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ABSTRACT  
Aim/Purpose The study investigates the factors influencing the acceptance and utilisation of 

large language models (LLMs) (predictor variables of LLM usage), such as 
ChatGPT, in Learning design by instructional designers and university-teaching 
academics from various countries. 

Background Large language models (LLMs) have exploded onto the scene, transforming the 
landscape of learning design. Instructional designers and university teaching ac-
ademics have been overburdened with content creation for their teaching pro-
grammes, and the arrival of LLM models will help in this regard by developing 
more interactive content that drives student engagement and, in turn, contrib-
utes to student success. Since LLMs are a relatively new phenomenon, little is 
known about the factors influencing their acceptance in learning design; there-
fore, this research is needed, as learning design principles are the bedrock of 
student engagement and success. 

Methodology A cross-sectional correlational quantitative study was employed. Data was col-
lected using an online questionnaire posted on social media, including LinkedIn, 
from 203 instructional designers and university teaching academics. Purposive 
and snowball sampling methods were used to target instructional designers and 
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university teaching academics at colleges and universities worldwide. Partici-
pants were asked to share the survey link with fellow instructional designers and 
university-teaching academics in their communities. The factor structure of the 
data was determined using exploratory factor analysis. Nonetheless, the factor 
structure derived from the LLMs did not entirely reflect the original configura-
tion of the Unified Theory of Acceptance and Use of Technology (UTAUT3), 
as certain predictors appeared to coalesce, indicating LLMs’ unique nature in 
learning design. Confirmatory factor analysis was used to verify the fit of the 
data on the measurement model. First-order and second-order structural model-
ling were used to identify the structural relationships among the variables. 

Contribution The study determines significant factors for the acceptance of LLMs by instruc-
tional designers and academic teaching staff in learning design, enabling possi-
ble opportunities for best practices in the field through interventions to opti-
mize LLM usage. The study applies the technology acceptance model to the 
emerging LLM technology and extends the technology acceptance model by 
adding the trust construct as a predictor variable. 

Findings The structural analysis results indicated that the ingrained LLM practices, LLM 
peer-driven expectations, innovative propensity towards LLM adoption, reliabil-
ity and provider trust in LLMs, and ease of use and support influenced per-
ceived LLM benefits and usage, but community standards and infrastructure 
had no influence. The second-order structural equation modelling indicated that 
perceived LLM benefits and usage and ingrained LLM habits contributed most 
to the learning design. 

Recommendations  
for Practitioners 

Teaching academics and instructional designers must use LLMs in designing 
content, assessments, and interactive learning activities, and attend LLM train-
ing workshops on prompting and best practices in integrating LLMs into learn-
ing and teaching to see their benefits; hence, regular use of LLMs will then lead 
to trust and innovation in LLMs usage, enhancing learning design and improv-
ing student learning outcomes.  

Recommendations  
for Researchers  

Researchers must use mixed methods approaches to have a deeper understand-
ing of the factors influencing LLMs. Since habit and perceived LLM benefits 
and usage contributed the most variance to learning design, researchers must in-
vestigate strategies that optimise these factors in learning design, such as effec-
tive intervention strategies that can help form positive LLM habits. In addition, 
the findings provide researchers with a starting point for future research. Fur-
ther researchers must investigate interventions that optimise the influence of 
personal innovativeness and trust that contributed the least variance to learning 
design, hence unlocking the potential of LLMs in learning design through inno-
vation, responsible, and ethical use.  

Impact on Society The use of LLMs in learning design has a high possibility of transforming edu-
cation, specifically the learning design landscape. Using LLMs will free up more 
time for teaching academics and instructional designers so that they spend more 
time on higher-order thinking skill demands. Consequently, the students will be 
exposed to more engaging and interactive content, resulting in improved learn-
ing outcomes. 

Future Research Future research must include context-derived external variables in technology 
acceptance models, such as levels of prompting competencies, to provide a 
deeper understanding of LLMs. In addition, future research must be based on 
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the application and impact of LLMs on student engagement and success, and 
their attainment of 21st-century skills. 

Keywords artificial intelligence, large language models, instructional design, teaching aca-
demics, learning design, habit, social influence  

INTRODUCTION 
Recently, Artificial intelligence (AI), specifically large language models (LLMs), such as ChatGPT 
(Generative Pretrained Transformer), have taken the world by storm (Elkins et al., 2023; García-
Méndez et al., 2025; Köpf et al., 2023; Lanzi & Loiacono, 2023; Pan et al., 2023). The emergence of 
these language models (LLMs) has created many learning design opportunities (Yang & Stefaniak, 
2025), particularly for instructional designers and university teaching academics(instructors) involved 
in content development for teaching and learning in higher education. Instructional designers work 
with subject matter experts (SMEs), usually academic teaching staff, to develop learning processes 
and align them with best pedagogical practices (Pollard & Kumar, 2022). Learning design is a frame-
work that captures a learning event’s teaching and learning processes (Koper, 2005, 2006), where 
good learning designs lead to student engagement and academic gains (Nguyen et al., 2018).  

