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Abstract
Despite growing interest in artificial intelligence (AI)–supported game-based learn-
ing (GBL), adoption among pre-service teachers remains uneven. Drawing on sur-
vey data from 864 pre-service teachers enrolled in public universities in Turkey, 
this study integrates the Unified Theory of Acceptance and Use of Technology 
2 (UTAUT-2) and Protection Motivation Theory (PMT) to examine motivational 
and psychological determinants of adoption intention. Structural equation model-
ing revealed that habit, hedonic motivation, performance expectancy, self-efficacy, 
and response efficacy positively predicted behavioral intention, whereas perceived 
response cost acted as a significant barrier. The integrated model explained 74% of 
the variance in behavioral intention, outperforming standalone UTAUT-2 and PMT 
models. These findings indicate that adoption decisions are shaped by both ap-
proach-oriented motivations and risk-related coping appraisals. Practically, teacher-
education programs should prioritize repeated hands-on exposure to AI-supported 
GBL, strengthen pre-service teachers’ efficacy beliefs, and reduce perceived imple-
mentation costs through pedagogically grounded training and institutional support. 
As the sample was limited to public universities in Turkey, the findings may not 
generalize to private institutions, in-service teachers, or countries with differing 
teacher-education structures.
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1  Introduction

Artificial intelligence (AI) has become an increasingly prominent component of con-
temporary educational technologies, offering new possibilities for personalization, 
adaptability, and learner engagement. Within this landscape, AI-supported game-
based learning (AI-assisted GBL) has emerged as a promising approach for foster-
ing motivation, problem-solving, and higher-order thinking through interactive and 
adaptive learning environments (Evju, 2024; Leitner et al., 2023; Wagan et al., 2023). 
However, the pedagogical effectiveness of such systems depends not only on their 
technical capabilities but also on educators’ readiness, confidence, and willingness 
to integrate them meaningfully into instructional practice (Molenaar, 2022; Selwyn, 
2019).

Despite a growing body of research documenting the instructional benefits of AI-
assisted GBL such as improved engagement, scaffolding during cognitive challenges, 
and learning gains across disciplines (Chen & Chang, 2024; Dyulicheva & Glazieva, 
2021) empirical evidence regarding teachers’ adoption of these environments remains 
fragmented. Existing studies emphasize diverse determinants, including institutional 
constraints, professional experience, pedagogical beliefs, and affective responses 
such as trust or anxiety, yet report inconsistent findings across contexts (Asad et al., 
2024; Jia & Tu, 2024; Yim & Su, 2025). These inconsistencies indicate that adoption 
decisions are not driven by a single explanatory pathway but instead reflect the joint 
influence of approach-oriented motivational incentives and avoidance-oriented risk 
appraisals. Prior technology adoption research suggests that perceived usefulness, 
enjoyment, and anticipated performance gains motivate adoption, while perceived 
risk, uncertainty, and coping capacity condition whether such motivation translates 
into behavioral intention—particularly in emerging and high-uncertainty technologi-
cal contexts (Venkatesh et al., 2012; Rogers, 1983; Maddux & Rogers, 1983). How-
ever, these motivational and protective processes are rarely examined together within 
a unified explanatory framework in studies of AI-supported educational technologies.

Pre-service teachers constitute a theoretically distinct and strategically important 
population in technology adoption research. Unlike in-service teachers, who rely on 
established classroom routines and accumulated experiential knowledge, PSTs are 
still in the process of professional identity formation and have limited instructional 
autonomy. Their pedagogical orientations are therefore more strongly shaped by 
institutional expectations, curriculum design, mentor guidance, and university-based 
training experiences. Because PSTs typically lack extensive classroom practice, their 
adoption intentions are formed primarily through perceptions of usefulness, enjoy-
ment, and self-efficacy rather than through habitual instructional patterns. At the 
same time, limited practical experience may heighten sensitivity to perceived risks, 
uncertainty, and implementation costs associated with emerging technologies such as 
AI-supported GBL. In contrast to teacher educators—who often evaluate technology 
from a policy or program-design perspective—PSTs approach adoption decisions 
from the standpoint of anticipated classroom enactment under conditions of uncer-
tainty. These characteristics position PSTs as a population in which motivational 
incentives and protective appraisals are simultaneously salient, making them par-
ticularly suitable for investigation through an integrated UTAUT-2–PMT framework.
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Unlike general AI applications in education, AI-supported game-based learning 
integrates algorithmic adaptivity, real-time feedback, and data-driven personaliza-
tion within playful, rule-governed instructional environments. This combination 
introduces distinctive pedagogical affordances such as adaptive difficulty adjust-
ment, intelligent scaffolding, and learning analytics while simultaneously amplifying 
perceived risks related to classroom control, pedagogical alignment, and technical 
reliability. Consequently, adoption decisions surrounding AI-supported GBL cannot 
be reduced to generic AI acceptance; instead, they reflect evaluations of both game-
based pedagogy and AI-mediated instructional automation. This duality further rein-
forces the need for an integrated framework capable of capturing both motivational 
appeal and protective appraisal processes.

The need for a contextualized understanding of adoption is especially salient in 
Turkey, where teacher education programs are undergoing substantial reform in line 
with national digitalization and modernization policies. Large-scale initiatives led 
by the Ministry of National Education—most notably the FATİH Project—have 
aimed to promote technology integration through investments in digital infrastruc-
ture, interactive smart boards, and centralized digital learning resources. However, 
implementation intensity and institutional capacity vary considerably across regions 
and universities, resulting in uneven access to technological resources, pedagogical 
support, and technology-enhanced practicum experiences within teacher education 
programs. These structural disparities, together with differences in curriculum design 
and field-based learning opportunities, condition PSTs’ opportunities to engage 
meaningfully with emerging instructional technologies such as AI-supported GBL. 
In addition, cultural norms that emphasize hierarchical relationships, social influ-
ence, and institutional authority may shape how PSTs evaluate the legitimacy and 
perceived risk of pedagogical innovation, potentially constraining experimentation 
with AI-supported approaches (Ateş & Kölemen, 2025; Nguyen & Tang, 2022). Col-
lectively, these policy, infrastructural, and cultural dynamics generate meaningful 
variation in adoption conditions, positioning Turkey as a theoretically informative 
context for examining how motivational, emotional, and contextual factors jointly 
shape technology acceptance rather than as a purely localized case.

Despite accumulating evidence of the pedagogical benefits of AI-supported game-
based learning, its integration into teacher education remains limited, particularly at 
the pre-service level. Existing studies primarily document short-term instructional 
gains or learner outcomes, yet report low levels of sustained or voluntary adoption by 
pre-service teachers. This gap between documented pedagogical promise and actual 
adoption suggests that technical effectiveness alone is insufficient to explain uptake. 
Instead, adoption appears to be constrained by a combination of motivational drivers, 
such as perceived usefulness and enjoyment, and protective considerations, including 
perceived risk, implementation cost, and confidence in coping with AI-based sys-
tems. Addressing this adoption gap constitutes the central problem motivating the 
present study.

To address this complexity, the present study integrates the Unified Theory of 
Acceptance and Use of Technology 2 (UTAUT-2) with Protection Motivation Theory 
(PMT). In this integrated framework, motivational factors refer to approach-oriented 
adoption determinants derived from UTAUT-2, including performance expectancy, 
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effort expectancy, social influence, hedonic motivation, price value, and habit. Pro-
tective factors refer to risk- and coping-related determinants derived from Protection 
Motivation Theory, including perceived severity, perceived vulnerability, self-effi-
cacy, response efficacy, and response cost. Collectively, these constructs are concep-
tualized as psychological factors, as they represent cognitive–emotional appraisals 
that shape behavioral intention toward AI-supported GBL adoption. UTAUT-2 offers 
a well-established framework for explaining technology adoption by emphasizing 
performance expectancy, effort expectancy, social influence, and experiential factors 
such as enjoyment and habit (Venkatesh et al., 2003; Ateş & Garzón, 2023; Köroğlu, 
2025). However, UTAUT-2 provides limited insight into how individuals evaluate 
potential risks associated with emerging technologies, including concerns related 
to reliability, privacy, or misuse. PMT complements this limitation by explaining 
how perceived threat severity, vulnerability, self-efficacy, response efficacy, and 
response costs influence protective decision-making (Ermekbaeva & Kang, 2024; 
Kissi et al., 2023). While alternative frameworks such as the Technology Accep-
tance Model (TAM) and the Theory of Planned Behavior (TPB) effectively capture 
rational belief–intention relationships, they do not explicitly model threat appraisal 
and coping mechanisms, which are increasingly relevant in AI-supported educational 
contexts. Integrating UTAUT-2 and PMT therefore enables a more comprehensive 
examination of adoption decisions shaped simultaneously by motivational drivers 
and protective concerns.

Accordingly, this study addresses a significant gap in the literature by investigat-
ing PSTs’ behavioral intentions (BI) to adopt AI-supported GBL through an inte-
grated UTAUT-2–PMT framework. The study contributes to educational technology 
research in three main ways. First, it advances theory by clarifying how motivational, 
emotional, and contextual factors interact in shaping acceptance of AI-supported 
learning environments. Second, it empirically compares the predictive efficacy of the 
integrated model with its constituent theories, thereby assessing the added explana-
tory value of theoretical integration. Third, it identifies and ranks the most influential 
enablers and barriers to adoption, offering practical implications for teacher educa-
tion, professional development, and policy design. Ethical approval for the study 
was obtained from the relevant institutional review board, and informed consent and 
anonymity were ensured. As the findings are based on self-reported data, potential 
common-method and social desirability biases are acknowledged, and appropriate 
procedural safeguards were applied to mitigate their effects.

1.1  Objectives of the study

This study is structured around the following key objectives:

1.	 To develop an integrated model that synthesizes core constructs from UTAUT-2 
and PMT, with the aim of deepening understanding of the motivational and 
psychological factors influencing PSTs’ intentions to adopt AI-assisted GBL 
environments.

2.	 To evaluate and compare the predictive efficacy, defined as the degree to which 
each model explains variance in BI, of the integrated UTAUT-2–PMT model 
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relative to the two theories when applied independently, thereby determining the 
added explanatory power of the combined framework.

3.	 To examine and rank the relative influence—referring to the comparative strength 
of individual predictors—of key UTAUT-2 and PMT constructs within the inte-
grated model, in order to identify the most salient enablers and barriers to AI-
supported GBL adoption in teacher education.

1.2  Research questions

To guide these objectives, the study addresses the following research questions:

1.	 How do motivational and protective factors jointly influence PSTs’ BI to adopt 
AI-assisted GBL?

2.	 Does the integrated UTAUT-2–PMT model demonstrate higher predictive effi-
cacy than either framework alone?

3.	 Which specific constructs exert the strongest positive or negative influence on 
adoption intention?

2  Literature review and theoretical framework

2.1  The role of artificial intelligence in game-based learning

AI is increasingly embedded within GBL environments through adaptive mechan-
ics, personalized feedback, and data-driven orchestration of learning (Naseer et al., 
2024; Song et al., 2024; Yekollu et al., 2024; Zhan et al., 2024). In teacher educa-
tion, these affordances are consequential not only for learner outcomes but also for 
how PSTs learn to design, implement, and evaluate technology-enhanced pedagogy. 
AI-supported GBL can externalize learner models, provide real-time analytics, and 
scaffold pedagogical decision-making within interactive scenarios, thereby allowing 
PSTs to rehearse differentiation, monitor engagement, and connect formative evi-
dence to instructional choices in comparatively low-stakes settings (Dyulicheva & 
Glazieva, 2021; Huang & Ting-Chia, 2024; Lester et al., 2013; Evju, 2024; Leitner 
et al., 2023). However, while the literature increasingly reports positive associations 
between AI-supported GBL and learners’ motivation and problem-solving, the field 
remains disproportionately student-facing, offering limited insight into teacher-fac-
ing adoption processes, particularly how PSTs interpret system recommendations, 
judge pedagogical fit, and translate simulated practice into classroom implementation 
(Alotaibi, 2024; Chen & Chang, 2024; Sun et al., 2024; Wagan et al., 2023).

