
technology use. Informed by the theoretical framework and comprehensive
empirical confirmation, the following hypothesis is posited:

H5: Behavioral intention positively influences use behavior in digital
banking
Perceived Risk (PR)

According to research by (Lee, 2009; Martins et al., 2014). Digital
banking customers' subjective fears of unfavorable outcomes from using
technologically-based financial services are known as perceived risk (PR).
Rather than being a singular concept, (PR) is multidimensional, typically
encompassing financial risk, where users fear monetary loss (Zhao & Khaliq,
2024) (Zhao & Khaliq, 2024), security and privacy risk, referring to the
potential misuse or exposure of personal data (Chauhan et al., 2019; Hanif
& Lallie, 2021), performance risk, associated with system failure or
technical unreliability (S. Hasan et al., 2023; Kim & Jindabot, 2022) and
time risk, which includes concerns about time wasted due to service
inefficiencies (Zhao & Khalig, 2024). All of these factors influence how
comfortable people are with using digital platforms, which in turn affects
how much they are willing to participate (Appiah & Agblewornu, 2025;
Khuc et al., 2025).
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In the setting of online banking, several empirical studies have shown
that perceived risk significantly inhibits behavioral intention. People are less
likely to utilize online financial services when they have strong privacy and
financial security concerns, according to research (Lee, 2009; Martins et al.,
2014) Newer studies have also confirmed this correlation in a variety of
technology contexts. Some studies have shown that certain aspects of public
relations (PR) may have a negative impact on user confidence; for example,
(Zhao & Khaliq, 2024) found that financial and time-related PR risks
significantly lower confidence, while (Appiah & Agblewornu, 2025) found
that legal and security-related PR risks are much worse when institutional
trust is low. Studies have shown that (PR) acts as a psychological barrier to
adoption by reducing intention and suppressing the effect of enabling
characteristics like trust and simplicity of use (S. Hasan et al., 2023; Khuc et
al.,, 2025; Namahoot & Jantasri, 2023)in addition to directly reducing
intention. In addition, as shown by (Khan & Abideen, 2023) perceived risk
acts as a mediator between behavioral intention and actual consumption,
highlighting its limiting significance even in the presence of intention. These
results, when considered as a whole, support the following hypothesis about
the role of perceived risk in preventing the widespread use of digital
banking:

HG6: Perceived Risk negatively influences Behavioral Intention to use
digital banking services.

Trust

An essential component of digital banking adoption, trust acts as a
mediator between other elements, most notably perceived risk, and
behavioral intention. Users' faith in the safety, dependability, and self-
interest of the service's underlying technology and institution is what we
mean when we talk about trust in digital settings. With this confidence, users
are more likely to interact with platforms that process financial and personal
information securely(Gefen et al., 2003; McKnight & Chervany, 2001).

Technical trust pertains to assurance in the system's operation and
safety (e.g., encryption, uptime), and institutional trust pertains to views of
the financial institution's expertise, honesty, and generosity (Corritore et al.,
2003; Pavlou, 2003). These two aspects are usually considered when
thinking about trust in online banking. Despite strong impressions of utility
and simplicity of use, users are less likely to have positive behavioral
intentions when either dimension is poor or nonexistent.

One theory that has been very useful for digital financial services is
the one proposed by (Mayer et al., 1995) that trust is based on three things:
perceived skill, kindness, and integrity. Integrity means consistently adhering

WWWw.esipreprints.org 10



http://www.eujournal.org/

ESI Preprints March 2026

to stated standards, kindness shows that the organization cherishes its
customers, and ability refers to its capability to safely supply digital services.
Consumers place a premium on these features in areas where financial
institutions have a chickened past or where oversight is weak, such as the
Kurdistan Region of Iraq.

Trust is a crucial precursor of behavioral intention, according to
empirical studies.In many national settings, trust is shown to be a strong
predictor of mobile banking adoption (Merhi et al., 2019) Similarly, among
Islamic banking users, a similar impact is shown (Parayil Igbal et al., 2023)
to be true. By demonstrating the mediating function of trust in mobile
commerce (Alnoor et al., 2022) provide more support for this. Taken
together, these results provide credence to the idea that people are more
inclined to act favorably when they trust a brand.

Also, trust acts as a moderator, especially when it comes to how it
interacts with risk perception. comes to how it interacts with risk perception.
According to research (Kaur & Arora, 2020; Khan & Abideen, 2023). trust
may mitigate the detrimental effect of perceived risks on behavioral
intention. So, when customers have significant trust, they are more likely to
accept digital banking, even when dangers like privacy issues or system
instability are present. These changes show that trust is not a constant but
rather a contextual factor that influences how users weigh the pros and cons
of various options.

To sum up, trust is multi-faceted and ever-changing when it comes to
people's propensity to use digital banking services. It modifies risk-intention
in addition to directly impacting the formulation of behavioral intention. As a
result, we postulate the following hypothesis:

H7: Trust positively influences behavioral intention.