LLMs are revolutionising how instructional designers design and instructors develop and deliver in-
structional content (Baytak, 2023; de Fine Licht, 2023; Greene-Harper, 2023; Meyer et al., 2023). For 
instance, LLMs can be efficiently used to create authentic learning materials such as learning objec-
tives, quizzes, videos, rubrics, assessments, and course outlines (Gibson, 2023; Harvey et al., 2025; 
Kasneci et al., 2023; Kereselidze, 2023; Meyer et al., 2023; Stone, 2023; Veletsianos, 2023). LLMs 
generate high-quality content and thus decrease the cognitive load when creating questions (Elkins et 
al., 2023). However, teaching academics expressed concerns about imprecise citations and sources(in-
accurate) (Hennekeuser et al., 2025). In addition, LLMs save time or lessen the workloads in content 
preparation (Bissessar, 2023; Bonner et al., 2023; Elkins et al., 2023; Sağın et al., 2024; Sridhar et al., 
2023; Yadav, 2023). The freeing of time means that instructional designers or instructors can now 
concentrate on designing high-order thinking activities (Beale, 2025; Bolick & Da Silva, 2024; Gib-
son, 2023). 

While LLMs hold immense potential for creating accurate content for teaching and learning, they 
have challenges or limitations that may dissuade instructional designers or instructors from using 
them. These challenges include plagiarism, misinformation, bias, privacy, ethical, and copyright issues 
that are inherent in LLMs (Abd-alrazaq et al., 2023; Kasneci et al., 2023; Meyer et al., 2023; Niemi et 
al., 2023; Pan et al., 2023; Sallam, 2023; Woo et al., 2024; Yadav, 2023; Yang & Stefaniak, 2025). Bias 
concerns about the accuracy and reliability of the generated outputs prevent instructional designers 
and instructors from extensive use of LLMs (Leiker et al., 2023; Yang & Stefaniak, 2025). Conse-
quently, awareness of these LLM limitations or potential violations may force instructional designers 
and university teaching academics not to accept and use LLMs (Kasneci et al., 2023; Niemi et al., 
2023; Pan et al., 2023). In addition, a lack of technical know-how in using LLMs may deter adoption 
(Hadi et al., 2023; Long & Magerko, 2020), and the converse holds. For instance, a lack of or limited 
prompt engineering (programming in natural language) skills, artificial intelligence literacies strategies, 
and critical thinking skills may lead to unreliable and potentially misleading outputs, further fuelling 
reliability worries (Bolick  & Da Silva, 2024; Chang et al., 2023; Kasneci et al., 2023; Yadav, 2023) 
leading to instructional designers maintaining a cautious outlook toward LLM reliability (McNeill et 
al., 2025). Several authors (Eager & Brunton, 2023; Reynolds & McDonell, 2021; Wu et al., 2022; 
Zamfirescu-Pereira et al., 2023) emphasised the importance of sound, prompt engineering skills as a 
panacea for generating accurate content. Knowing when to apply a zero-shot (which does not have 
an example), one-shot prompt (which has one example) or few-shot prompt (which has examples) to 
improve the accuracy and reliability of content (Elkins et al., 2023; Reynolds & McDonell, 2021; 
Russe et al., 2024) or a chain prompt where the output of one step becomes the input of the other 
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and then aggregating the outputs of the steps (Wu et al., 2022) or when to use high or lower tempera-
ture output (Wu et al., 2022; Yadav, 2023) is important for generating accurate content for complex 
tasks such as assessments (Eager & Brunton, 2023). A lack of these skills may frustrate instructional 
designers or instructors when they get inaccurate outputs, compelling them not to use LLMs, and the 
converse holds (Yadav, 2023). Zamfirescu-Pereira et al. (2023) reported that designing effective 
prompts is a huge challenge to content output accuracy. The fact that LLMs are somehow inaccurate 
contributes to instructional designers’ and instructors’ poor adoption of LLMs. As a result, some in-
structional designers or instructors may prefer to use peer-reviewed databases such as Google 
Scholar from the outset. Furthermore, since LLMs are relatively new, some instructional designers 
are sceptical of their capabilities (Sridhar et al., 2023). High traffic-induced unavailability encountered 
when using LLMs, such as ChatGPT (Filipec & Woithe, 2023), is another deterrent to LLM adop-
tion. 

The successful adoption of LLM will also depend on biographical factors. Draxler et al. (2023) re-
ported that males had a greater and statistically significant difference than females in LLM adoption. 
In the same study, younger people had a greater and statistically significant effect on LLM usage than 
older people (Draxler et al., 2023). Hence, understanding the disparities in the influence of biograph-
ical factors will help design effective interventions to promote equitable access and benefits to all in 
LLM usage. 