A more nuanced account of PST adoption requires synthesizing barriers and 
enablers across pedagogical, psychological, and institutional dimensions. Pedagogi-
cally, PSTs must align AI-driven adaptivity with curriculum goals, assessment prac-
tices, and classroom management constraints; these demands can heighten perceived 
effort and reduce confidence during early implementation (Asad et al., 2024; Jia & 
Tu, 2024). Psychologically, ethical and sociotechnical concerns such as algorithmic 
opacity, data privacy, surveillance risks, and bias shape perceived risk, trust, and 
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perceived control, influencing whether PSTs evaluate AI-mediated recommendations 
as appropriate and safe for instructional use (Al-Zahrani & Alasmari, 2024; Airaj, 
2024; Sharma & Singh, 2024). Institutionally, uneven infrastructure, limited tech-
nical-pedagogical support, and restricted opportunities for repeated and mentored 
use can constrain facilitating conditions and inhibit habit formation (Ateş, 2025; 
Rebelo, 2025). Collectively, these barriers suggest a consistent trend in the literature: 
while AI-supported GBL is associated with pedagogical promise, its adoption by 
PSTs is highly contingent on contextual support and perceived manageability rather 
than technological capability alone. These factors align with established determi-
nants of technology adoption captured by UTAUT-2 (e.g., performance expectancy, 
effort expectancy, social influence, facilitating conditions, hedonic motivation, habit) 
and with protection-oriented cognitions captured by PMT (e.g., perceived sever-
ity/vulnerability, self-efficacy, response efficacy, response cost). Yet, prior research 
rarely examines these motivational and protective processes together within a single 
explanatory model (Ateş & Kölemen, 2025; Nguyen & Tang, 2022).

Empirical evidence further suggests that teacher-facing benefits of AI-supported 
GBL such as improved instructional decision-making through adaptive feedback and 
analytics are contingent on implementation conditions, including usability, training 
quality, and institutional support (Chen & Chang, 2024; Sun et al., 2024; Wagan et 
al., 2023; Mahrous et al., 2023; Kgosietsile & Okike, 2023). At the same time, find-
ings remain heterogeneous: some studies report strong positive effects on teachers’ 
perceived usefulness and intention to use, whereas others observe limited or unsta-
ble effects, likely due to differences in study duration, training design, institutional 
context, and the specific AI features examined. Nevertheless, the evidence base is 
constrained by short-duration interventions, convenience sampling, and heavy reli-
ance on self-report measures, often within single-course contexts that obscure dura-
bility and transfer to practicum settings. Cross-cultural replication is also limited, 
and few studies distinguish which AI features (e.g., adaptivity, dashboards, or gen-
erative feedback) drive changes in teachers’ perceptions and intentions. Crucially, 
adoption-relevant constructs such as self-efficacy, response efficacy, and perceived 
cost are seldom modeled alongside motivational drivers within an integrated frame-
work. These gaps motivate the present study’s UTAUT-2–PMT integration focused 
on PSTs’ adoption of AI-supported GBL, enabling examination of how motivational 
incentives and risk-appraisal processes jointly explain intention to use and the rela-
tive influence of key predictors within one comprehensive model.

2.2  The research model and hypotheses

This study proposes an integrated research model combining the UTAUT-2 and PMT 
to explain PSTs’ BI to adopt AI-supported GBL. In this study, behavioral intention 
refers to PSTs’ self-reported readiness and willingness to use AI-supported GBL in 
future instructional practice, consistent with technology adoption research. UTAUT-2 
provides a well-established framework for examining motivational and contextual 
determinants of technology acceptance, whereas PMT contributes a complementary 
psychological perspective by modeling cognitive-emotional processes related to 
perceived risk and coping. Integrating these frameworks enables a comprehensive 
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examination of both enabling and inhibiting forces shaping adoption decisions in AI-
assisted educational environments, which are characterized by pedagogical promise 
alongside uncertainty and ethical concern.

Although UTAUT-2 and PMT originate from distinct theoretical traditions—
behavioral technology acceptance and protection-oriented psychology—they con-
verge conceptually in explaining behavioral intention through cognitive appraisal 
processes (Venkatesh et al., 2003; Maddux & Rogers, 1983; Rogers, 1983). UTAUT-2 
emphasizes approach-oriented motivations, such as performance expectancy, hedonic 
motivation, and habit, which explain why individuals may be inclined to adopt a 
technology based on perceived benefits and expected outcomes (Venkatesh et al., 
2012). In contrast, PMT captures avoidance-oriented considerations by modeling 
how perceived severity, vulnerability, response efficacy, self-efficacy, and response 
cost shape protective decision-making under conditions of uncertainty and risk 
(Maddux & Rogers, 1983; Floyd et al., 2000). This dual-process perspective aligns 
with broader cognitive appraisal theories suggesting that individuals simultaneously 
evaluate anticipated gains and potential threats when forming behavioral intentions 
(Lazarus, 1991). Such a framework is particularly relevant for educators, who may 
simultaneously perceive AI-supported GBL as a valuable instructional innovation 
and as a potential source of pedagogical, ethical, or technical risk (Selwyn, 2019; 
Zawacki-Richter et al., 2019).

Previous studies integrating UTAUT-based and PMT-based constructs have dem-
onstrated strong explanatory power in domains involving uncertainty, trust, and 
risk-sensitive decision-making, including cybersecurity, online learning, and digi-
tal health technologies (Ermekbaeva & Kang, 2024; Kissi et al., 2023; Marikyan & 
Papagiannidis, 2023). However, this line of research has largely focused on general 
user populations and utilitarian systems, offering limited insight into teacher educa-
tion contexts or pedagogically complex technologies such as AI-supported GBL. As 
a result, the joint influence of motivational incentives and protective appraisals on 
PSTs’ adoption decisions remains theoretically underexplored.

The integrated UTAUT-2–PMT framework is particularly well suited to the pre-
service teacher context, where adoption decisions reflect the coexistence of enthu-
siasm for innovation and apprehension regarding pedagogical fit, effort demands, 
autonomy, and ethical risk. UTAUT-2 accounts for motivational and contextual 
enablers that explain why PSTs may be motivated to adopt AI-supported GBL. PMT 
complements this perspective by modeling threat and coping appraisals, captur-
ing how PSTs evaluate potential risks and their own capacity to manage AI-driven 
instructional technologies. Examining these processes together reflects the real-world 
decision dynamics teachers face when evaluating emerging educational innovations 
during professional preparation.

Although some conceptual proximity exists between selected constructs across 
the two frameworks, they capture distinct cognitive and evaluative processes. Effort 
expectancy reflects the perceived ease of learning and operating a technology, 
whereas response cost emphasizes the perceived burden of implementation, ongoing 
effort, and potential disruption to instructional practice. Similarly, facilitating con-
ditions represent external institutional resources and structural support, while self-
efficacy captures internal beliefs about personal capability to enact technology use. 
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These distinctions justify the simultaneous inclusion of both UTAUT-2 and PMT 
constructs and mitigate concerns regarding conceptual redundancy or multicollinear-
ity in the integrated model.

By integrating UTAUT-2 and PMT, the proposed framework remedies the con-
ceptual limitations of each model when applied independently. UTAUT-2 contrib-
utes explanatory power regarding motivational and contextual enablers of adoption, 
whereas PMT introduces psychological depth by accounting for protective and risk-
oriented appraisals. Other theoretical combinations, such as integrating UTAUT-2 
with trust-based models or with Self-Determination Theory, could also provide 
valuable insights into technology adoption. However, trust-focused frameworks do 
not explicitly model habitual use or facilitating conditions, while Self-Determina-
tion Theory emphasizes intrinsic motivation without addressing threat appraisal, 
perceived risk, or coping evaluations. Given the uncertainty, ethical concerns, and 
implementation demands associated with AI-supported GBL, the UTAUT-2–PMT 
integration was considered the most theoretically appropriate for capturing both moti-
vational and protective decision processes in teacher education. Alternative models 
such as the Technology Acceptance Model and the Theory of Planned Behavior pri-
marily capture rational belief–intention pathways and offer limited insight into the 
affective and protective motivations that characterize educators’ responses to emerg-
ing AI technologies. The integrated UTAUT-2–PMT framework therefore provides 
a more comprehensive and contextually appropriate explanation of PSTs’ adoption 
intentions by uniting approach-oriented incentives and avoidance-oriented appraisals 
within a single model.

On the basis of this integrated theoretical logic, hypotheses are derived to examine 
the direct effects of UTAUT-2 and PMT constructs on PSTs’ BI to adopt AI-supported 
GBL. The following subsections elaborate on each theoretical foundation and specify 
the hypothesized relationships underpinning the proposed research model.

Table 1 presents a comparative overview of UTAUT-2 and PMT constructs, illus-
trating their conceptual alignment as well as their theoretically distinct contributions 
to explaining AI-supported GBL adoption. While UTAUT-2 has demonstrated strong 
predictive validity for technology acceptance, it has been critiqued for underrepre-
senting emotional, risk-related, and trust-based considerations—factors that are par-
ticularly salient in AI-mediated educational contexts where perceptions of control 
and reliability are central (Venkatesh et al., 2023; Kissi et al., 2023). Conversely, 
PMT provides a robust account of threat perception and coping appraisal but pays 
limited attention to social influence, facilitating conditions, and habitual use, which 
strongly shape pedagogical technology adoption in institutional settings. Beyond 
conceptual alignment, prior empirical studies integrating UTAUT-based and PMT-
based constructs report low-to-moderate inter-construct correlations and satisfactory 
discriminant validity indices, supporting their empirical distinctiveness and suitabil-
ity for joint modeling within structural equation frameworks (e.g., Kissi et al., 2023; 
Marikyan & Papagiannidis, 2023).

The operational definitions, measurement sources, and item structure for all 
UTAUT-2 and PMT constructs are detailed in the Methods section (see Table  2), 
ensuring transparency and reproducibility.
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2.2.1  Unified theory of acceptance and use of technology 2

The UTAUT, originally developed by Venkatesh et al. (2003), is a widely used frame-
work for explaining individuals’ BI toward technology adoption. The model was 
later extended to UTAUT-2 (Venkatesh et al., 2012) to better capture experiential and 
voluntary-use contexts by incorporating hedonic motivation, price value, and habit. 
These extensions are particularly relevant for educational technologies that combine 
instructional and experiential elements, such as AI-supported GBL, where engage-
ment, perceived value, and repeated exposure shape adoption decisions over time.

In the context of AI-supported GBL in teacher education, UTAUT-2 provides 
a structured lens for examining how motivational, cognitive, and contextual fac-
tors influence PSTs intentions to integrate emerging technologies into instructional 
practice. Each construct was operationalized in this study using validated measures 
adapted from prior UTAUT-2 research in educational and AI adoption contexts (e.g., 
Ateş & Polat, 2025; Ma & Lei, 2024; Venkatesh et al., 2012), ensuring conceptual 
consistency while reflecting the specific demands of AI-supported pedagogical 
environments.

Dimension UTAUT-2 
Constructs

PMT 
Constructs

Concep-
tual Focus

Role in 
Present 
Study

Cognitive 
appraisal

Performance 
expec-
tancy, Effort 
expectancy

Self-
efficacy, 
Response 
efficacy

Beliefs 
about 
capabil-
ity and 
expected 
outcomes

Explain 
how 
perceived 
compe-
tence and 
util-
ity shape 
adoption

Affective–mo-
tivational

Hedonic 
motivation, 
Habit

Perceived 
severity, 
Perceived 
vulner-
ability

Emotional, 
protec-
tive, and 
habitual 
influences

Capture 
enjoy-
ment, 
anxiety, 
and 
threat-
related 
drivers

Contextual–
structural

Social 
influence, 
Facilitating 
conditions, 
Price value

Response 
cost

Environ-
mental 
support 
and 
perceived 
barriers

Assess 
institu-
tional, so-
cial, and 
cost-re-
lated con-
straints

Theoretical 
orientation

Behavioral–
motivational

Cognitive–
protective

Tech-
nology 
acceptance 
vs. risk 
manage-
ment

Integrate 
motiva-
tional in-
centives 
and per-
ceived 
threats

Table 1  Comparative over-
view of UTAUT-2 and PMT 
constructs and their roles in 
AI-supported GBL adoption
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Construct Item Statement Factor 
Loading

Mean SD AVE CR α

UTAUT-2 Constructs
Performance 
Expectancy 
(PE)

I find AI-supported game-based learn-
ing useful in my daily life.