HS8: Trust moderates the relationship between perceived risk and
behavioral intention, such that the negative effect is weaker when trust is
high.

Methodology

This research used a quantitative, cross-sectional approach to
investigate the determinants affecting the adoption of digital banking in the
Kurdistan Region of Iraq (KRI), specifically in Duhok city. Cross-sectional
designs are frequently employed in behavioral and social sciences to
examine associations between dimensions assessed at a singular moment in
time (Hunziker & Blankenagel, 2024; Levin, 2006; Setia, 2016; Wang &
Cheng, 2020). These approaches are especially appropriate for empirical
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research using structured surveys to investigate theoretical theories without
altering the study setting.

The study model extends the Unified Theory of Acceptance and Use
of Technology (UTAUT2) by including Perceived Risk as a negative
predictor and Trust as both a direct predictor and a moderating variable of
Behavioral Intention.

Data were gathered using a structured online questionnaire, created in
Google Forms and disseminated over a three-month duration. To guarantee
clarity and cultural congruence, the survey was translated into the Kurdish
(Badini) dialect and distributed to two primary groups: academic staff from
Cihan University-Duhok and customers of authorized banks in Duhok
governorate. A total of 420 questionnaires were disseminated, yielding 360
valid replies that were used into the study. The digital administration of the
survey mandated all fields in Google Forms, therefore eliminating missed
replies and ensuring a uniform dataset. The gathered replies were extracted
in Excel format, cleaned. and systematically categorized for statistical
analysis.

Two software packages were used for data processing:

e SPSS (Version 26) was implemented to provide descriptive
statistics for demographic profiling and to conduct pertinent
cross-tabulations.

e SmartPLS (Version 4.1.1) was used to examine the measurement
model and the structural model, including hypothesis testing of direct
effects.

Due to the incorporation of a moderating variable (Trust x Perceived
Risk) and the non-parametric characteristics of Likert-scale data, Partial
Least Squares Structural Equation Modeling (PLS-SEM) was used. PLS-
SEM is favored in this context because of its appropriateness for small to
medium sample sizes, adaptability to data distribution, and capacity to model
interaction terms and intricate interactions ( Hair et al., 2017; Shmueli et al.,
2019). In contrast to covariance-based SEM (CB-SEM), PLS-SEM
demonstrates more robustness for exploratory research in the context of
ongoing theoretical development (Dash & Paul, 2021; Henseler et al., 2009).

Model assessment was conducted in two primary phases:

1. The measurement model evaluation evaluated indicator
reliability (factor loadings), internal consistency (Cronbach’s
alpha and composite reliability), convergent validity (average
variance extracted), and discriminant validity (HTMT ratios).
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2. The evaluation of the structural model included the examination
of path coefficients, the coefficient of determination (R?), effect
sizes (f?), and the relevance of moderating effects.

Bootstrapping was performed using 5,000 resamples to provide
reliable standard errors and t-statistics. One-tailed hypothesis testing was
used to forecast the direction of the impact (e.g., Perceived Risk is
anticipated to adversely affect Behavioral Intention), while two-tailed tests
were utilized for moderation and exploratory pathways where the direction
of the effect was not explicitly postulated.

Findings

This section defines the study's outcomes, beginning with the
demographic profile of the respondents, followed by the results that were
derived from the Structural Equation Modeling (SEM) analysis. The study
used a two-stage approaches, as encouraged in the PLS-SEM literature, first
with the evaluation of the measurement model and then assessing the
structural model (Jr. J. F. Hair et al., 2017; Henseler et al., 2009). The
measuring model was first evaluated to determine construct reliability,
convergent validity, and discriminant validity. The structural model was
analyzed to evaluate the proposed relationships and determine the overall
performance of the model. The final structural model enhances the original
UTAUT2 framework by including Perceived Risk (PR) as a negative
predictor of Behavioral Intention (BI) and Trust as both a direct predictor of
BI and a moderating variable that affects the intensity of the (PR-BI) link.
The model posits that Trust mitigates the adverse influence of Perceived
Risk on Behavioral Intention, indicating a buffering effect. This model
configuration facilitates a more refined comprehension of the relationship
between perceived risk and trust in influencing consumers' willingness to use
digital banking services.

Demographic Profile of Participants

A brief overview of the sample's demographics is provided in the
table 1, before the structural model findings are presented. These factors
include demographics such as age, gender, education level, employment
status, and digital banking experience. To guarantee representation, this
section gives a general outline of the population.
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Table 1: Demoiraihic Profile of Particiiants

18-24 74 20.6

25-34 112 31.1

AGE 35-44 123 342
45-54 21 5.8

55 and above 30 8.3

Male 294 81.7

GENDER Female 66 183
Secondary School 52 14.4

High School 27 7.5

Diploma 26 7.2

EDU Bachelor’s degree 92 25.6
Master’s degree 124 34.4

Doctorate 13 3.6

Other 26 7.2
Employed 121 33.6

Employed Private Sector 173 48.1
EMP Self-employed 41 114
Unemployed 16 4.4

Student 9 2.5

Yes 360 100

BACC No 0 0

Yes 294 81.7

OBO No 66 18.3
Daily 67 18.6

HOBS Weekly 65 18.1
Monthly 228 63.3

EDU: Education Level, EMP: Employment Status. BACC: Do you currently have a bank
account? OBO: Do you use mobile or internet banking? HOBS: How often do you use
banking services?