This study investigates the factors influencing the adoption of LLMs by instructional designers and 
university teaching academics(instructors). This study is important because, as LLMs become preva-
lent, it is important to understand the factors that drive their acceptance and use in education, paving 
the way for how they can be optimised for teaching and learning, used responsibly and ethically, thus 
improving student learning outcomes through increased engagement (S. Wang et al., 2024) while in-
forming policy and practice. Further, understanding the acceptance of LLMs in learning design will 
pave the way for best practices and guidelines in the field, and a good understanding of the signifi-
cant factors will help to design LLM-based training and support resources that meet the needs of in-
structional designers and university academics. Besides, understanding acceptance and use patterns 
enables continuous improvement in LLM technologies to serve educational needs better. This study 
will also determine the applicability of the Unified Theory of Acceptance and Use of Technology 3 
(UTAUT3) to an emerging technology of artificial intelligence in learning design.   

Since LLMs are a relatively new phenomenon, there is a dearth of literature on the acceptance of 
LLMs in learning design, especially for instructional designers (Luo et al., 2025; Pereira et al., 2024). 
In addition, Kumar et al. (2024) reported that there is scarce literature on how instructional designers 
use LLMs in their practices. While descriptive studies on instructional designers’ use of large language 
models (LLMs) are available (e.g., Luo et al., 2025), few investigations have employed established 
technology adoption frameworks such as UTAUT3, hence limiting the understanding of the factors 
that drive the use and acceptance of LLMs (McNeill et al., 2025). In addition, few studies have em-
ployed a purely quantitative approach to examine instructional designers’ use of AI, limiting general-
izable insights into adoption patterns and influencing factors (Avedzi, 2025). However, studies on 
using LLMs for instructors in higher education have mushroomed on the scene (Bhat et al., 2024; 
Camilleri, 2024; Hennekeuser et al., 2025; Shahzad et al., 2024; Soodan et al., 2024). Because instruc-
tional designers serve as institutional change agents and play a pivotal role in leading the adoption of 
LLMs in teaching and learning, research into their use of LLMs is timely and essential (Bond et al., 
2023; Kumar et al., 2024). Accordingly, the research questions that will guide this study are: 

• What factors influence instructional designers’ and instructors’ behavioural intentions and 
use of LLMs in learning design? 

• How do the resultant individual factors contribute to Learning design? 
• How do factors like age, gender, and qualification moderate the variables in LLM adoption? 
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We employed a cross-sectional quantitative study using structural equation modelling to analyse the 
data to investigate the acceptance of LLMs by instructional designers and teaching academics. This 
study uses an extended version of the UTAUT3 model, integrating trust in LLM providers and trust 
in LLMs as additional predictors. Our key findings indicate that the combined influence of ingrained 
LLM habits and social influence, perceived LLM benefits, and usage (PEBIBU) contributed most to 
learning design. In contrast, trust in LLM had the least contribution to learning design. 

LITERATURE REVIEW 
LLMs use natural language processing (NLP), a machine learning strand, to analyse and interpret 
texts and images (Krupp et al., 2023; Niemi et al., 2023; Pan et al., 2023; Salas-Pilco et al., 2022). Nat-
ural language processing (NLP) uses statistical patterns to predict, interpret, and generate text and 
meaning (Bonner et al., 2023; Pan et al., 2023). LLMs were trained on vast amounts of web data and 
have emerged as powerful NLPs (Bonner et al., 2023; Kasneci et al., 2023; Liu et al., 2023; Y. Wang 
et al., 2023). 

When used effectively, LLMs foster the development of higher-order thinking skills and creativity, 
which are desired tools for designing dynamic and engaging learning experiences (Kereselidze, 2023). 
While LLMs have proved to be effective in content generation and many other tasks (Bonner et al., 
2023; Kasneci et al., 2023; Liu et al., 2023; Tam et al., 2023; Y. Wang et al., 2023; Yang & Stefaniak, 
2025), they have limitations. For instance, LLMs are prone to hallucinating (generating misleading or 
false information) if they do not understand complex queries (Chang et al., 2023; Strzelecki, 2023; 
Tam et al., 2023). The limitations can be primarily attributed to inaccurate or biased training data 
(Beale, 2025; Kaddour et al., 2023; Leiker et al., 2023; Menon & Shilpa, 2023; Moore et al., 2023; Y. 
Wang et al., 2023). The LLMs are based on probability prediction of text (Bonner et al., 2023; Pan et 
al., 2023) and are not 100% accurate and reliable (Yadav, 2023). In addition, LLMs may be using out-
dated information (Kaddour et al., 2023; Liu et al., 2023).  