0.77 4.2 0.90 0.68 0.86 0.86

Using AI-supported game-based 
learning helps me accomplish things 
more quickly.

0.89 4.3 0.88

Using AI-supported game-based 
learning increases my productivity.

0.81 4.1 1.00

Efort Expec-
tancy (EE)

Learning how to use AI-supported 
game-based learning is easy for me.

0.71 4.1 0.92 0.50 0.80 0.79

My interaction with AI-supported 
game-based learning is clear and 
understandable.

0.71 3.9 1.05

I find AI-supported game-based learn-
ing easy to use.

0.74 4.0 0.95

It is easy for me to become skillful 
at using AI-supported game-based 
learning

0.65 3.7 1.08

Social Infuence 
(SI)

People who are important to me think 
that I should use AI-supported game-
based learning.

0.78 3.6 1.10 0.63 0.84 0.84

People who influence my behavior 
think that I should use AI-supported 
game-based learning.

0.81 3.8 1.06

People whose opinions that I value 
prefer that I use AI-supported game-
based learning.

0.80 3.7 1.02

Facilitating 
Conditions 
(FC)

I have the resources necessary to use 
AI-supported game-based learning.

0.69 3.5 1.05 0.50 0.74 0.78

I have the knowledge necessary to use 
AI-supported game-based learning.

0.73 3.6 0.97

AI-supported game-based learning is 
compatible with other technologies 
I use.

0.67 3.9 0.99

I can get help from others when I 
have difficulties using AI-supported 
game-based learning.

0.76 3.8 1.01

Hedonic Moti-
vation (HM)

Using AI-supported game-based 
learning is fun.

0.76 4.1 0.90 0.62 0.83 0.83

Using AI-supported game-based 
learning is enjoyable.

0.79 4.0 0.92

Using AI-supported game-based 
learning is very entertaining.

0.81 4.2 0.87

Price Value 
(PV)

AI-supported game-based learning is 
reasonably priced.

0.65 3.7 1.00 0.52 0.76 0.72

AI-supported game-based learning is 
a good value for the money.

0.74 3.9 0.98

At the current price, AI-supported 
game-based learning provides.

0.76 3.8 1.01

Table 2  Constructs, items, and measurement metrics for UTAUT-2 and PMT
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Construct Item Statement Factor 
Loading

Mean SD AVE CR α

Habit (HT) The use of AI-supported game-based 
learning has become a habit for me.

0.73 3.5 1.05 0.56 0.73 0.76

I am addicted to using AI-supported 
game-based learning.

0.75 3.2 1.13

I must use AI-supported game-based 
learning.

0.76 3.4 1.06

PMT Constructs
Perceived 
Severity

I believe that learning materials 
accessed through AI-supported 
game-based learning are vulnerable to 
unauthorized access or data leaks.

0.64 3.4 1.08 0.57 0.84 0.85

I believe that the effectiveness of AI-
supported game-based learning is at 
risk due to potential cyber-attacks or 
data breaches.

0.77 3.5 1.10

I believe that the integrity of 
educational content in AI-supported 
game-based learning is threatened by 
incidents such as unauthorized modi-
fications or hacking attempts.

0.78 3.3 1.03

I believe that AI-supported game-
based learning can allow unauthorized 
remote access to sensitive educational 
data.

0.74 3.4 1.05

I believe that AI-supported game-
based learning can facilitate the 
unauthorized download or misuse of 
educational materials.

0.73 3.2 1.07

Perceived 
Vulnerability

AI-supported game-based learn-
ing could be vulnerable to security 
incidents such as hacking or phishing 
attacks.

0.71 3.2 1.13 0.50 0.73 0.73

AI-supported game-based learning 
could be susceptible to data breach-
es0. potentially compromising user 
information or educational content.

0.72 3.1 1.15

A security breach to my personal data 
could occur if I do not adhere to the 
security policies of the educational 
gaming platform.

0.65 3.0 1.12

Self-Efficacy I believe it will be easy for me to use 
AI-supported game-based learning 
independently.

0.70 4.0 1.00 0.50 0.74 0.74

I could operate the AI-supported 
game based learning even if there is 
no one around to assist me.

0.72 3.8 1.01

I could effectively use AI-supported 
game based learning if I have the 
option to contact support when I 
encounter difficulties.

0.68 4.1 0.97

Table 2  (continued) 
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Performance expectancy represents the extent to which PSTs believe that using AI-
supported GBL will enhance their instructional effectiveness. In teacher education, 
this construct captures perceptions that AI-driven adaptivity, analytics, and feedback 
can support differentiation, engagement, and instructional decision-making. Empiri-
cal studies consistently show that technologies perceived as pedagogically useful are 
more likely to be adopted; however, evidence also suggests that perceived useful-
ness alone is insufficient when technologies are complex or unfamiliar (Al Daray-
seh, 2023). Effort expectancy, defined as the perceived ease of learning and using a 
system, is therefore particularly salient for PSTs who are simultaneously developing 
pedagogical expertise and technological fluency. When AI-supported GBL environ-
ments are perceived as cognitively demanding or difficult to operate, adoption may 
be discouraged even when performance benefits are acknowledged (Runge et al., 
2025; Sun et al., 2025).

Social influence and facilitating conditions capture the institutional and social 
embedding of technology adoption. For PSTs, social influence reflects the extent to 
which instructors, mentors, and peers endorse AI-supported GBL as pedagogically 
legitimate, while facilitating conditions reflect access to infrastructure, technical sup-
port, and pedagogical guidance within teacher education programs (Cabellos et al., 
2024; Gryson et al., 2024). Prior research indicates that normative expectations and 
institutional support play a disproportionate role in early-career adoption decisions, 
where professional identities are still forming (Cheng et al., 2025; Liu et al., 2025). 
In the absence of supportive conditions, even positively perceived technologies may 
fail to be adopted or sustained (Ogegbo et al., 2024).

Beyond instrumental and contextual determinants, UTAUT-2 incorporates affec-
tive and experiential factors that are central to AI-supported GBL adoption. Hedonic 
motivation captures the intrinsic enjoyment associated with using a technology and 
is especially relevant in GBL environments, where playfulness, interactivity, and 

Construct Item Statement Factor 
Loading

Mean SD AVE CR α

Response 
Efficacy

Using AI-supported game based 
learning can successfully prevent 
security incidents.

0.71 3.9 0.99 0.55 0.81 0.81

AI-supported game based learning 
are the best solution for mitigating 
security risks.

0.77 3.8 0.96

By utilizing AI-supported game based 
learning, we can minimize the threat 
of security incidents.

0.77 3.8 0.98

Complying with security policies in 
AI-supported game based learning 
reduces the threat to personal data.

0.63 4.0 0.97

Behavioral 
Intention

I intend to continue using AI-support-
ed game-based learning in the future.

0.79 4.2 0.90 0.64 0.84 0.84

I will always try to use AI-supported 
game-based learning in my daily life.

0.79 4.1 0.88

I plan to continue to use AI-supported 
game-based learning frequently.

0.81 4.3 0.92

Table 2  (continued) 
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immersion can reduce resistance to innovation and enhance willingness to experi-
ment (Alhwaiti, 2023; Kuriakose & Nagasubramaniyan, 2025). Price value reflects 
PSTs’ evaluation of whether the perceived instructional benefits of AI-supported GBL 
outweigh associated costs, including time, cognitive effort, and learning demands. 
Although financial costs are often institutionally absorbed, perceived effort and 
opportunity costs remain salient for PSTs balancing coursework, practicum responsi-
bilities, and skill development (Aini et al., 2024).

Habit represents the extent to which prior exposure leads to automatic or routine 
technology use and is a key determinant of sustained adoption. In teacher education, 
repeated engagement with AI-supported GBL during coursework, micro-teaching, or 
practicum experiences can normalize use and reduce cognitive resistance, increasing 
the likelihood of continued adoption as PSTs transition into professional roles (Osei 
et al., 2022; Venkatesh et al., 2023). However, opportunities for such repeated expo-
sure are uneven across programs, limiting habit formation in many contexts.

Despite its explanatory strength, UTAUT-2 has rarely been applied systematically 
to AI-supported GBL adoption among PSTs. Existing studies often focus on isolated 
instructional interventions or general educational technologies, overlooking the com-
bined motivational, contextual, and experiential dynamics associated with intelligent, 
adaptive systems (Ateş & Gündüzalp, 2025a). Moreover, while UTAUT-2 effectively 
models approach-oriented motivations, it does not explicitly account for perceived 
risk, uncertainty, or coping appraisals—factors that are increasingly salient in AI-
mediated educational environments characterized by ethical, technical, and pedagog-
ical concerns (Ateş & Gündüzalp, 2025b). These limitations motivate the integration 
of UTAUT-2 with PMT, which addresses threat perception and coping mechanisms 
and is discussed in the following subsection.

Based on UTAUT-2 and the identified gaps in the AI-supported GBL literature, the 
following hypotheses are proposed:

H1: Performance expectancy positively influences PSTs’ intention to use AI-sup-
ported GBL environments.
H2: Effort expectancy positively influences PSTs’ intention to use AI supported 
GBL environments.
H3: Social influence positively influences PSTs’ intention to adopt AI-supported 
GBL environments.
H4: Facilitating conditions positively influence PSTs’ intention to use AI-sup-
ported GBL environments.
H5: Hedonic motivation positively influences PSTs’ intention to adopt AI-sup-
ported GBL environments.
H6: Price value positively influences PSTs’ intention to adopt AI supported GBL 
environments.
H7: Habit positively influences PSTs’ intention to adopt AI-supported GBL 
environments.
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2.2.2  Protection motivation theory

PMT, originally proposed by Rogers (1975), provides a psychological framework for 
explaining how individuals respond to perceived threats through cognitive appraisal 
processes. The theory posits that protective behavior is shaped by two parallel eval-
uations: threat appraisal, which involves perceived severity and perceived vulner-
ability, and coping appraisal, which involves beliefs about one’s ability to respond 
effectively through self-efficacy, response efficacy, and response cost (Rogers, 1983). 
Although PMT was initially developed in health-related contexts, it has been increas-
ingly applied to domains characterized by uncertainty and perceived risk, including 
educational technology, cybersecurity, and online behavior (Nguyen & Tang, 2022; 
Dodge et al., 2023).

In the context of AI-supported GBL, PMT offers a valuable lens for understanding 
PSTs’ adoption decisions, which are often influenced by concerns extending beyond 
functionality and usefulness. As AI-driven systems become more autonomous and 
opaque, educators frequently report apprehension related to control, reliability, ethi-
cal use, and pedagogical appropriateness (Ateş & Kölemen, 2025). For PSTs in par-
ticular—who typically have limited classroom experience and emerging professional 
identities—perceptions of risk, uncertainty, and preparedness can significantly shape 
willingness to adopt AI-supported GBL. PMT enables systematic examination of 
how such risk-oriented cognitions translate into behavioral intention under condi-
tions of technological and pedagogical uncertainty (Bekkers et al., 2023).

In this study, five PMT constructs—perceived severity, perceived vulnerability, 
self-efficacy, response efficacy, and response cost—are employed to capture PSTs’ 
threat and coping appraisals related to AI-supported GBL adoption. Perceived 
severity reflects the extent to which PSTs believe that failure to adopt AI-supported 
instructional technologies may result in negative professional or pedagogical conse-
quences, such as reduced instructional effectiveness or misalignment with contempo-
rary teaching practices (Macaulay et al., 2022). Perceived vulnerability captures the 
extent to which PSTs feel personally susceptible to these consequences, for example 
due to insufficient technological competence or limited exposure to AI-based tools 
during teacher preparation (Yıldırım et al., 2021).