The demographics of the 360 participants who took the survey
provide important background for understanding the dynamics of behavior
related to the adoption of digital banking in Iraq's Kurdistan Region. For a
country like Iraq and its region, which is now undergoing digital
transformation, it is crucial to validate models like (UTAUT2) by learning
about the demographics of digital banking customers and how factors like
trust and perceived risk affect their decisions to use these services.

Participants were mostly employed adults in the peak of their careers.
A large majority of participants (over 65%) were within the (25-44) age
bracket, which is often thought of as the most open to financial technology
developments due to its relatively high level of digital fluency. It is common
in digital banking research to find underrepresentation of older users (8.3%),
although a significant portion of the respondents were between the ages of
(18 and 24), showing that there is a generational gap in the use of technology
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(Harris et al., 2016). There is a correlation between this age range and the
likelihood that people in the middle of their lives may try out or switch to
digital financial platforms, especially when these factors convenience,
perceived utility, and system trust are significant.

The sample exhibits an obvious gender imbalance, including 81.7%
male and just 18.3% female individuals. This obviously reflects the socio-
cultural and financial norms of the Kurdistan Region, where males typically
have a more dominating role in managing family finances and interacting
with official institutions, but it may also partly stem from sampling
circumstances. This trend aligns with studies in poor nations indicating that
women often encounter obstacles to financial inclusion and digital literacy
(R. Hasan et al.,, 2023). This disparity may affect generalizability and
emphasizes the need of developing gender-sensitive approaches in digital
banking outreach and education.

The sample had a significant level of educational fulfilment, with
over 60% possessing at least a bachelor's or master's degree, while just
14.4% had secondary education or less. This tendency indicates that the
sample included an educated, literate demographic adept at comprehending
and assessing the dangers and advantages of digital banking systems, a
criterion acknowledged as vital in technology adoption study. Education is a
recognized precursor of both confidence in digital platforms and the capacity
to mitigate perceived risk, making this attribute more pertinent in light of the
incorporation of both structures in the expanded model.

Regarding employment, 81.7% of respondents were now engaged in
work, whether in the public sector, private sector, or as self-employed
individuals. The very low unemployment rate (4.4%) and student status
(2.5%) further substantiate the economic engagement and internet
accessibility within the sample. Prior research demonstrates a strong
correlation between work status and technology use, especially in financial
services, where digital banking often complements or substitutes in-person
branch visits (Martin & Omrani, 2015). This job profile not only underscores
the significance of the study population but also validates the use of a
technology-centric paradigm like UTAUT?2 in this context.

All respondents indicated ownership of a bank account,
demonstrating complete financial inclusion within the sample. This
uniformity, albeit constraining some statistical comparisons, was deliberately
designed to guarantee that respondents have foundational experience to the
financial system. Furthermore, 81.7% indicated the use of mobile or internet
banking services, indicating that digital banking is firmly integrated into the
financial practices of the majority. This robust adoption provides a
significant basis for evaluating behavioral intention and actual use, as
delineated within the UTAUT2 paradigm.
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The prevalence of financial service use further corroborates this
conclusion. A plurality (63.3%) used banking services monthly, presumably
correlated with income cycles, whereas roughly 37% interacted with banking
systems weekly or daily, indicating a segment of very active users. These
users are crucial for studying variation in behavioral intention, as their
regular engagement with digital platforms may heighten their sensitivity to
variables such as performance expectation, effort expectancy, and notably
perceived risk and trust.

The demographic profile indicates a sample that is digitally literate,
economically active, and mostly familiar with digital banking, making it an
optimal group for testing adoption models.

Measurement Model Evaluation

Evaluating the measuring model is crucial before examining the
structural links among the latent constructs. This will guarantee that the
constructs utilized in the research are reliable and valid (Hair et al., 2017;
Henseler et al., 2015; Sarstedt et al., 2014). Assessing the reliability of
individual indicators, internal consistency reliability, convergent validity,
and discriminant validity is part of this procedure. In order to get valid and
useful results from the structural model, it is necessary to guarantee the
measurement model's resilience Reflecting measurement models are usually
evaluated for convergent validity in the context of Partial Least Squares
Structural Equation Modeling (PLS-SEM) by using outer loadings,
composite reliability (CR), and average variance extracted (AVE) (Hair et
al., 2021). Fornell Larcker, cross-loadings, and the Heterotrait-Monotrait
(HTMT) ratio of correlations are used to evaluate discriminant validity
(Henseler et al., 2015; Voorhees et al., 2016).