LLMs also perpetuate and amplify biases present in training data (Beale, 2025; Kasneci et al., 2023; 
Pan et al., 2023), leading to inaccurate information and unfairness towards other vulnerable groups 
(Hadi et al., 2023; Kasneci et al., 2023; Pan et al., 2023). Bias concerns about the accuracy and relia-
bility of the generated outputs may curtail LLM usage (Kozan et al., 2025; Leiker et al., 2023). How-
ever, with human oversight to mitigate bias, the LLMs can be significantly accurate and reliable 
(Ayanwale et al., 2022; Hadi et al., 2023; Kasneci et al., 2023; Krupp et al., 2023; Tam et al., 2023; 
Yadav, 2023). For instance, lowering the temperature of the model (Yadav, 2023), fine-tuning the 
model (Yadav, 2023), and using proper prompt engineering strategies such as chunking (chain 
prompting) (Beale, 2025; Malik et al., 2025; Wu et al., 2022) and roleplaying (few-shots prompting) 
(Eager & Brunton, 2023; Reynolds & McDonell, 2021) mitigate problems of hallucinations (Hadi et 
al., 2023; Woo et al., 2024).   

Before the advent of LLMs, instructional designers and university teaching staff were overburdened 
with tasks such as gathering and synthesising information and providing timely feedback during mod-
ule designing and teaching, respectively (Alkafaween et al., 2025; Hennekeuser et al., 2025; He-Yueya 
et al., 2024; Lee et al., 2024; S. Wang et al., 2024). Further, crafting content to meet the diverse needs 
of their students was difficult, often leading to content designed for a one-size-fits-all approach with 
limited personalization or limited scalability (Yadav, 2023), leading to labour-intensive and time-con-
suming design processes (S. Wang et al., 2024). Likewise, constructive alignment (the alignment of 
intended learning outcomes, instructional strategies, learning activities, and assessment methods) is 
time-consuming and labour-intensive (Pereira et al., 2024). For instance, Davis and Lee (2023) re-
ported that instructional designers and university lecturers would take weeks to search for relevant 
resources on the Internet. However, with LLMs, this exploit can be achieved in no time, but the 
LLM outputs are not always accurate, hence the necessity of human oversight to ensure the quality of 
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the content (Kozan et al., 2025; Pereira et al., 2024; Yadav, 2023). Now with LLMs, instructional de-
signers and teaching academics can create adaptive content tailored to different students effortlessly 
(Harvey et al., 2025; S. Wang et al., 2024), resulting in significant time-saving benefits, thereby reduc-
ing the workload for instructional designers and teaching academics (Davis & Lee, 2023; Kozan et al., 
2025; Schaper, 2024; Yang & Stefaniak, 2025). Furthermore, instructional designers and teaching aca-
demics can use LLMs to design interactive teaching resources effortlessly, without requiring special-
ized skills, thus leveling the learning design field (Bećirović, 2023). While LLMs optimize time spent, 
for instance, in constructive alignment, some instructional designers and university teaching academ-
ics find it challenging to integrate them into their course development due to various reasons that in-
clude poor prompting skills (Zamfirescu-Pereira et al., 2023) and the LLMs’ propensity to make inac-
curate content predictions (Leiker et al., 2023). 

THEORETICAL FRAMEWORK 
In this study, the Unified Theory of Acceptance and Use of Technology (UTAUT3) was chosen 
ahead of the other technology acceptance models because it comprises personal innovativeness, 
which may inspire instructional designers and instructors to experiment with new technologies such 
as LLMs (Farooq et al., 2017). The UTAUT3 comprises social influence, facilitating conditions, he-
donic motivation, habit, personal innovativeness, performance, and effort expectancy. Figure 1 
shows the elements of the UTAUT3 framework. 

 
Figure 1. The elements of the UTAUT3 framework (adopted from Farooq et al., 2017) 

Performance expectancy is the degree to which an individual believes that using the system will help 
them attain gains in job performance (Venkatesh et al., 2003). Effort expectancy is the degree of ease 
associated with using the system. Social influence is the degree to which an individual perceives that 
important others believe he or she should use the new system. Facilitating conditions are the degree 
to which an individual believes that an organisation’s technical infrastructure exists to support the use 
of the system. Habit is defined as the extent to which individuals perform behaviours automatically 
when using a system (Venkatesh et al., 2012). Hedonic motivation is the fun or pleasure of using a 
technology. Personal innovativeness is the perceived predisposition to the independent use of a sys-
tem (Farooq et al., 2017). Behavioural intention is the degree to which users intend to use a system. 
Behavioural use is the extent of the actual usage of a system (Venkatesh et al., 2003). Price value is 
defined as an individual’s trade-off between the perceived benefits of a system and the cost of using 
the system (Venkatesh et al., 2012).  
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PROPOSED RESEARCH MODEL  
All the elements of the UTAUT except price value were incorporated into the proposed research 
model. However, price value was excluded because there are free versions of LLMs that instructional 
designers or instructors can use. In addition, trust in LLMs (TT) and trust in the LLM providers (TP) 
were also included in the proposed research model. Trust is when individuals or organisations per-
ceive a technology to be reliable, and when individuals perceive it to be reliable, they are likely to 
adopt and use it (Ayanwale & Molefi, 2024). Trust in the provider is the extent to which people be-
lieve that the provider of a system is trustworthy. Figure 2 shows the proposed research model. 