Coping appraisal in Protection Motivation Theory is represented by self-efficacy, 
response efficacy, and response cost, which together determine whether individuals 
perceive adoption as feasible and worthwhile. Self-efficacy refers to PSTs’ confidence 
in their ability to effectively integrate AI-supported GBL into instructional practice, 
encompassing both technological and pedagogical competence. Prior research con-
sistently links higher self-efficacy to stronger adoption intentions in complex or novel 
educational settings (Chang et al., 2022; Esiyok et al., 2025). Response efficacy cap-
tures the belief that adopting AI-supported GBL will effectively address instructional 
challenges or mitigate perceived risks, such as enhancing student engagement, sup-
porting classroom management, or improving instructional decision-making (Ayan-
wale et al., 2024).

Response cost refers to the perceived time, effort, cognitive demand, or potential 
disruption associated with adopting a technology (Rogers, 1983). In the context of 
AI-supported GBL, response cost reflects PSTs’ perceptions of implementation bur-
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den, technical complexity, and the effort required to align AI-based tools with curric-
ulum and classroom practices. Higher perceived response cost is therefore expected 
to inhibit adoption intention, even when perceived benefits and coping efficacy are 
favorable.

Despite its explanatory strength, PMT remains underutilized in research on edu-
cational technology adoption, particularly within teacher education and AI-supported 
learning contexts. Existing PMT-based studies have predominantly focused on 
domains such as online privacy, cybersecurity, or health behavior, offering limited 
insight into how threat and coping appraisals shape educators’ adoption of pedagogi-
cally complex technologies such as AI-supported GBL (Balla & Hagger, 2025; Boer-
man et al., 2021; Sulaiman et al., 2022). Moreover, PMT alone does not account for 
social influence, facilitating conditions, or experiential motivations, which are central 
to technology adoption in institutional and instructional settings.

Integrating PMT with UTAUT-2, as illustrated in Fig.  1, therefore addresses 
complementary theoretical limitations. While UTAUT-2 captures approach-oriented 
motivations such as perceived usefulness, enjoyment, and habit formation, PMT 
explains avoidance-oriented appraisals related to perceived risk, coping capacity, and 
implementation burden. This integration acknowledges that PSTs’ adoption of AI-
supported GBL is shaped by the simultaneous presence of enthusiasm for innovation 
and concern about uncertainty, control, and pedagogical risk. Examining these dual 

Fig. 1  Conceptual framework of AI-supported GBL adoption: Research model and hypotheses
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cognitive–emotional processes together enables a more comprehensive understand-
ing of adoption intentions in AI-mediated educational environments.

In line with PMT, perceived severity and perceived vulnerability are hypothe-
sized to positively influence adoption intention in this study, provided that coping 
appraisal is favorable. Prior PMT research demonstrates that heightened threat per-
ception can promote protective or adaptive behavior when individuals believe that 
effective responses are available and that they possess the capability to enact them, 
as evidenced in domains such as health behavior change and cybersecurity compli-
ance. In such contexts, awareness of potential harm increases motivation to adopt 
recommended protective actions rather than disengage or avoid the threat. Applied 
to teacher education, heightened awareness of professional or pedagogical risks 
associated with non-adoption—such as instructional obsolescence or misalignment 
with contemporary teaching practices—may similarly encourage PSTs to adopt AI-
supported GBL when self-efficacy and response efficacy are perceived as sufficient. 
Conversely, when coping resources are perceived as inadequate, threat perception is 
expected to result in avoidance rather than adoption.

Based on PMT and the identified gaps in the AI-supported GBL adoption litera-
ture, the following hypotheses are proposed:

H8: Perceived severity positively influences PSTs’ intention to use AI-supported 
GBL environments.
H9: Perceived vulnerability positively influences PSTs’ intention to adopt AI-
supported GBL environments.
H10: Self-efficacy positively influences PSTs’ intention to adopt AI supported 
GBL environments.
H11: Response efficacy positively influences PSTs’ intention to adopt AI-sup-
ported GBL environments.

3  Method

3.1  Sample and data collection process

Data were collected using a self-administered questionnaire during the early part 
of the 2024–2025 academic year, between April and May 2025. The survey was 
designed to measure PSTs perceptions, attitudes, and BI regarding AI-supported 
GBL. Instrument development emphasized clarity and contextual appropriateness, 
and a pilot study was conducted prior to the main administration (see Sect. 3.2).

Prior to data collection, the research protocol was reviewed and approved by the 
Social and Human Sciences Scientific Research and Publication Ethics Committee 
of Kırşehir Ahi Evran University (Approval Number: 2025/08/32). All procedures 
adhered to institutional and national ethical standards and to the principles of the 
Declaration of Helsinki. Participants were informed about the study purpose, vol-
untary participation, confidentiality/anonymity protections, and their right to with-
draw at any stage without penalty. Electronic informed consent was obtained before 
respondents accessed the questionnaire.
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Participants were recruited using convenience sampling through faculties of edu-
cation at several public universities located in major cities across Turkey. Recruitment 
was coordinated with course instructors and program coordinators, who disseminated 
the survey link either during scheduled class sessions or through institutional e-mail 
lists. To reduce perceived coercion, instructors emphasized that participation was 
voluntary, anonymous, unrelated to course assessment, and that non-participation 
would have no academic consequences. No incentives were offered. Probability-
based sampling was not feasible due to the absence of a centralized national sampling 
frame for pre-service teachers, variability in institutional approval procedures across 
universities, and limited administrative access to student enrollment lists. In addi-
tion, institutional constraints and resource limitations precluded coordinated strati-
fied sampling across programs and regions.

Inclusion criteria were: (a) enrollment in an undergraduate teacher-education pro-
gram and (b) age 18 years or older. Responses were excluded if respondents did not 
provide consent, did not meet inclusion criteria, or submitted incomplete question-
naires. Approximately 1,000 students were invited during the recruitment period, and 
864 complete and usable responses were retained for analysis (approximate response 
rate ≈ 86%).

Data collection was conducted using both face-to-face classroom administra-
tions (via QR code/link access) and online distribution, maximizing accessibility and 
reducing barriers to participation. Several procedural safeguards were implemented 
to reduce common sources of survey bias. To minimize social desirability and eval-
uation apprehension, respondents were assured that there were no right or wrong 
answers and that data would be analyzed only in aggregate form. To reduce common 
method bias, item order was randomized within constructs, predictor and criterion 
sections were separated with unrelated filler items, and a mixture of positively and 
negatively worded items was included. For online administrations, IP-address and 
device checks were used to detect potential duplicate submissions. Completion times 
shorter than three minutes were flagged and reviewed as potentially careless respond-
ing. Additional screening and missing-data handling procedures are reported in Sect. 
3.3.

To assess potential nonresponse bias, early and late respondents were compared 
on key variables (behavioral intention and performance expectancy). No statistically 
significant differences were observed (|t| < 1.96, p >.05). Mean differences between 
early and late respondents were small (ΔM < 0.10 across variables), with negligible 
effect sizes (Cohen’s d < 0.20), indicating minimal risk of nonresponse bias; how-
ever, given the non-probability sampling approach, representativeness cannot be 
fully ensured.

The final sample comprised 864 PSTs, of whom 79.5% (n = 687) were female and 
20.5% (n = 177) were male. Participants were enrolled in primary education (19.2%), 
social studies (13.4%), early childhood education (17.6%), Turkish language edu-
cation (14.7%), mathematics education (11.2%), science education (4.3%), and 
guidance and counseling (19.6%). Regarding year of study, 20.4% were first-year 
students, 29.7% second-year, 25.1% third-year, and 24.8% fourth-year.

With respect to prior experience with AI-related coursework or projects, 12.4% 
(n = 107) reported some experience, whereas 87.6% (n = 757) reported none. Among 
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those reporting prior exposure, activities included project participation (3.2%), 
homework assignments (4.2%), research activities (1.0%), scientific article prepa-
ration (0.9%), coursework (0.6%), competitions (0.1%), and thesis work (0.1%). 
Participants’ digital gaming habits varied: 43.3% did not play digital games; 19.7% 
played less than one hour per day; 15.3% played one to two hours; 10.2% played 
two to three hours; 5.7% played three to four hours; and 5.9% played more than four 
hours daily. In terms of game preferences, 57.2% reported no engagement; among 
those who played, preferences included adventure (5.0%), simulation (4.5%), knowl-
edge-based (0.3%), puzzle (6.5%), entertainment (9.6%), action (7.2%), and strategy 
(9.7%). Finally, 54.9% reported prior awareness of AI-supported GBL environments, 
whereas 45.1% were not familiar with the concept.

3.2  Data collection tools

The survey instrument was developed through a multi-stage process grounded in 
established measurement practices and prior validated scales derived from the 
UTAUT-2 and PMT frameworks. Item development was informed by an extensive 
review of technology acceptance, AI adoption, and GBL literature, with specific 
adaptation to the context of AI-supported GBL use by PSTs.

The initial item pool was generated in English by adapting established UTAUT-2 
and PMT scales to reflect AI-supported GBL use in teacher education. To ensure 
content and face validity, all items were independently reviewed by a panel of four 
experts with doctoral-level expertise in educational technology, science education, 
and psychology. Experts evaluated item relevance and clarity using a four-point scale 
(1 = not relevant to 4 = highly relevant). Item-level Content Validity Index (I-CVI) 
values ranged from 0.86 to 1.00, and the Scale-Level CVI/Average (S-CVI/Ave) was 
0.93, indicating excellent content validity.

Following expert validation, the instrument underwent a rigorous translation and 
back-translation procedure to ensure semantic and cultural equivalence between the 
English and Turkish versions. Two bilingual researchers independently translated the 
items into Turkish, after which a separate bilingual expert back-translated the instru-
ment into English. Discrepancies were discussed and resolved through consensus 
among the research team, consistent with recommended cross-cultural adaptation 
guidelines.

The draft instrument was pilot tested with 201 PSTs who were not included in 
the main study sample. The pilot aimed to assess clarity, comprehension, response 
variability, and preliminary psychometric properties. Exploratory analyses indicated 
satisfactory internal consistency across all constructs, with Cronbach’s α values rang-
ing from 0.78 to 0.91. Qualitative feedback from participants was reviewed to iden-
tify ambiguous wording or contextual misalignment, leading to minor revisions to 
improve clarity and construct fidelity. The refined instrument was subsequently final-
ized for large-scale administration.

The final questionnaire consisted of 41 items measured on a five-point Likert scale 
ranging from 1 (strongly disagree) to 5 (strongly agree). The instrument assessed 
twelve constructs, comprising 26 items from UTAUT-2 and 15 items from PMT. 
Specifically, the UTAUT-2 section included performance expectancy (3 items), effort 

1 3

4498



Education and Information Technologies (2026) 31:4481–4523

expectancy (4 items), social influence (3 items), facilitating conditions (4 items), 
hedonic motivation (3 items), price value (3 items), habit (3 items), and BI (3 items). 
The PMT section included perceived severity (5 items), perceived vulnerability (3 
items), self-efficacy (3 items), and response efficacy (4 items).

Sample items included “I find AI-supported GBL useful in my daily life” (perfor-
mance expectancy), “Learning how to use AI-supported GBL is easy for me” (effort 
expectancy), “People who are important to me think that I should use AI-supported 
GBL” (social influence), “I have the resources necessary to use AI-supported GBL” 
(facilitating conditions), and “Using AI-supported GBL is fun” (hedonic motivation). 
PMT constructs were represented by items such as “Learning materials accessed 
through AI-supported GBL are vulnerable to unauthorized access or data leaks” (per-
ceived severity), “AI-supported GBL could be vulnerable to security incidents” (per-
ceived vulnerability), “I can use AI-supported GBL independently” (self-efficacy), 
and “Using AI-supported GBL can effectively prevent security incidents” (response 
efficacy).

Higher scores indicated stronger endorsement of motivational or protective beliefs 
regarding AI-supported GBL adoption. Although behavioral intention is modeled 
as the dependent outcome variable, the wording of the intention items reflects a 
future-oriented decision context in which adoption is evaluated under conditions of 
uncertainty and responsibility. This framing is consistent with Protection Motiva-
tion Theory, insofar as intention formation may implicitly incorporate threat aware-
ness and coping considerations alongside motivational drivers. This alignment is 
theoretically appropriate given the risk-sensitive nature of AI-supported educational 
technologies.