Improving the overall model fit and enhancing indicator reliability
and convergent validity, the assessment method included removing
numerous indicators with inadequate outer loadings, meaning they were
below the acceptable level of 0.70. In line with conventional SEM wisdom,
this procedure aids in the consistent and precise measurement of each
construct (Hair et al., 2019; Henseler et al., 2009). Adherence to these
standards improves the analysis's rigor and credibility and is in accordance
with what the literature suggests as best practices (Shmueli et al., 2019). The
reliability coefficients, AVE values, and item loadings, as well as the
outcomes of the measurement model assessment, are shown in Table 2.
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Table 2: Measurement Model Evaluation: Reliability, Convergent Validity, and Factor

Loadings
PE1 | 0.849 0.912 0.971 0.736
PE2 | 0.848
PE PE3 | 0.855
PE4 | 0.846
PE5 | 0.890
EEl | 0.767 0.819 0.825 0.579
EE3 | 0.733
EE EE5 | 0.778
EE7 | 0.767
EE8 | 0.760
FC1 | 0.766 0.780 0.786 0.531
FC2 | 0.700
FC FC5 | 0.744
FC7 | 0.721
FC8 | 0.713
PR2 | 0.712 0.862 0.863 0.547
PR3 | 0.768
PR4 | 0.724
PR PR5 | 0.736
PR6 | 0.746
PR7 | 0.751
PR8 | 0.739
SI1 | 0.713 0.868 0.880 0.556
SI2 | 0.750
S14 | 0.776
ST SI5 | 0.771
Si6 | 0.739
S17 | 0.723
SIS | 0.743
TR4 | 0.758 0.643 0.643 0.583
TR TR6 | 0.771
TR8 | 0.762
BI1 | 0.748 0.869 0.870 0.561
BI2 | 0.734
BI3 | 0.726
BI BI4 | 0.755
BI5 | 0.780
BI7 | 0.743
BI8 | 0.754
UBI1 | 0.756 0.806 0.807 0.562
UB2 | 0.771
UB UB4 | 0.737
UB6 | 0.730
UB8 | 0.755
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The measuring model was evaluated for validity and reliability across
all latent constructs before assessing the structural correlations. Table 2
shows that most outer loadings were higher than the suggested cutoff of 0.70,
which indicates good indicator reliability and substantial item-to-construct
connections (Hair et al., 2019; Henseler et al., 2015). According to (Hair,
2011; Marcoulides, 2013). certain constructs with consistently high loadings
were removed during model refinement in order to improve measurement
quality. These items included Performance Expectancy (PE), Effort
Expectancy (EE), Social Influence (SI), and Behavioral Intention (BI).

We used Cronbach's alpha, composite reliability (CR), and (rho A)
to assess the dependability of the internal consistency. With the exception of
the Trust (TR) construct, which had a Cronbach's alpha of 0.643, all values
above the commonly recognized limit of 0.70, indicating internal consistency
(Hair et al., 2017; Henseler et al., 2015), Even if it's a little lower than 0.70,
it still passes the acceptable test typically used for exploratory studies and
freshly constructed variables. dependability values over 0.80 indicate strong
dependability, whereas values between 0.60 and 0.70 are deemed acceptable,
especially in early-stage model testing (Hulin et al., 2001), Values exceeding
0.95, however, can be an indication of redundancy instead than
dependability.

By demonstrating that each concept explained more than half the
variation in its indicators, the convergent validity was supported by
composite reliability values over 0.80 and AVE scores above 0.50 across
the board (Fornell & Larcker, 1981; Hair et al., 2021). With these findings
in hand, we may go on to structural model analysis, which verifies that the
measurement model is valid and reliable.

Discriminant Validity

How theoretically and experimentally different one construct is from
another in the model is what we mean when we talk about discriminant
validity. This method guarantees that the theoretical ideas being assessed are
distinct from others by making sure that each latent variable captures events
that are not reflected by other conceptions (Hair et al., 2017; Henseler et al.,
2015). The Heterotrait-Monotrait (HTMT) ratio of correlations and the
Fornell-Larcker criteria are the two main ways that discriminant validity is
often evaluated in the context of PLS-SEM. Table 3 displays the HTMT
analysis findings, which demonstrate the model's constructs' discriminant
validity.
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Table 3: Heterotrait—-Monotrait Ratio iHTMTi for Discriminant Validiti

BI

EE 0.201

FC 0.167 [ 0.113

PE 0.298 [ 0.119 | 0.121

PR 0.478 [ 0.119 | 0.091 | 0.072

SI 0.248 [ 0.064 | 0.060 | 0.139 | 0.105

Trust 0.562 [ 0.070 | 0.094 [ 0.146 | 0.118 [ 0.079

UB 0.761 [ 0.184 | 0.109 | 0.267 | 0.407 [ 0.087 | 0.513
Trust x PR [ 0.099 | 0.038 [ 0.124 | 0.054 [ 0.052 | 0.135 [ 0.181 | 0.233

One of the rigorous and generally accepted criteria in PLS-SEM for
determining whether constructs are empirically different is the Heterotrait-
Monotrait (HTMT) ratio, which was used to evaluate discriminant validity
(Henseler et al., 2015; Voorhees et al., 2016). Traditional criteria like the
Fornell-Larcker criterion or cross-loadings are not as sensitive as the HTMT
method, which compares the average correlations across constructs to the
correlations within constructs.