 
Figure 2. The proposed research model 

In the following section, the definitions of the UTAUT3 constructs were operationalised. However, 
hypotheses were not included at this stage. This is because LLMs are new, and their factor structure, 
as predicted by the UTAUT3, may differ; hence, hypotheses will be drawn out once the factor struc-
ture has been determined through exploratory factor analysis, which was done in the later sections. 

Performance Expectancy, PE 
In the context of LLM, performance expectancy is the extent to which instructional designers and 
instructors believe that using LLMs will enhance their productivity. For instructional designers and 
instructors, using LLMs to create video, image, and content saves time and effort (Hennekeuser et 
al., 2025; Ivanov & Soliman, 2023; Pereira et al., 2024; Sallam, 2023). Nevertheless, Kumar et al. 
(2024), Luo et al. (2025), and Yang and Stefaniak (2025) reported that instructional designers consci-
entiously exercise a cautious approach to ethical concerns about creating images using LLMs because 
of copyright infringement concerns. As digital assistants, LLMs can be used virtually for all the re-
quirements of instructional design, from brainstorming to the final product, thus signifying their use-
fulness (Melián-González et al., 2021; Sallam, 2023). However, human oversight is needed to mitigate 
biases (Pereira et al., 2024; Yadav, 2023). Al-Emran et al. (2024) reported that performance expec-
tancy influenced the behavioural use of AI chatbots in knowledge sharing. Ayanwale et al. (2022) 
stated that performance expectancy influenced behavioural intention for teachers and students to use 
an AI chatbot. Several authors (Bhat et al., 2024; Camilleri, 2024; Shahzad et al., 2024; Soodan et al., 
2024; Strzelecki, 2023) posited that performance expectancy influenced the behavioural intention to 
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use ChatGPT in higher education. In a study by McNeill et al. (2025), performance expectancy 
emerged as the primary driver of LLM adoption, signifying its importance in instructional design. 

Effort Expectancy, EE 
In the context of LLMs, effort expectancy is the extent to which instructional designers and instruc-
tors find using LLMs easy. According to Menon and Shilpa (2023), LLMs are easy to use because of 
their user-friendly, intuitive interface. On the contrary, LLM models may not be easy to use because 
of the difficulty with prompt engineering that the instructional designers and instructors face. For in-
stance, McNeill et al. (2025) reported that instructional designers spent time and effort to develop 
prompts that worked adequately in generating reliable answers, hence creating a negative effort ex-
pectancy that could inhibit LLM adoption. In previous studies, effort expectancy influenced the use 
of AI chatbots (Al-Emran et al., 2024; Bhat et al., 2024; Camilleri, 2024; García de Blanes Sebastián 
et al., 2022; Shahzad et al., 2024; Strzelecki, 2023), but on the contrary, effort expectancy did not in-
fluence AI chatbot use (Menon & Shilpa, 2023).  

Social Influence, SI 
In the context of LLMs, social influence is how instructional designers and instructors believe their 
significant others influence them to use LLMs. In this study, social influence was divided into social 
norms and descriptive norms. Social norms are due to the people being influenced by the significant 
others who could be their peers (Venkatesh et al., 2003), and descriptive norms are due to the model-
ling behaviours of their peers (De Leeuw et al., 2015). For instance, if someone practically uses LLMs 
(modelling), their peers can also follow suit. Camilleri (2024) and García de Blanes Sebastián et al. 
(2022) reported that social influence influenced behavioural intention to use ChatGPT. However, in 
a study by Bhat et al. (2024), social influence did not influence behavioural intention to use an LLM 
because teaching academics tend to work as individuals when using ChatGPT. In Al-Emran et al.’s 
(2024) study on factors that influence knowledge sharing in AI chatbots, social influence did not in-
fluence the AI-based chatbots for knowledge sharing, whereas in studies by Melián-González et al. 
(2021) and Strzelecki (2023), social influence influenced AI chatbot usage. Filipec and Woithe (2023) 
posited that peer influence and fear of missing out will drive instructional designers to adopt LLMs 
such as ChatGPT.  