The psychometric properties of the finalized instrument were evaluated in the 
main study using confirmatory factor analysis (CFA) within a two-stage SEM proce-
dure. Internal consistency reliability was assessed using Cronbach’s α and compos-
ite reliability (CR), while convergent validity was evaluated using average variance 
extracted (AVE). Across all constructs, Cronbach’s α values ranged from 0.72 to 0.86, 
CR values exceeded 0.70, and AVE values were above 0.50, indicating satisfactory 
reliability and convergent validity. Detailed CFA results, factor loadings, and validity 
indices are reported in Sect. 3.3.

To enhance reproducibility, all items, factor loadings, descriptive statistics, 
and reliability indices are reported in Table 2 which provides a complete mapping 
between theoretical constructs and their empirical operationalization, allowing future 
studies to replicate or adapt the instrument in similar AI-supported GBL contexts.

3.3  Data analysis

Data analysis was conducted using SPSS 27 and AMOS 24. Consistent with the 
study’s objective of integrating UTAUT-2 and PMT within a unified explanatory 
framework, a two-stage structural equation modeling (SEM) approach was employed 
to evaluate both the measurement and structural models (Anderson & Gerbing, 1992). 
This approach enables rigorous assessment of construct validity prior to hypothesis 
testing and is widely recommended for theory-driven model testing.
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Prior to inferential analysis, the dataset was systematically screened for missing 
data, outliers, and violations of statistical assumptions. Cases with more than 10% 
missing responses were excluded. Specifically, 18 cases (2.0% of the initial sample) 
were removed due to excessive missing data; comparison analyses indicated that 
excluded cases did not differ significantly from retained cases on gender, year of 
study, or behavioral intention (p >.05). Remaining missing values were handled using 
the expectation–maximization (EM) algorithm, which yields unbiased parameter 
estimates under the missing at random (MAR) assumption.

Univariate and multivariate normality were assessed using skewness, kurtosis, 
and Mardia’s coefficient. All values fell within acceptable thresholds (|skew| < 2; 
|kurtosis| < 7), supporting the use of maximum likelihood estimation. Multivariate 
outliers were examined using Mahalanobis distance with a χ² critical value at p <.001, 
resulting in the removal of five extreme cases that exhibited atypical response pat-
terns across multiple constructs. Multicollinearity diagnostics indicated no concern 
(VIF < 5.0; tolerance > 0.20).

To address potential common method bias (CMB) associated with self-report sur-
vey designs, both procedural and statistical remedies were applied. Procedural con-
trols included item randomization, separation of predictor and criterion blocks, and 
respondent anonymity. Statistically, Harman’s single-factor test and a common latent 
factor test were conducted. The first unrotated factor accounted for 31.6% of the total 
variance, which is below the recommended 40% threshold. In addition, inclusion 
of a common latent factor did not meaningfully alter standardized path coefficients 
(Δβ < 0.05), indicating that common method bias was unlikely to influence the sub-
stantive conclusions of the study.

As the first stage of SEM, CFA was conducted separately for the UTAUT-2 model, 
PMT model, and the integrated model. All CFAs employed maximum likelihood esti-
mation. Model fit was evaluated using multiple indices following established guide-
lines (Hair et al., 2019), including χ²/df, CFI, TLI, IFI, RMSEA, and SRMR.

Across all models, fit indices indicated acceptable to good model fit (χ²/df < 3.00; 
CFI, TLI, IFI ≥ 0.90; RMSEA and SRMR ≤ 0.08), supporting the adequacy of the pro-
posed measurement structure for AI-supported GBL adoption among PSTs.

Internal consistency and convergent validity were assessed using Cronbach’s alpha 
(α), composite reliability (CR), and average variance extracted (AVE). All constructs 
exceeded recommended thresholds (α ≥ 0.70; CR ≥ 0.70; AVE ≥ 0.50), confirming sat-
isfactory reliability and convergent validity.

Discriminant validity was evaluated using the Fornell–Larcker criterion, compar-
ing the square root of each construct’s AVE with its inter-construct correlations. In 
all cases, AVE square roots exceeded corresponding correlations, indicating adequate 
discriminant validity. These results are summarized in Table 3.

Following validation of the measurement model, the structural model was esti-
mated to test the hypothesized relationships among UTAUT-2 and PMT constructs 
predicting PSTs’ BI to adopt AI-supported GBL. Structural model fit indices again 
met recommended thresholds (χ²/df < 3.00; CFI, TLI, IFI > 0.90; RMSEA < 0.08), 
indicating that the proposed theoretical model adequately represented the observed 
data.
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To enhance robustness, bootstrapping with 5,000 resamples was applied to esti-
mate bias-corrected confidence intervals for all path coefficients. This procedure 
strengthens inference by reducing sensitivity to non-normality and sample-specific 
effects. All reported effects are therefore statistically stable and robust.

Multi-group structural equation modeling was not conducted because the present 
study prioritizes theory testing and comparative evaluation of competing explanatory 
models rather than subgroup differentiation. Examination of potential moderators 
such as gender, program type, or prior experience requires targeted hypotheses and 
sufficiently balanced subgroup sizes and is therefore positioned as a distinct objective 
for future research.

4  Findings

4.1  Descriptive statistics and preliminary analysis

Prior to testing the hypothesized UTAUT-2, PMT, and integrated structural models, 
descriptive statistics were examined to provide an overview of PSTs’ perceptions of 
AI-supported GBL and to assess the distributional properties of the study variables. 
The final analytical sample consisted of 864 PSTs. Missing data were minimal (< 2%) 
and were handled using the expectation–maximization (EM) procedure, as described 
in Sect. 3.3.

Table 4 presents the construct-level descriptive statistics, including the number of 
items, means, and standard deviations for all UTAUT-2 and PMT variables as well as 
BI. All constructs were measured on a five-point Likert scale (1 = strongly disagree, 
5 = strongly agree). Overall, mean values ranged from moderate to high, indicating 
generally favorable perceptions of AI-supported GBL among PSTs. In particular, 
performance expectancy, hedonic motivation, self-efficacy, and BI exhibited rela-
tively high mean scores, suggesting that PSTs perceived AI-supported GBL as useful, 
enjoyable, and manageable for future instructional practice.

Standard deviations indicated adequate variability across constructs, supporting 
their suitability for subsequent SEM analyses. Examination of skewness and kurto-
sis values (reported in Sect. 3.3) indicated no substantial departures from normality. 
Bivariate correlations among constructs are reported in Table 3 and provide prelimi-
nary evidence of theoretically consistent associations among UTAUT-2, PMT, and 
BI variables.

Together, these descriptive results establish an appropriate empirical foundation 
for the subsequent model fit comparisons and structural analyses.

4.2  Comparative evaluation of model fit and explanatory power for PMT, 
UTAUT-2, and the combined model

To evaluate the relative adequacy of the competing theoretical frameworks, SEM 
was conducted separately for the UTAUT-2, PMT, and the integrated UTAUT-2–
PMT models. Model evaluation followed established SEM reporting standards, using 
multiple fit indices to assess absolute and incremental fit: the chi-square to degrees 
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of freedom ratio (χ²/df), Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), 
Root Mean Square Error of Approximation (RMSEA), and Standardized Root Mean 
Square Residual (SRMR). In line with conventional guidelines, χ²/df values below 
3.0, CFI and TLI values ≥ 0.90, and RMSEA and SRMR values ≤ 0.08 were inter-
preted as indicating acceptable to good model fit. In addition to model fit, explanatory 
power was assessed using the proportion of variance explained in BI (R²).

As reported in Table 5, all three models demonstrated acceptable fit to the data, indi-
cating that each framework provides a theoretically meaningful explanation of PSTs’ 
intentions to adopt AI-supported GBL. However, clear differences emerged in both 
model fit and explanatory power. The integrated UTAUT-2–PMT model exhibited 
the most favorable fit indices (χ²/df = 1.92; CFI = 0.93; TLI = 0.95; RMSEA = 0.054; 
SRMR = 0.053) and explained the largest proportion of variance in BI (R² = 0.71).

By comparison, the standalone UTAUT-2 model also demonstrated strong fit (χ²/
df = 2.10; CFI = 0.92; TLI = 0.93; RMSEA = 0.058; SRMR = 0.052), accounting for 
63% of the variance in BI. The PMT model showed acceptable but comparatively 
weaker fit (χ²/df = 2.37; CFI = 0.91; TLI = 0.92; RMSEA = 0.063; SRMR = 0.059) 
and substantially lower explanatory power (R² = 0.41). Although the models are not 
strictly nested and formal χ² difference testing was therefore not appropriate, addi-
tional comparison using information criteria further supported the superiority of the 
integrated model. Specifically, the integrated model demonstrated the lowest AIC 
(1384.72) and BIC (1512.43) values relative to the UTAUT-2 model (AIC = 1468.35; 
BIC = 1589.27) and the PMT model (AIC = 1521.88; BIC = 1638.94). Because lower 

Table 5  Model fit indices and explanatory power for UTAUT-2, PMT, and the integrated model
Model χ²/df CFI TLI RMSEA SRMR R² (BI) AIC BIC
UTAUT-2 2.10 0.92 0.93 0.058 0.052 0.63 1468.35 1589.27
PMT 2.37 0.91 0.92 0.063 0.059 0.41 1521.88 1638.94
Integrated Model 1.92 0.93 0.95 0.054 0.053 0.71 1384.72 1512.43

Construct Framework Items 
(n)

Mean SD

Performance Expectancy 
(PE)

UTAUT-2 3 4.20 0.90

Effort Expectancy (EE) UTAUT-2 4 3.93 0.99
Social Influence (SI) UTAUT-2 3 3.70 1.06
Facilitating Conditions 
(FC)

UTAUT-2 4 3.70 1.01

Hedonic Motivation (HM) UTAUT-2 3 4.10 0.90
Price Value (PV) UTAUT-2 3 3.80 1.00
Habit (HT) UTAUT-2 3 3.37 1.08
Perceived Severity (PS) PMT 5 3.36 1.07
Perceived Vulnerability 
(PVul)

PMT 3 3.10 1.13

Self-Efficacy (SE) PMT 3 3.97 0.99
Response Efficacy (RE) PMT 4 3.88 0.97
Behavioral Intention (BI) Outcome 3 4.20 0.90

Table 4  Descriptive statistics 
for study constructs

All constructs were measured 
on a five-point Likert scale 
(1 = strongly disagree, 
5 = strongly agree). Reliability 
and validity indices (α, CR, 
AVE) are reported in Sect. 3.3 
and Table 2. Inter-construct 
correlations are presented in 
Table 3
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AIC and BIC values indicate better relative model fit while penalizing model com-
plexity, these results provide further evidence that the integrated UTAUT-2–PMT 
framework offers the most parsimonious and explanatory representation of PSTs’ 
adoption intentions.

Taken together, these findings support a multidimensional view of AI-supported 
GBL adoption, suggesting that PSTs’ intentions are shaped not only by perceived 
usefulness, enjoyment, and institutional support, but also by perceived risks and con-
fidence in managing AI-related challenges.

4.3  SEM-based evaluation of adoption determinants for AI-supported game-
based learning environments

4.3.1  Results of UTAUT 2 model

The SEM analysis based on the UTAUT-2 framework provided detailed insight into 
the determinants shaping PSTs intentions to adopt AI-supported GBL. As presented 
in Table  6 and illustrated in Fig.  2, all hypothesized UTAUT-2 paths to BI were 
statistically significant, confirming the relevance of motivational, contextual, and 
experiential factors in explaining AI-supported GBL adoption. Importantly, the mag-
nitude of effects varied considerably across constructs, indicating differential practi-
cal importance rather than uniformly strong influences.

Habit emerged as the strongest predictor of BI (β = 0.41, p <.001), indicating that 
PSTs who routinely engage with educational technologies are substantially more 
inclined to adopt AI-supported GBL. Hedonic motivation also exerted a strong posi-
tive effect (β = 0.29, p =.004), suggesting that enjoyment and intrinsic engagement 
play a central role in shaping adoption intentions. Performance expectancy demon-
strated a significant positive influence (β = 0.26, p =.008), highlighting that PSTs’ per-
ceptions of instructional usefulness and learning enhancement remain critical drivers 
of adoption.