Table 3 above shows that all of the (HTMT) values were significantly
lower than the conservative threshold of 0.85 (Henseler et al., 2015),
indicating that the constructs had strong discriminant validity. Take, for
example, the HTMT values of 0.761 and 0.562, respectively, for Behavioral
Intention (BI) and Use Behavior (UB) and Trust, which are much below the
threshold. Values as high as 0.478 for PR and BI and 0.562 for Trust and BI
did not indicate an issue with the (HTMT). The findings show that each
construct represents a distinct part of the conceptual framework, which lends
credence to the idea that testing structural models later on will be valid
(Franke & Sarstedt, 2019; Hair et al., 2021).

Table 4: Fornell-Larcker Criterion for Discriminant Validi‘glz

BI 0.749
EE 0.172 | 0.761
FC 0.139 | 0.052 | 0.729
PE 0.285 | 0.034 | 0.058 | 0.858
PR [ -0.416 | -0.081 | -0.027 | -0.035 | 0.740
SI 0.223 | -0.025 | 0.030 | 0.026 | -0.080 [ 0.745
Trust | 0422 | 0.035 [ 0.004 | 0.090 | -0.087 | 0.013 | 0.763
UB 0.639 | 0.143 | 0.056 | 0.248 | -0.342 | 0.066 | 0.371 | 0.750

Discriminant validity among the latent components was further
validated by using the Fornell-Larcker criteria in addition to the HTMT
evaluation. Each component must have a square root of its Average Variance
Extracted (AVE) that is higher than its greatest correlation with all other
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components in order to meet this standard (Fornell & Larcker, 1981). To
confirm its empirical uniqueness, this makes sure that a concept has more
variation with its own indicators than with other constructs.

The results are in Table 4, which shows that every single concept met
these criteria. Everything on the diagonal, which stands for the square roots
of (AVE), is larger than the off-diagonal values that are located in the same
columns and rows. There is a stronger association between AVE and
Performance Expectancy (0.858) than with Behavioral Intention (0.285) or
Use Behavior (0.248), for instance. Beyond its absolute correlations with
other categories like BI (-0.416) and Trust (-0.087), Perceived Risk (PR) has
a square root of AVE of 0.740. According to the results, all of the latent
variables are sufficiently different, which means that the study meets the
Fornell-Larcker criteria for discriminant validity (Cepeda-Carrion et al.,
2022; Hair et al., 2017; Henseler et al., 2015).

Structural Model Results
Overview of the Structural Model

After establishing the reliability and validity of the measurement
model, the subsequent step in the PLS-SEM analysis is to evaluate the
structural model. This phase emphasizes the assessment of the proposed
connections among underlying constructs, which in turn helps to ascertain
the model's ability to explain and predict outcomes. Figure 2 illustrates the
structural model, encompassing all direct and moderating paths.
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Figure 2: Structural Model with Path Coefficients and R? Values (PLS-SEM Results)
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Multicollinearity and Variance

According to (Hair et al., 2019; Sarstedt et al., 2014; Shmueli et al.,
2019). the main criteria for evaluation include examining multicollinearity
using VAIF values, R?, effect size (f?), and Q? In addition, bootstrapping
methods are used to assess the statistical significance and robustness of the
route coefficients in order to test the hypotheses. All things considered, these
measures provide a comprehensive picture of the model's ability to explain
behavioral results and support its theoretical basis.

Table 5: Summari of Final Structural Model Assessment

BI PE 1.015 | 0.089 | 0.440 0.429 | 0.407
EE 1.013 | 0.027
SI 1.026 | 0.060
FC 1.020 | 0.018
PR — () 1.022 | 0213
TR 1.036 | 0.231
TRx PR 1.054 | 0.000
UB BI 1000 | 0.691 | 0.409 0.407 | 0.248

Table 5 displays the results of the structural model assessment, which
computes the interrelationships of latent constructs using significant metrics
such as VIF, R? and R? Adjusted, f?, and Q> The endogenous construct
Behavioral Intention (BI) is explained by 44.0% of the variance in the model
(R? = 0.440; Adjusted R? = 0.429), and the model is highly predictive (Q* =
0.407) (Hair et al., 2019).

Effect Size (f2) and Interpretation

Trust and Perceived Risk (PR) serve as significant predictor factors
that greatly enhance the understanding of BI, exhibiting modest impact sizes
(f* = 0.231 and f* = 0.213, respectively). The tendency of users to engage
with digital banking services diminishes when they perceive a higher level of
risk, as evidenced by the negative correlation of perceived risk with
behavioral intention. Effort Expectancy (EE) and Facilitating Conditions
(FC) demonstrate smaller contributions (f* < 0.03), suggesting a limited yet
noteworthy influence on (BI). In contrast, Performance Expectancy (PE) and
(SI) reveal minor but substantial effects (f> = 0.089 and 0.060 respectively).
In this scenario, the interaction term (Trust x PR) lacks a significant
moderating effect, as its influence is negligible (f> = 0.000).