Facilitating Conditions, FC 
In the context of LLMs facilitating conditions, the instructional designers and instructors believe that 
organisational and technical support exists to support them using LLMs. Menon and Shilpa (2023) 
and McNeill et al. (2025) reported that facilitating conditions were very influential in adopting LLMs. 
For instance, the availability of connectivity ensures access to LLMs, and the converse holds. McNeill 
et al. (2025) stated that organizational barriers often emerged as the primary obstacle to LLM use. 
Bhat et al. (2024) posited that facilitating conditions influenced the intention to adopt ChatGPT 
among lecturers in higher education. Nonetheless, for García de Blanes Sebastián et al. (2022) and 
Strzelecki (2023), facilitating conditions did not influence behavioural intention to use virtual assis-
tants and ChatGPT, respectively. Al-Emran et al. (2024) indicated that facilitating conditions did not 
influence AI-based chatbots for knowledge-sharing use. However, facilitating conditions influenced 
the behavioural use of ChatGPT (Strzelecki, 2023).  

Habit, H 
In the context of LLMs, habit is how instructional designers and instructors have acquired regular 
and consistent patterns of using LLMs. According to Bhat et al. (2024), instructional designers or 
university-teaching academics who habitually use technology in their teaching practices are more 
likely to adopt novel technologies. Bhat et al. (2024), García de Blanes Sebastián et al. (2022), and 
Strzelecki (2023) found that habit influenced behavioural intention to use ChatGPT. Several authors 
have posited that habits influence the behavioural use of chatbots (Al-Emran et al., 2024; Melián-
González et al., 2021; Strzelecki, 2023).  



Fourie, Goto, & Lautenbach 

9 

Hedonic Motivation, HM 
In the context of LLMs, hedonic motivation is the joy instructional designers and instructors derive 
from using them. The influence of hedonic motivation on the use of chatbots has been mixed. Bhat 
et al. (2024) and Strzelecki (2023) reported that hedonic motivation influenced behavioural intention 
to adopt ChatGPT among teaching academics in higher education. Melián-González et al. (2021) re-
ported that hedonic motivation influenced AI travel chatbot use. On the contrary, hedonic motiva-
tion did not influence the use of AI chatbots (Al-Emran et al., 2024; García de Blanes Sebastián et al., 
2022). 

Personal Innovativeness, PI 
In the context of LLMs, Personal Innovativeness is the willingness of instructional designers and in-
structors to experiment and use LLMs. García de Blanes Sebastián et al. (2022) and Strzelecki (2023) 
reported that personal innovativeness influenced behavioural intention to use virtual assistants and 
ChatGPT, respectively, while Melián-González et al. (2021) reported that personal innovativeness in-
fluenced chatbot usage. However, personal innovativeness did not influence behavioural intention to 
adopt LLMs among lecturers in higher education (Bhat et al., 2024). In addition, Kumar et al. (2024), 
Luo et al. (2025), and Yang and Stefaniak (2025) reported that instructional designers were hesitant 
and skeptical about using LLMs, which, in turn, hindered the development of their personal innova-
tiveness.  

Behavioural intention, BI, and behavioural use, BU 
In this context, behavioural intention is the extent to which instructional designers and instructors 
intend to use LLMS. In this study, use behaviour is the extent of instructional designers’ and instruc-
tors’ actual usage of LLMs. According to Strzelecki (2023) and Bhat et al. (2024), behavioural inten-
tion influenced the use of ChatGPT in higher education  

Trust in LLM provider, TP 
In this study, trust in the provider refers to the extent to which instructional designers and instructors 
believed they could trust the LLM provider. Marr (2024) recently reported a downward shift in public 
trust in AI. This downward shift in trust may cause instructional designers and instructors to stop us-
ing LLMs. 

Trust in LLMs, TT 
In this study, trust is the extent to which instructional designers and instructors believe they can trust 
LLMs. Lack of trust and blind trust influence how individual users interact with AI tools (Amooza-
deh et al., 2024). García de Blanes Sebastián et al. (2022) reported that for emerging technologies, us-
ers feel uncertain due to a lack of information, but with more use, they can then trust the LLMs. The 
lack of output explainability (step-by-step explanations of reasoning) in the answers provided by 
some LLMs fuels mistrust (Hennekeuser et al., 2025). In addition, the fact that LLMs are biased and 
hallucinate forces users not to trust them (Beale, 2025; Chang et al., 2023; Leiker et al., 2023; Moore 
et al., 2023; Strzelecki, 2023; Y. Wang et al., 2023). Choung et al. (2022) and García de Blanes Sebas-
tián et al. (2022) posited that trust influenced behavioural intention to use AI and virtual assistants. 
However, Bhat et al. (2024) reported that trust did not influence the behavioural use of ChatGPT. In 
addition, Kumar et al. (2024), Luo et al. (2025), and Yang and Stefaniak (2025) posited that instruc-
tional designers exhibited hesitation and skepticism toward the use of large language models (LLMs), 
primarily due to concerns about potential copyright infringement, especially when generating images. 
Yang and Stefaniak (2025) also posited that mistrust is a result of apprehension about the potential 
displacement of traditional design skills.  
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METHODOLOGY 
MEASURES 
We used a cross-sectional correlational quantitative study. A cross-sectional correlational quantitative 
design provides a ‘snapshot’ of the phenomenon under study and allows the relationship between the 
variables to be determined (Kesmodel, 2018). The cross-sectional correlational design was selected 
because the results can be generalized to a larger population, and it is inexpensive and easy to run, 
unlike a longitudinal study (Spector, 2019). The measuring instrument was adapted from Farooq et 
al.’s (2017) UTAUT3 framework. It was then modified to suit the LLM context by adding trust in 
technology and trust in technology providers as additional constructs. The questionnaire used a 7-
point Likert scale (1 = strongly disagree and 7 = strongly agree) for all items. We used a purposive 
sampling method to target instructional designers in colleges and universities across the globe.  