In addition, effort expectancy (β = 0.19, p =.022), social influence (β = 0.15, p 
=.030), facilitating conditions (β = 0.14, p =.017), and price value (β = 0.11, p =.042) 
all showed statistically significant but comparatively smaller positive effects on BI. 
These findings suggest that perceived ease of use, social endorsement, institutional 
support, and affordability contribute meaningfully to adoption decisions, although 
their influence is secondary to habitual use, enjoyment, and perceived usefulness.

Table 6  Structural path estimates for the UTAUT-2 model predicting BI
Path Std. β p-value 95% CI (LL) 95% CI (UL) f² Effect size
HT → BI 0.41 < 0.001 0.34 0.48 0.26 Medium
HM → BI 0.29 0.004 0.21 0.37 0.18 Medium
PE → BI 0.26 0.008 0.18 0.34 0.16 Medium
EE → BI 0.19 0.022 0.08 0.29 0.09 Small
SI → BI 0.15 0.030 0.05 0.25 0.07 Small
FC → BI 0.14 0.017 0.06 0.23 0.06 Small
PV → BI 0.11 0.042 0.02 0.21 0.05 Small
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To evaluate the stability and substantive impact of these relationships, a bootstrap-
ping procedure with 5,000 resamples was conducted to estimate bias-corrected 95% 
confidence intervals (CIs) and Cohen’s f² effect sizes. All significant paths remained 
stable within their confidence intervals, indicating robust parameter estimates. Habit 
exhibited a medium effect size (f² = 0.26, 95% CI [0.19, 0.33]), followed by hedonic 
motivation (f² = 0.18, 95% CI [0.11, 0.26]) and performance expectancy (f² = 0.16, 
95% CI [0.08, 0.23]), both reflecting medium effects. In contrast, social influence (f² 
= 0.07) and price value (f² = 0.05) demonstrated small but statistically meaningful 
effects, underscoring their supportive rather than central role in explaining BI.

Collectively, these results indicate that PSTs’ intentions to adopt AI-supported 
GBL are driven primarily by habitual technology use, intrinsic motivation, and per-
ceived instructional value, while contextual and economic considerations exert more 
modest influence. Although all UTAUT-2 predictors reached statistical significance, 
the observed variation in effect sizes highlights the uneven contribution of individual 
constructs within the adoption process.

From an applied perspective, these findings suggest that initiatives aimed at pro-
moting AI-supported GBL adoption in teacher education should prioritize fostering 
habitual engagement with educational technologies and enhancing enjoyment and 
perceived usefulness during training. Institutional efforts that improve usability, peer 
support, and access to resources may further strengthen adoption intentions, although 
financial considerations appear to play a comparatively secondary role. While sub-
group differences (e.g., by gender or academic year) were not examined in the pres-
ent analysis, the primary objective was to establish the relative strength of core 

Fig. 2  Standardized path coef-
ficients for the UTAUT-2 model 
predicting PSTs’ adoption 
intentions of AI-supported GBL 
environments
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UTAUT-2 determinants; future research may extend this work by testing moderating 
effects across demographic or experiential groups.

4.3.2  Results of PMT framework

The SEM analysis based on the PMT framework provided focused insight into the 
psychological mechanisms underlying PSTs’ intentions to adopt AI-supported GBL 
under conditions of perceived risk and uncertainty. As involved in Table 7; Fig. 3, all 
PMT constructs exhibited statistically significant relationships with BI, supporting 
the theoretical adequacy of PMT for explaining adoption decisions involving emerg-
ing and potentially uncertain technologies.

Among threat appraisal components, perceived severity demonstrated a positive 
association with BI (β = 0.27, p <.05), indicating that PSTs who recognize the instruc-
tional and professional risks associated with not adopting advanced digital tools are 
more inclined to adopt AI-supported GBL. Perceived vulnerability also showed a sig-
nificant positive effect (β = 0.22, p <.05), suggesting that PSTs who feel susceptible 
to falling behind in technology-enhanced teaching contexts report stronger adoption 
intentions. Although both constructs were statistically significant, their effects were 
modest in magnitude, indicating that risk awareness alone is insufficient to drive 
adoption without accompanying coping resources.

Table 7  Structural path estimates for the PMT model predicting BI
Path Std. β p-value 95% CI (LL) 95% CI (UL) f² Effect size
SE → BI 0.32 < 0.05 0.24 0.40 0.22 Medium
RE → BI 0.29 < 0.05 0.21 0.37 0.17 Medium
PS → BI 0.27 < 0.05 0.18 0.35 0.15 Medium
PVul → BI 0.22 < 0.05 0.12 0.31 0.09 Small
RC → BI −0.18 < 0.05 −0.27 −0.08 0.11 Small

Fig. 3  Standardized path 
coefficients for the PMT model 
predicting PSTs’ adoption 
intentions of AI-supported GBL 
environments
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Coping appraisal variables exhibited comparatively stronger effects. Self-effi-
cacy emerged as the most influential PMT predictor (β = 0.32, p <.05), underscoring 
the critical role of PSTs’ confidence in their ability to effectively use AI-supported 
GBL. Response efficacy also demonstrated a substantial positive association with 
BI (β = 0.29, p <.05), reflecting PSTs’ belief that AI-supported GBL can effectively 
enhance pedagogical outcomes and mitigate instructional challenges. In contrast, 
response cost exerted a significant negative effect on BI (β = −0.18, p <.05), indicat-
ing that perceived barriers—such as time investment, technical complexity, or poten-
tial classroom disruption—reduce willingness to adopt AI-supported GBL.

To evaluate the robustness and substantive importance of these relationships, 
bootstrapping with 5,000 resamples was employed to estimate bias-corrected 95% 
confidence intervals (CIs) and Cohen’s f² effect sizes. All significant paths remained 
stable within their confidence intervals, indicating that the observed effects were not 
sample-specific. Self-efficacy demonstrated the largest effect size (f² = 0.22, 95% CI 
[0.14, 0.29]), reflecting a medium effect, followed by response efficacy (f² = 0.17, 
95% CI [0.10, 0.25]) and perceived severity (f² = 0.15, 95% CI [0.08, 0.22]), both 
also indicating medium effects. Perceived vulnerability contributed a small but sta-
tistically meaningful effect (f² = 0.09), while response cost showed a small negative 
effect (f² = 0.11), confirming its role as an inhibitory factor.

Collectively, these findings highlight that while threat appraisal processes increase 
awareness and urgency, coping appraisal mechanisms, particularly self-efficacy and 
response efficacy, play a more decisive role in shaping PSTs’ adoption intentions. The 
presence of a significant negative effect for response cost further demonstrates that 
psychological resistance is not merely the absence of motivation but an active evalu-
ative process involving perceived effort and disruption.

From an applied perspective, these results suggest that promoting AI-supported 
GBL adoption among PSTs requires more than emphasizing risks associated with 
non-adoption. Teacher-education programs should prioritize strengthening PSTs’ 
confidence in their ability to manage AI-based instructional tools and reinforcing 
the perceived effectiveness of these technologies in real classroom contexts. Simul-
taneously, reducing perceived response costs through scaffolded training, technical 
support, and realistic implementation scenarios may mitigate resistance and foster 
more sustainable adoption. By addressing both threat- and coping-related cognitions, 
institutions can better support PSTs’ informed and confident engagement with AI-
supported GBL.

4.3.3  Results of combined model

Response cost was initially specified in the integrated model alongside other PMT 
constructs. However, preliminary diagnostics indicated substantial shared variance 
between response cost and effort expectancy (VIF > 5.0), raising concerns regard-
ing multicollinearity and unstable parameter estimates. To preserve model stability 
and interpretability, response cost was therefore excluded from the final integrated 
model. Importantly, the remaining PMT constructs retained significant and indepen-
dent explanatory power, indicating that protective and coping appraisals continued to 
contribute meaningfully to adoption intention beyond motivational factors.
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The SEM analysis of the integrated model, incorporating both UTAUT-2 and PMT 
constructs, provides a comprehensive account of the factors shaping PSTs’ intentions 
to adopt AI-supported GBL. As presented in Table 8 and in Fig. 4, all retained con-
structs from both frameworks exhibited statistically significant relationships with BI, 
confirming the complementary contribution of motivational–behavioral and protec-
tive–cognitive processes within a single explanatory model.

Table 8  Structural path estimates for the integrated UTAUT-2–PMT model predicting BI
Path Std. β p-value 95% CI (LL) 95% CI (UL) f² Effect size
HT → BI 0.32 < 0.05 0.25 0.39 0.24 Medium
SE → BI 0.22 < 0.05 0.15 0.29 0.20 Medium
HM → BI 0.25 < 0.05 0.17 0.33 0.18 Medium
PE → BI 0.21 < 0.05 0.14 0.28 0.16 Medium
RE → BI 0.19 < 0.05 0.11 0.26 0.14 Small
PS → BI 0.18 < 0.05 0.10 0.26 0.12 Small
PVul → BI 0.16 < 0.05 0.07 0.24 0.08 Small
EE → BI 0.14 0.021 0.04 0.23 0.07 Small
SI → BI 0.13 < 0.05 0.05 0.21 0.07 Small
FC → BI 0.12 < 0.05 0.04 0.20 0.06 Small
PV → BI 0.10 < 0.05 0.02 0.18 0.05 Small

Fig. 4  Structural model results for UTAUT-2, PMT, and integrated models
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Within the UTAUT-2 domain, habit remained the most influential predictor of 
BI (β = 0.32, p <.05), underscoring the central role of routinized technology use 
in sustaining adoption intentions even when psychological risk considerations are 
accounted for. Hedonic motivation (β = 0.25, p <.05) and performance expectancy 
(β = 0.21, p <.05) also demonstrated strong positive effects, indicating that enjoy-
ment and perceived pedagogical value continue to drive adoption in the presence 
of risk-related appraisals. Effort expectancy (β = 0.14, p =.021), social influence 
(β = 0.13, p <.05), facilitating conditions (β = 0.12, p <.05), and price value (β = 0.10, 
p <.05) exerted smaller but statistically meaningful effects, suggesting that contextual 
enablers remain relevant but secondary once habit and intrinsic motivation are estab-
lished. The attenuation of these effects relative to the standalone UTAUT-2 model 
likely reflects shared variance with PMT constructs, particularly self-efficacy and 
response efficacy, which capture overlapping perceptions of capability and instruc-
tional support. This pattern indicates a redistribution of explanatory variance across 
motivational and protective mechanisms rather than suppression, loss of relevance, 
or model misspecification.

Importantly, PMT constructs retained independent explanatory power in the 
integrated model. Self-efficacy emerged as the strongest PMT predictor (β = 0.22, 
p <.05), indicating that PSTs’ confidence in their ability to implement AI-supported 
GBL continues to shape adoption decisions even when motivational drivers are con-
sidered. Response efficacy (β = 0.19, p <.05) further contributed to BI, reflecting 
PSTs’ belief that AI-supported GBL can effectively address instructional challenges. 
Perceived severity (β = 0.18, p <.05) and perceived vulnerability (β = 0.16, p <.05) 
also remained significant, though with comparatively smaller effects, suggesting that 
threat awareness plays a supporting rather than dominant role once coping resources 
are perceived as adequate.

Bootstrapping with 5,000 resamples was conducted to evaluate the stability and 
magnitude of these effects. All significant paths remained stable within their bias-
corrected 95% confidence intervals. Habit demonstrated the largest effect size (f² = 
0.24, 95% CI [0.16, 0.32]), reflecting a medium effect, followed by self-efficacy (f² 
= 0.20, 95% CI [0.13, 0.27]), hedonic motivation (f² = 0.18, 95% CI [0.10, 0.25]), 
and performance expectancy (f² = 0.16, 95% CI [0.09, 0.22]), all indicating medium 
effects. Social influence (f² = 0.07), facilitating conditions (f² = 0.06), and price value 
(f² = 0.05) yielded small yet statistically meaningful effects, reinforcing their role as 
contextual facilitators rather than primary drivers.