The model accounts for 40.9% of the variation in Use Behavior (UB),
the second endogenous construct, exhibiting a Q? of 0.248 and an adjusted R?
of 0.407, thereby reinforcing its predictive value. The significant direct
influence of intention on actual digital banking behavior is evidenced by
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previous studies based on the UTAUT and UTAUT2 frameworks
(Venkatesh et al., 2003, 2012) with the pathway from behavioral intention
(BI) to usage behavior (UB) demonstrating a high effect size (f* = 0.691).

The VIF values for the predictor constructs are considerably below
the established threshold of 5 (Hair et al., 2017), suggesting that
multicollinearity is not an issue. The findings confirm that the model fulfills
both explanatory and predictive functions, emphasizing the important roles
of trust, risk, and intention in shaping digital banking behavior.

Predictive Relevance (Q?) and Out-of-Sample Prediction

Following the current guidelines for evaluating out-of-sample
performance in PLS-SEM, the model's predictive capability was tested using
PLSpredict on the two important endogenous constructs Behavioral Intention
(BI) and Use Behavior (UB) (Hair et al., 2021; Shmueli et al., 2016, 2019).
The model's ability to reliably forecast unknown data is supported by the fact
that all indicators of BI and UB had positive Q?><sub>predict</sub>values,
meeting the minimal criterion for predictive relevance (Hair et al., 2019;
Sarstedt et al., 2022).

The PLS-SEM model's Mean Absolute Error (MAE) results were
compared to those of a linear model (LM) and a naive benchmark model
(IA), alongside Q*predict. The PLS-SEM model had better performance than
both benchmarks, with reduced prediction errors, for all BI indicators and all
but one UB indicator (UB6), as shown in Table 6.

Compared to the LM benchmark (0.595) and the IA benchmark
(0.667), UB6's PLS-SEM MAE (0.596) was somewhat better (Shmueli et al.,
2019), states that a PLS-SEM model is considered to have medium
predictive power when most indicators for a specific construct show fewer
prediction errors in the model compared to LM. These results provide further
evidence that the model is suitable for predictive applications involving
digital banking activity, since it seems to have moderate predictive potential
for both BI and UB.

Table 6: Q? Predict and Prediction Error Metrics for Behavioral Intention (BI) and Use

Behavior iUB i

BI1 0.233 0.512 0.543 0.605 Yes Yes
BI2 0.204 0.513 0.532 0.581 Yes Yes
BI3 0.196 0.498 0.508 0.570 Yes Yes
BI4 0.246 0.521 0.554 0.602 Yes Yes
BI5 0.258 0.512 0.537 0.622 Yes Yes
BI7 0.214 0.533 0.556 0.601 Yes Yes
BI8 0.244 0.486 0.524 0.574 Yes Yes
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UBI1 0.126 0.586 0.604 0.658 Yes Yes
UB2 0.136 0.605 0.633 0.673 Yes Yes
UB4 0.140 0.571 0.595 0.642 Yes Yes
UB6 0.152 0.596 0.595 0.667 No Yes
UB8 0.141 0.583 0.593 0.649 Yes Yes

Hypothesis Testing and Path Coefficients

A structural model assessment was conducted to evaluate the
proposed hypotheses, with the results detailed in Table 7. The analysis of
path coefficients, t-values, and p-values reveals that seven of the eight
hypotheses received support.

Beginning with the factors influencing Behavioral Intention (BI),
Performance Expectancy (PE) demonstrated a notable positive impact on BI
(B =0.225, t = 5.870, p < 0.001), thereby supporting H1 and affirming that
individuals are more likely to embrace digital banking when they believe it
improves their financial task performance. The findings indicate that Effort
Expectancy (EE) exerted a significant and positive effect on Behavioral
Intention (BI) (B = 0.123, t = 3.079, p = 0.002), thereby supporting
Hypothesis 2 and highlighting the importance of ease of use as a key factor
influencing intention. The findings indicate a positive association between
Social Influence (SI) and Behavioral Intention (BI) (B = 0.185,t=5.028, p <
0.001), thereby supporting H3. This suggests that the recommendations or
opinions of others play a significant role in shaping an individual's intention
to utilize digital banking services. In a similar vein, the analysis revealed that
Facilitating Conditions (FC) had a positive and statistically significant effect
on Behavioral Intention (BI) (B = 0.102, t = 2.483, p = 0.013), thereby
supporting Hypothesis 4 and underscoring the importance of accessible
support and resources in fostering adoption intentions.