DATA COLLECTION 
An online survey tool was used to collect data. We also collected biographical information, including 
age, gender, type of LLM used, learning design experience, working setting, and the country where 
the instructional designers or instructors were based. The link to the survey was posted on various 
social media, including the LinkedIn and Facebook profiles of the three authors for reposting. In ad-
dition, the survey was distributed to instructional designers in South Africa via their professional fo-
rum and email list, ensuring targeted outreach to practitioners actively engaged in AI-related design 
work and Science and Technology communities in South African universities. 

PARTICIPANTS 
The participants were primarily instructional designers and a few teaching academics working in dif-
ferent settings. Apart from South Africa, most participants who responded to the questionnaire were 
from developed countries, probably indicating easy access to social media. Table 1 shows the fre-
quency and percentages of participants by country.  

Table 1. The frequency and 
percentages of the participants by country 

Country Number of 
respondents Percentage 

South Africa 109 53.7 
United States 17 8.4 
United Kingdom 16 7.9 
Portugal 7 3.4 
Poland 6 3 
Spain 5 2.5 
Italy 5 2.5 
Greece 5 2.5 
India 5 2.5 
Netherlands 4 2 
Australia 4 2 
Canada 4 2 
Japan 3 1.5 
** 13 5.5 
Total 203 100 
** denotes countries with less than 3 participants: Austria, Finland, 
Ireland, Estonia, Israel, Saudi Arabia, Vietnam, Hungary, Venezuela, 
Germany and Thailand. 
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Table 2 shows the distribution of the instructional designers according to gender, age, design experi-
ence, work setting, qualification, and the types of LLMs they used. The common age group was 26-
35. Average design experience was between 3 and 5 years. Most of the participants were either work-
ing at a university/college or an education technology company. Many of the participants had a mas-
ter’s degree. Most of the participants used ChatGPT3 (55.7%), followed by ChatGPT4 (20.7%). 
However, 17.7% of the participants had not used large language models for learning design purposes.  

Table 2. The characteristics of participants 

Variable Frequency Percentage 
Gender Female 126 62.1 

Male 77 37.9 
Age 
 

18 - 25 25 12.3 
26 - 35 100 49.3 
36 - 45 39 19.2 
46 - 55 29 14.3 
56 - 65 8 3.9 
> 65 2 1.0 

Design 
experience 
 

< 1 28 13.8 
1 - 2 43 21.2 
3 - 5 53 26.1 
6 - 10 40 19.7 
11 - 15 20 9.9 
16 - 20 9 4.4 
> 21 10 4.9 

Work setting 
 

College/university 65 32.0 
Corporate world 21 10.3 
Education technology 52 25.6 
Government/non-profit 10 4.9 
Freelance 19 9.4 

Qualification 
 

High School 7 3.4 
Certificate/diploma 10 4.9 
Bachelors 53 26.1 
Honours 38 18.7 
Masters 68 33.5 
Doctorate 27 13.3 

LLM type Bard 1 0.5 
Bing 8 3.9 
ChatGPT3 113 55.7 
ChatGPT4 42 20.7 
Other 3 1.5 
Not yet 36 17.7 

Total  203  
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DATA ANALYSIS 
EXPLORATORY FACTOR ANALYSIS 
The Statistical Packages for Social Science (SPSS) and Analysis of Moment Structures (AMOS) ver-
sion 29 were used to analyse the data. Exploratory factor analysis using principal axial factoring was 
used to validate the questionnaire adapted from Farooq et al. (2017). The Kaiser-Meyer-Olkin Meas-
ure of Sampling Adequacy (KMO) was determined first to check whether factor analysis was plausi-
ble. The KMO for all constructs was 0.924, exceeding the minimum threshold of 0.5, indicating a 
strong result (Backhaus et al., 2016). To check for common method or self-bias in the questionnaire, 
Harman’s single-factor test was used. All variables loaded onto a single factor, accounting for 
38.960% of the explained variance, which is less than 50%, thus demonstrating the absence of com-
mon method bias (Dupuis et al., 2017).  