Among PMT variables, response efficacy (f² = 0.14) and perceived severity (f² = 
0.12) exhibited small but meaningful effects, whereas perceived vulnerability con-
tributed a smaller effect (f² = 0.08). Although these effects are modest relative to 
the strongest predictors, their significance indicates that threat appraisal remains a 
relevant component of adoption decision-making. However, the comparatively larger 
effects of coping appraisals suggest that confidence in managing and benefiting from 
AI-supported GBL plays a more influential role than threat perception alone, particu-
larly when PSTs perceive sufficient institutional and personal support.

Comparison with the standalone models clarifies how the integrated framework 
reshapes the explanatory structure of behavioral intention. In the UTAUT-2–only 
model, adoption intention was primarily driven by approach-oriented determinants 
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such as habit, hedonic motivation, and performance expectancy, reflecting value-
based and experiential acceptance. In contrast, the PMT-only model emphasized 
coping-related beliefs—most notably self-efficacy and response efficacy—highlight-
ing the importance of perceived capability under conditions of uncertainty. When 
combined, these mechanisms do not merely accumulate but reorganize decision 
dynamics.

In the integrated model, habit, self-efficacy, hedonic motivation, and performance 
expectancy emerged as the dominant predictors, jointly accounting for the largest 
share of explained variance. This pattern indicates that PSTs’ adoption intentions 
are strongest when routinized engagement and intrinsic motivation are reinforced by 
confidence in coping with AI-supported GBL demands. Contextual and cost-related 
variables (e.g., social influence, facilitating conditions, price value) retained statis-
tical significance but exhibited attenuated effects, suggesting that their influence 
becomes secondary once core motivational and coping appraisals are established.

Importantly, perceived severity and vulnerability functioned as background moti-
vational triggers rather than primary drivers in the integrated model. Awareness of 
pedagogical or professional risks associated with non-adoption appears to support 
intention formation only when PSTs believe they possess adequate coping resources. 
Together, these mechanisms explain why the integrated UTAUT-2–PMT model 
accounted for a substantially larger proportion of variance in behavioral intention 
(R² = 0.71) than either standalone model. This improvement is not merely statistical 
but theoretical: the combined framework captures both approach-oriented motiva-
tions (habit, enjoyment, perceived usefulness) and avoidance- and coping-oriented 
evaluations (risk perception and confidence), providing empirical support for a dual 
decision logic underlying PSTs’ adoption of AI-supported GBL under conditions of 
uncertainty.

From a practical standpoint, these results indicate that strategies for promot-
ing AI-supported GBL adoption among PSTs should prioritize both motivational 
engagement and psychological readiness. Teacher education programs should sup-
port habit formation and intrinsic engagement while simultaneously strengthening 
PSTs’ self-efficacy and confidence in managing AI-related instructional risks. Institu-
tional investments in mentoring, targeted training, and supportive norms can further 
reinforce adoption by reducing uncertainty and perceived barriers. Addressing these 
motivational and coping mechanisms in tandem is likely to foster more sustainable, 
confident, and pedagogically grounded engagement with AI-supported GBL.

5  Discussion

This study demonstrates that PSTs’ intentions to adopt AI-supported GBL are shaped 
by a dual appraisal process rather than by a single motivational pathway. Adoption 
intention emerges from the joint influence of approach-oriented motivations (e.g., 
perceived value, enjoyment, routinized engagement) and protective appraisals related 
to perceived risk and coping capacity. This finding contributes to AI adoption litera-
ture by explaining why motivational readiness alone often fails to translate into inten-
tion in AI-mediated educational contexts characterized by pedagogical uncertainty, 
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consistent with cognitive appraisal theories emphasizing concurrent evaluation of 
anticipated gains and perceived threats (Rogers, 1983; Lazarus, 1991).

From a UTAUT-2 perspective, the strong effects of habit, hedonic motivation, and 
performance expectancy reflect an approach-oriented logic in which repeated tech-
nology engagement, intrinsic enjoyment, and anticipated instructional benefits foster 
openness toward AI-supported GBL. Habit emerged as the most influential predic-
tor, supporting UTAUT-2’s proposition that routinization shifts adoption from delib-
erative evaluation to automatic readiness (Venkatesh et al., 2012). However, given 
PSTs’ limited direct experience with AI-supported GBL, habit likely reflects general 
digital pedagogical routines or emerging professional identity rather than AI-specific 
automaticity. This interpretation extends prior UTAUT-2 research by suggesting that 
habit in teacher education may function as a proxy for normalized digital teaching 
practice rather than repeated use of a specific technology.

Hedonic motivation and performance expectancy further indicate that AI-sup-
ported GBL adoption is driven by instrumental–experiential alignment, whereby per-
ceived instructional utility and intrinsic enjoyment jointly shape adoption judgments 
(Venkatesh et al., 2012). In GBL contexts, enjoyment is not merely affective but 
signals perceived pedagogical compatibility between game-based design and instruc-
tional goals. Importantly, the influence of hedonic motivation suggests a potential 
pathway through which teachers’ affective orientations may shape instructional 
enactment quality—a theoretical implication that warrants direct empirical testing 
rather than causal inference.

Motivational drivers alone, however, were insufficient to explain adoption inten-
tion. PMT constructs—particularly self-efficacy and response efficacy—clarify the 
psychological conditions under which motivation translates into intention. PSTs who 
believed they could competently implement AI-supported GBL and who perceived 
such tools as instructionally effective were significantly more likely to intend adop-
tion. This finding extends prior AI adoption research by demonstrating that coping 
appraisal operates as a translation mechanism between perceived value and behav-
ioral intention under conditions of uncertainty, as theorized in Protection Motivation 
Theory (Maddux & Rogers, 1983; Floyd et al., 2000). Conversely, response cost 
constrained adoption, highlighting how perceived effort and implementation burden 
can suppress intention even when motivation is high.

The role of threat appraisal further refines PMT’s application in educational tech-
nology research. Perceived severity and vulnerability did not function as deterrents 
but as conditional motivators: awareness of pedagogical or professional risks asso-
ciated with non-adoption increased intention only when PSTs perceived sufficient 
coping resources. In AI-supported GBL, these risks extend beyond general AI con-
cerns to game-specific issues such as classroom control, curricular alignment, and 
instructional legitimacy. This pattern supports PMT’s core claim that threat appraisal 
promotes adaptive behavior only under favorable coping conditions (Rogers, 1983; 
Floyd et al., 2000) and helps explain inconsistent findings in prior risk-focused AI 
adoption studies.

Taken together, the findings show that AI-supported GBL adoption among PSTs is 
governed by a dual decision logic. Habitual engagement and intrinsic motivation cre-
ate readiness for adoption, while coping appraisals determine whether this readiness 
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can be enacted under perceived risk. Threat perceptions play a secondary, enabling 
role by increasing the salience of coping resources rather than directly driving or 
suppressing intention, consistent with PMT’s conditional threat hypothesis. This inte-
grated explanation advances the literature by moving beyond benefit-only or risk-
only models and offering a mechanism-based account of adoption in AI-mediated 
pedagogy.

Finally, the findings reflect self-reported perceptions of PSTs in Turkish public 
universities and should be interpreted within this institutional context. Program struc-
ture, curriculum emphasis on digital competence, and national policy frameworks 
may shape the relative salience of motivational and protective factors. Some con-
structs—particularly habit—may also partially reflect self-presentation tendencies in 
a population where technological competence is professionally valued. Although pro-
cedural safeguards were implemented, future research should validate these mecha-
nisms using longitudinal designs, behavioral indicators, and cross-cultural samples to 
assess their robustness across educational systems and career stages.

5.1  Theoretical implications

This study advances technology adoption theory by demonstrating that adoption of 
AI-supported GBL in teacher education is governed by a dual cognitive appraisal 
mechanism, in which approach-oriented motivational processes and avoidance-
oriented protective processes operate jointly rather than independently. While prior 
research has typically examined UTAUT-2 or PMT in isolation, the present find-
ings show that neither framework alone sufficiently explains adoption intention in 
AI-mediated pedagogical contexts characterized by uncertainty, complexity, and 
perceived instructional risk. Instead, adoption decisions reflect a coordinated evalua-
tion of anticipated pedagogical value and perceived capacity to manage risk, consis-
tent with broader cognitive appraisal theories of decision-making under uncertainty 
(Rogers, 1983; Maddux & Rogers, 1983; Lazarus, 1991).

A central theoretical contribution lies in clarifying how and when motivational 
drivers translate into behavioral intention. UTAUT-2 effectively explains why AI-sup-
ported GBL appears attractive—through perceived usefulness, intrinsic enjoyment, 
and routinized engagement—but provides limited insight into why such motivation 
does not always result in adoption. The present findings indicate that PMT fills this 
explanatory gap by modeling coping appraisal as a translation mechanism between 
motivation and intention. Specifically, self-efficacy and response efficacy condition 
whether perceived value and enjoyment culminate in adoption intention. This mecha-
nism helps explain inconsistencies reported in prior AI-in-education studies that rely 
solely on motivational acceptance models (Venkatesh et al., 2012; Selwyn, 2019) and 
extends recent calls to incorporate risk and uncertainty into technology acceptance 
research (Zawacki-Richter et al., 2019).

The prominence of habit further extends UTAUT-2 theory by suggesting that, in 
teacher education contexts, habit reflects more than repeated behavior. Given that 
most participants reported limited direct experience with AI-supported GBL, habit 
likely captures general digital pedagogical routinization and emerging professional 
identity rather than AI-specific automaticity. This interpretation aligns with sociocog-
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nitive perspectives emphasizing that repeated exposure during professional prepa-
ration normalizes technology use and shifts adoption from deliberative evaluation 
toward identity-consistent practice (Bandura, 1986; Du & Liang, 2024). The finding 
therefore refines the conceptualization of habit by situating it within professional 
socialization processes, rather than equating it solely with frequency of prior use.

Equally important is the role of self-efficacy, which emerged as the strongest pro-
tective predictor and a key point of integration between UTAUT-2 and PMT. While 
effort expectancy and facilitating conditions capture perceptions of system usability 
and external support, self-efficacy reflects internal beliefs about instructional control 
under uncertainty. The persistence of self-efficacy’s effect in the integrated model 
confirms PMT’s theoretical claim that coping appraisal exerts an independent influ-
ence on intention formation (Maddux & Rogers, 1983). This finding extends AI 
adoption research by demonstrating that confidence in managing pedagogical and 
technical uncertainty—not merely perceived ease of use—is central to adoption deci-
sions involving AI-supported instructional automation, consistent with recent AI-in-
education studies (Cheng et al., 2024; Ogegbo et al., 2024; Yildiz & Arpaci, 2024).

The behavior of threat appraisal variables (perceived severity and vulnerability) 
offers further theoretical insight. Contrary to assumptions that perceived risk uni-
formly deters adoption, the findings indicate that threat awareness can function as 
a motivational trigger when coping resources are perceived as sufficient. In AI-sup-
ported GBL contexts, such threats extend beyond abstract AI concerns to include 
risks specific to game-based pedagogy, such as classroom control, curricular align-
ment, and instructional legitimacy. This conditional role of threat appraisal aligns 
with PMT’s core proposition that perceived threat promotes adaptive behavior only 
under favorable coping conditions (Floyd et al., 2000) and helps reconcile mixed 
findings in prior studies regarding the role of perceived risk in educational technol-
ogy adoption (Alam et al., 2025; Japalaghi et al., 2025).

The attenuation of contextual variables (social influence, facilitating conditions, 
price value) in the integrated model further underscores the theoretical value of inte-
gration. Once core motivational and coping appraisals are accounted for, external 
enablers play a secondary role, suggesting that adoption in AI-supported GBL is 
primarily psychologically grounded rather than structurally driven within relatively 
homogeneous teacher education environments. This finding refines UTAUT-2 by 
indicating that contextual determinants may be most influential during early expo-
sure phases but diminish in importance once habit formation and coping confidence 
are established.

Collectively, these findings contribute three novel insights to the literature. First, 
they demonstrate that AI-supported GBL adoption reflects a dual appraisal process, 
rather than a purely benefit-driven or risk-driven decision. Second, they identify cop-
ing appraisal as the mechanism linking motivation to intention in AI-mediated edu-
cational contexts. Third, they refine the interpretation of habit and threat appraisal by 
situating them within professional identity formation and adaptive risk management, 
respectively.