The analysis of the influence of Behavioral Intention on actual Use
Behavior (UB) revealed a strong and significant path coefficient (f = 0.639, t
= 21.323, p < 0.001), thereby supporting HS5 and aligning with the
fundamental principles of behavioral models like UTAUT. The findings
indicate that perceived risk had a substantial negative impact on behavioral
intention (B = —0.349, t = 8.855, p < 0.001), thereby confirming hypothesis
H6 and suggesting that an increase in perceived risk leads to a decrease in
the intention to adopt digital banking services. Conversely, Trust exhibited a
positive and significant effect on BI (B = 0.366, t = 9.481, p < 0.001),
thereby validating H7 and highlighting the essential function of trust in
reducing uncertainty and enhancing usage intentions.

Nevertheless, the proposed moderation effect of Trust on the
relationship between Perceived Risk and Behavioral Intention (H8) did not
receive support, as the interaction term (Trust x PR — BI) was determined to
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be non-significant (B = 0.009, t = 0.252, p = 0.801). This indicates that
although trust independently boosts behavioral intention, it does not
substantially mitigate or lessen the adverse effects of perceived risk in this
scenario.

The findings strongly validate the direct relationships outlined in the
research model, consistent with the theoretical underpinnings of the Unified
Theory of Acceptance and Use of Technology (UTAUT) and previous
empirical investigations (Hair et al., 2017; Venkatesh et al., 2003). The
results indicate that trust, perceptions of usability, and concerns about risk
are crucial factors influencing behaviors related to the adoption of digital
banking.

Table 7: Structural Model Assessment Results and Hypothesis Testing

Hl PE -> BI 0.225 5.870 0.000 Yes
H2 EE -> BI 0.123 3.079 0.002 Yes
H3 SI -> BI 0.185 5.028 0.000 Yes
H4 FC > BI 0.102 2.483 0.013 Yes
H5 BI ->UB 0.639 | 21.323 0.000 Yes
Hé6 PR ->BI -0.349 8.855 0.000 Yes
H7 TR -> BI 0.366 9.481 0.000 Yes
HS8 TR x PR -> BI 0.009 0.252 0.801 No

Moderation Analysis

Using the two-stage method suggested in the PLS-SEM literature
(Hair et al., 2021), an interaction term (Trust x PR) was generated to assess
the moderating influence of Trust on the connection between Perceived Risk
(PR) and Behavioral Intention (BI). Based on the data shown in Table 8, it
indicates that the interaction term did not have a significant impact on users'
desire to utilize digital banking services, showing that Trust does not
mitigate the negative effect of Perceived Risk.

Although trust does increase behavioral intention on its own, this
result suggests that it does nothing to mitigate the detrimental effects of
perceived risk. Previous methodological studies have shown that interaction
effects in PLS-SEM often do not approach statistical significance and only
account for a minor increase in explained variance. This is especially true in
behavioral research including latent variables (Shmueli et al., 2019). So,
even though H8 was not supported, evaluating it helps us understand the

model's prediction processes more sophisticated.
Table 8: Moderation Analysis Result

HS8 TR x PR -> BI 0.009 0.252 0.801 No
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Discussion

This study examined the factors influencing the adoption of digital
banking in a transitional economy, utilizing an extended (UTAUT?2)
framework that incorporates perceived risk and trust. The empirical findings
show a strong correlation with previous theoretical predictions and offer
essential insights into wuser behavior within new digital financial
environments.

The results clearly demonstrate the strong positive influence of
Performance Expectancy (PE), Effort Expectancy (EE), Social Influence
(SI), and Facilitating Conditions (FC) on Behavioral Intention (BI),
effectively validating hypotheses H1-H4. The results align effectively with a
substantial body of previous study in the technology adoption field,
reinforcing the universality of these constructs across various contexts
(Alalwan et al., 2017; Jadil et al., 2021; Oliveira et al., 2014; Venkatesh et
al., 2003, 2012). (The strongest influence on (BI) was exerted by (PE),
highlighting that perceived utility and system effectiveness play a crucial
role in user decision-making within digital banking environments (Lu, 2024;
Martins et al., 2014). The contributions of (EE) and (FC) indicate a positive
relationship, highlighting that while ease of use and infrastructural support
are significant, they are secondary to the perceived performance outcomes
(Alkhowaiter, 2020; Shaikh & Karjaluoto, 2019). Social Influence (SI)
demonstrated a statistically significant but modest impact on (BI). Previous
studies have indicated different magnitudes for this relationship (Abdennebi,
2023; Ly & Ly, 2022; Nasri & Charfeddine, 2012), yet its positive
contribution underscores the idea that peer influence and normative
expectations significantly shape user intent, especially in collectivist cultures
or high-uncertainty environments.

Business Intelligence (BI) demonstrated a significant predictive
relationship with Use Behavior (UB), thereby reinforcing H5 and aligning
with established theoretical connections in the Theory of Planned Behavior
and UTAUT frameworks (Ajzen, 1991; Riffai et al., 2012; Venkatesh et al.,
2003). his confirms the key mediating function of intention in the adoption
of digital services and highlights the importance of behavioral intention as an
indicator of genuine engagement.

Importantly, Perceived Risk (PR) demonstrated a significant negative
impact on (BI), with H6 being supported, thereby affirming its obstructive
function within digital banking environments (R. Hasan et al., 2023; Lee,
2009; Zhao & Khaliq, 2024). Numerous investigations have underscored the
complexity of (PR), encompassing issues related to privacy, security,
financial loss, and time wastage, which serve as significant psychological
obstacles to the acceptance of technology (Appiah & Agblewornu, 2025;
Chauhan et al., 2019; Hanif & Lallie, 2021; Khuc et al., 2025).
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Trust has been identified as an essential variable in facilitating
business intelligence, thus reinforcing H7. This aligns with the foundational
literature on trust, suggesting that trust diminishes perceived uncertainty and
encourages risk-taking in online settings (Gefen et al., 2003; McKnight &
Chervany, 2001; Pavlou, 2003). In uncertain economic environments like the
Kurdistan Region of Iraq (KRI), confidence in digital platforms and
institutions is increasingly vital because of infrastructural deficiencies and a
historical distrust of formal banking systems (Biro, 2024; Muhamad, 2024;
Tariq et al., 2024).

Nonetheless, the proposed moderating effect of trust on the
relationship between PR and BI (HS8) did not receive support. This finding
contrasts with earlier studies (Kaur & Arora, 2020; Merhi et al., 2019),
indicating that trust by itself may not be enough to mitigate risk perceptions
in contexts characterized by significant institutional fragility or regulatory
uncertainty. This nuance highlights a multifaceted interplay among trust,
risk, and context, necessitating deeper investigation in subsequent studies.

From a predictive standpoint, the PLSpredict analysis indicated that
the model provides moderate predictive capability for both (BI and UB). The
Q? values exhibited positivity, and the PLS-MAE values were consistently
lower than those of the LM and IA benchmarks across nearly all indicators,
thereby meeting the criteria set forth by (Hair et al., 2021; Shmueli et al.,
2019). This introduces a dimension of practical significance to the model,
indicating its importance for decision-makers looking to improve digital
banking adoption in similar contexts.

Conclusion

This research sought to investigate the elements that affect the
adoption of digital banking services in the Kurdistan Region of Iraq by
extending the UTAUT2 model with two tailored constructs: perceived risk
and trust. The model was rigorously evaluated using data from 360 valid
responses and PLS-SEM analysis, assessing its explanatory and predictive
capabilities.

The results highlight the importance of established factors that drive
adoption, including performance expectancy, effort expectancy, and social
influence. Perceived risk clearly stood out as a major obstacle, whereas trust
acted as a powerful facilitator of behavioral intention. Nonetheless, trust did
not alleviate the adverse effects of perceived risk, indicating that these two
elements function separately within this delicate economic landscape.

This research enhances the understanding of digital adoption by
showing that UTAUT2 can be effectively adapted to fragile economies,
provided it aligns with the socio-economic context. The findings underscore
the critical need for practitioners to implement risk-reduction strategies, such
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as enhancing platform security and educating users, alongside fostering trust
through transparency and reliable services from financial institutions and
digital service providers.

This study provides valuable insights; however, it is constrained by
its cross-sectional design and a sample limited to a single region. Future
research may benefit from utilizing longitudinal designs or conducting
comparative studies across various regions or sectors. Furthermore,
examining additional contextual elements like digital literacy, cultural
norms, or infrastructure challenges could significantly strengthen the
explanatory capacity of adoption models in transitional economies.

Limitations and Future Research

This study provides valuable insights into digital banking adoption in
fragile economies, yet it does have several limitations that should be
considered. The use of a cross-sectional design limits the capacity to
determine causality among the variables under investigation. Future research
may utilize longitudinal approaches to track changes over time and enhance
the evaluation of causal relationships.

Secondly, the research was confined to the Kurdistan Region of Iraq
(KRI), potentially impacting the broader applicability of the findings.
Exploring comparative studies across various regions or countries can
provide valuable theoretical and practical insights into the adoption of digital
banking in fragile and transitional economies.

Additionally, while the model incorporated trust and perceived risk, it
overlooked other significant factors, including digital literacy, regulatory
confidence, and financial self-efficacy. Future research could delve into
these dimensions to cultivate a deeper understanding of user behavior within
digital financial services.

Practical Implications

The results present significant insights for policymakers, financial
institutions, and technology developers who are looking to boost digital
banking adoption in vulnerable economies. To boost user acceptance, focus
on enhancing performance, creating a user-friendly design, and building a
dependable support system. Mitigating perceived risk is essential; this can be
accomplished by fostering transparent communication, providing targeted
user education, and establishing strong data protection and privacy measures.
Moreover, establishing trust in institutions and technologies should be a key
priority, particularly in areas where digital skepticism is widespread.
Customizing engagement strategies to resonate with local user perceptions,
cultural values, and socio-economic contexts is crucial for achieving
sustainable and inclusive digital transformation.
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