At the same time, the integrated framework remains primarily individual-centric, 
highlighting a limitation shared by both UTAUT-2 and PMT. Socially embedded 
processes—such as communities of practice, institutional culture, and collaborative 
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sense-making—are not explicitly modeled, despite evidence that technology adoption 
in education is co-constructed through collective practice (Wenger, 1998; Ketelaar et 
al., 2012). Future theoretical extensions should therefore incorporate organizational 
and sociocultural moderators to complement the psychologically grounded mecha-
nisms identified in this study.

Finally, while the dual-process mechanism appears theoretically robust, the rela-
tive strength of specific predictors is likely context-sensitive. The observed config-
uration reflects PSTs operating within Turkish public universities characterized by 
centralized governance and structured digital competence curricula. Cross-cultural 
and longitudinal research is required to determine how institutional design and pro-
fessional socialization trajectories shape the balance between motivational and pro-
tective appraisals across educational systems.

5.2  Practical implications

The findings of this study offer several practical implications for teacher education 
faculties, policymakers, institutional support units, and educational technology pro-
viders seeking to promote the adoption of AI-supported GBL among PSTs. These 
implications are directly grounded in the strongest predictors identified in the inte-
grated model and emphasize feasible actions within authentic teacher education set-
tings. These recommendations should be interpreted in light of institutional resource 
constraints. In resource-limited contexts, self-efficacy–focused interventions—such 
as peer mentoring, low-cost simulations, and guided practice—may represent more 
feasible entry points than large-scale infrastructure investments. Prioritizing confi-
dence-building strategies before system-wide implementation may support gradual 
and sustainable adoption. Rather than proposing broad or aspirational recommenda-
tions, the discussion below focuses on implementable strategies that target the spe-
cific motivational and protective mechanisms shaping adoption intentions.

First, the dominant role of habit suggests that AI-supported GBL adoption is most 
effectively fostered through repeated and routine use rather than isolated training 
experiences. Teacher education faculties should therefore embed low-stakes AI-
supported GBL activities across multiple core courses, including instructional meth-
ods, educational technology, and practicum seminars. Requiring PSTs to design, 
adapt, and reflect on AI-supported GBL lessons in several courses can normalize 
technology use and promote automaticity, consistent with UTAUT-2’s emphasis on 
habitual behavior as a driver of sustained adoption. Importantly, such integration 
can be achieved through curricular coordination without requiring substantial new 
infrastructure.

Second, the strong influence of self-efficacy highlights the importance of provid-
ing PSTs with structured mastery experiences that build confidence in their ability to 
implement AI-supported GBL effectively. Teacher education programs should incor-
porate a scaffolded practicum component in which PSTs receive guided onboarding 
to AI-supported GBL tools, engage in microteaching activities with peer and instruc-
tor feedback, and participate in supervised classroom or simulated implementations 
followed by reflective discussion. These experiences directly address PMT’s cop-
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ing appraisal process by enhancing perceived competence and reducing uncertainty, 
thereby strengthening adoption intentions.

Third, the significant effects of hedonic motivation and performance expectancy 
indicate that AI-supported GBL environments must be perceived as both enjoyable 
and pedagogically valuable. Teacher educators and educational technology develop-
ers should collaborate to produce ready-to-use AI-supported GBL lesson materials 
that are aligned with curriculum outcomes and age-appropriate pedagogical goals. 
Demonstrating clear instructional benefits alongside engaging, game-based elements 
can reinforce both intrinsic enjoyment and perceived usefulness, increasing the like-
lihood that PSTs view AI-supported GBL as a meaningful addition to their future 
teaching practice rather than an experimental novelty.

The negative effect of response cost further underscores the need to minimize 
perceived barriers related to time, effort, and technical complexity. Universities and 
faculty support units can address this by providing pre-built lesson templates, simpli-
fied onboarding guides, and short troubleshooting resources that reduce preparation 
demands. In addition, offering rapid-response technical support during practicum 
periods can alleviate anxiety associated with implementation challenges. By lower-
ing response costs, institutions can directly counter avoidance-oriented appraisals 
emphasized in PMT and make adoption more sustainable under realistic workload 
conditions.

Although social influence and facilitating conditions demonstrated smaller effects 
in the integrated model, they remain relevant contextual enablers of adoption. Teacher 
education faculties can strengthen these factors by establishing informal peer mentor-
ing structures in which digitally confident PSTs support their peers in lesson plan-
ning and classroom implementation. Such peer-based support fosters collaborative 
learning and shared problem-solving without relying solely on top-down institutional 
pressure, aligning with the increasingly self-directed technology engagement pat-
terns observed among contemporary PSTs.

At the policy level, the findings suggest that national education authorities and 
accreditation bodies can play a critical role in legitimizing AI-supported GBL adop-
tion by explicitly incorporating related competencies into teacher education standards 
and practicum requirements. In the Turkish context, aligning AI-supported GBL with 
national teacher competency frameworks and providing centralized repositories of 
approved instructional resources could ensure equitable access and consistent imple-
mentation across institutions. Such policy alignment may also reduce uncertainty and 
enhance perceived institutional support, indirectly reinforcing adoption intentions.

5.3  Limitations and suggestions for future studies

Despite the theoretical and empirical contributions of this study, several limitations 
should be acknowledged to contextualize the findings and delineate appropriate 
directions for future research.

First, the study relied on self-reported behavioral intention rather than observed 
implementation behavior. Although behavioral intention is a central construct in tech-
nology adoption research, it represents an imperfect proxy for actual use. Meta-ana-
lytic evidence indicates that intentions typically account for only a limited proportion 
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of subsequent behavior variance in technology adoption contexts, underscoring the 
well-documented intention–behavior gap. Consequently, while the present findings 
clarify motivational and protective determinants of adoption intention, they do not 
guarantee sustained or effective classroom use of AI-supported GBL. Future studies 
should therefore incorporate observational designs, system log data, or classroom-
based usage indicators to examine how intentions translate into enacted pedagogical 
practice.

Second, the sampling context constrains the generalizability of the findings. 
Participants were predominantly drawn from public universities located in urban 
regions, many of which operate under centralized public funding models and possess 
relatively established educational technology infrastructure and curriculum-level 
digital competence requirements. These contextual features may limit transferability 
to rural institutions, under-resourced universities, private higher education settings, 
or alternative teacher preparation pathways where access to digital tools, institutional 
support, and pedagogical norms may differ substantially. Future research should 
employ stratified or multi-site sampling designs to capture institutional, regional, and 
infrastructural diversity.

Third, the cross-sectional design restricts causal inference and introduces temporal 
ambiguity among key constructs. Specifically, it cannot be determined whether habit-
ual technology engagement precedes and strengthens adoption intention, whether 
strong intention motivates repeated engagement that subsequently becomes habitual, 
or whether a bidirectional reinforcement process operates over time. Disentangling 
these competing explanations requires longitudinal panel designs, cross-lagged mod-
eling, or experience-sampling approaches capable of capturing dynamic adoption 
processes across developmental stages of technology use.

Fourth, although the sample size was adequate for structural equation mod-
eling, subgroup or multi-group analyses (e.g., by gender, academic year, or prior 
AI exposure) were not conducted. This was an intentional design decision aimed 
at establishing baseline model validity and main-effect stability for the integrated 
UTAUT-2–PMT framework. Examination of moderation effects requires theoreti-
cally specified subgroup hypotheses and balanced group sizes, and is therefore posi-
tioned as a second-phase research objective rather than an omitted analysis. Future 
studies should explicitly test whether the integrated model operates equivalently 
across demographic, experiential, or institutional subgroups.

Fifth, the study treated AI-supported GBL as a unified construct, without differen-
tiating among specific AI affordances embedded within game-based environments, 
such as adaptive difficulty adjustment, intelligent tutoring, generative feedback, learn-
ing analytics dashboards, or automated assessment. These AI-enabled features may 
differentially activate motivational (UTAUT-2) and protective (PMT) mechanisms 
within game-based instruction. For example, adaptive game systems may strengthen 
coping appraisals by reducing uncertainty and cognitive load, whereas generative 
feedback or AI-driven content creation may simultaneously enhance performance 
expectancy and increase perceived risk related to pedagogical control or instructional 
alignment. Disaggregating AI functionalities within GBL environments represents an 
important next step for refining theory and improving explanatory precision.
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Building on these limitations, future research directions can be organized into 
immediate priorities and longer-term extensions to support cumulative and feasible 
theory development. Immediate priorities include (a) longitudinal validation link-
ing adoption intention to observed classroom implementation, (b) cross-cultural and 
cross-institutional replication to test boundary conditions of the integrated frame-
work, and (c) experimental or quasi-experimental intervention studies targeting self-
efficacy enhancement and response cost reduction to establish causal mechanisms. 
Longer-term extensions should focus on (d) disaggregating AI-supported GBL into 
specific technological affordances, (e) incorporating organizational and social-con-
textual moderators such as institutional culture or communities of practice, and (f) 
examining emerging ethical and governance-related considerations—including data 
privacy, algorithmic transparency, and professional accountability—that are likely to 
reshape teachers’ adoption decisions as AI technologies evolve.

Together, addressing these limitations and priorities will strengthen the 
explanatory reach, causal validity, and practical relevance of research on AI-
supported GBL adoption in teacher education.

6  Conclusion

This study is the first to demonstrate that protective appraisals derived from PMT 
explain unique variance in AI-supported GBL adoption beyond motivational deter-
minants specified in UTAUT-2. Specifically, integrating coping and threat-related 
mechanisms increased explanatory power by 11% over the standalone UTAUT-2 
model, revealing that awareness of technological and professional risk contributes 
to adoption intention when accompanied by strong coping confidence. These find-
ings indicate that AI-related technology adoption in teacher education is not solely 
benefit-driven but reflects a dual-process mechanism in which approach-oriented 
motivations and protective appraisals operate jointly.

Theoretically, the study advances adoption research by moving beyond parallel 
model comparisons toward mechanism-based integration. While UTAUT-2 explains 
openness to AI-supported GBL through perceived value, enjoyment, and routinized 
engagement, PMT clarifies the psychological conditions under which such motiva-
tion translates into intention—namely, when educators believe they can competently 
manage AI-related uncertainty and instructional demands. This combined perspec-
tive contributes to technology acceptance theory by showing that threat awareness 
does not necessarily deter adoption; rather, under high coping appraisal conditions, 
it can function as a motivational catalyst. Although the specific ranking of predic-
tors may vary across institutional and cultural contexts, the dual-process mechanism 
whereby motivational and protective factors jointly shape adoption appears theoreti-
cally robust.

At the same time, the empirical results are context-sensitive. The sample consisted 
of PSTs enrolled in urban public universities operating within centralized funding 
structures and established digital competence curricula. In settings characterized by 
limited infrastructure, decentralized governance, or differing professional norms, the 
relative salience of habit, efficacy beliefs, or contextual enablers may shift. Thus, 
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while the integrated explanatory mechanism is likely generalizable at a theoretical 
level, its empirical configuration may vary across institutional environments.

Future research should pursue longitudinal validation linking intention to observed 
classroom implementation, cross-cultural and cross-institutional replication, theo-
retically grounded subgroup moderation analyses, disaggregation of AI affordances 
(e.g., adaptive systems, intelligent tutoring, generative tools), and intervention stud-
ies targeting self-efficacy development and habit formation. Such work will refine 
causal understanding and clarify how specific AI features activate motivational and 
protective processes differently.

Beyond theoretical contribution, this study offers applied guidance for teacher 
education and policy. The findings provide evidence-based direction for designing 
interventions that simultaneously enhance perceived pedagogical value and reduce 
perceived risk. Researchers should extend this integrated framework across diverse 
contexts and AI types, while teacher education programs should prioritize scaffolded, 
repeated AI-supported GBL experiences that build both competence and confidence. 
By addressing both motivational incentives and coping resources, institutions can 
foster more sustainable and psychologically grounded engagement with AI-mediated 
instructional innovation.
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