The exploratory factor analysis was used to check the unidimensionality (grouping of related items) 
of the items of the variables. Based on eigenvalues larger than one, seven factors accounting for 
69,928% of the explained variance were extracted from the factor analysis. Table 3 shows the explor-
atory factor analysis results. In factor 1, the items for trust in LLM providers merged with those of 
trust in LLMs and were labelled “Reliability & Provider Trust in LLMs” (TPTT). In factor 2, the 
items of performance expectancy, behavioural intention, and behavioural use merged and were 
named “Perceived LLM Benefits & Usage” (PEBIBU). In factor 3, the items of effort expectancy, 
facilitating conditions, and motivation merged and were named “Ease of Use & Support” (EFH). In 
factor 4, the personal innovativeness items were distinct and named “Innovative Propensity towards 
LLM Adoption” (PI). Items in factor 5 of descriptive norms merged with facilitating conditions and 
were named “Community Standards & Infrastructure” (SF). In factor 6, the items of habit were dis-
tinct and were named “Ingrained LLM Practices” (HM). Finally, the items of factor 7 (S1, S2, S3) 
were distinct and were named “LLM Peer-Driven Expectations” (SI). The naming of the factors was 
guided by considering items with the highest factor loadings, followed by middle and lowest loadings. 
For instance, items of trust in the provider had higher loadings than trust in LMS, hence TPTT. 

Table 3. The exploratory factor analysis for all the constructs 

Factor 
Items 1 2 3 4 5 6 7 

TP1 0.928       
TT4 0.857       
TP2 0.849       
TP4 0.846       
TT3 0.765       
TT1 0.689       
TP3 0.627       
TT2 0.594       
PE2  0.943      
PE1  0.852      
BI1  0.845      
PE3  0.843      
BI3  0.819      
PE4  0.726      
BU1  0.643      
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Factor 
Items 1 2 3 4 5 6 7 

BU2  0.549      
BI2  0.513      
EE1   0.918     
EE2   0.874     
FC2   0.734     
EE4   0.726     
EE3   0.677     
HM2   0.405     
HM1        
FC3        
PI3    0.883    
P11    0.878    
PI4    0.781    
PI2    0.754    
HM3        
SI4     0.775   
SI5     0.755   
FC4     0.716   
SI6     0.458   
FC1   0.404  0.406   
H2      0.823  
H3      0.698  
H1      0.565  
H4      0.417  
SI1       0.774 
SI2       0.701 
SI3       0.689 

 

Multicollinearity 
The correlations of the factors were less than 0.8, indicating no multicollinearity in the extracted fac-
tors (Barton & Peat, 2014). Table 4 shows the correlations among the constructs. 

Table 4. The correlation matrix of the factors 

Factor 1 2 3 4 5 6 7 
1 1.000       
2 0.611 1.000      
3 0.408 0.565 1.000     
4 0.439 0.620 0.658 1.000    
5 0.418 0.489 0.424 0.374 1.000   
6 0.484 0.485 0.191 0.250 0.428 1.000  
7 0.398 0.504 0.392 0.362 0.251 0.159 1.000 
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Reliability 
Reliability measures the internal consistency of the related constructs. Cronbach’s alpha was used to 
measure internal consistency. The Cronbach’s alpha values for all the constructs were greater than 
0.8, thus demonstrating excellent internal consistency (Tavakol & Dennick, 2011). Table 5 shows the 
Cronbach’s alpha for the related constructs 

Table 5. The Cronbach’s alpha for the related constructs 

Construct Cronbach’s alpha # of items 
Reliability & Provider Trust in LLMs (TPTT) 0.921 8 
Perceived LLM Benefits & Usage (PEBIBU) 0.939 9 
Ease of Use & Support (EFH) 0.901 5 
Innovative Propensity towards LLM Adoption (PI) 0.865 4 
Community Standards & Infrastructure (SF) 0.813 3 
Ingrained LLM Practices (HM) 0.861 3 
LLM Peer-Driven Expectations (SI) 0.856 3 
ALL ITEMS 0.959 42 

Construct validity 
Construct validity comprises convergent and discriminant validity, where convergent validity 
measures the degree of relatedness of items in a construct, and discriminant validity measures the de-
gree of distinctiveness of items across constructs (Clark & Watson, 2019). We used composite relia-
bility (CR) and Average variance extracted (AVE) to measure convergent validity. The CR and AVE 
values for all the constructs were greater than 0.7 and 0.5, respectively, demonstrating convergent va-
lidity (Hair et al., 2006). For discriminant validity, the square roots of AVE values (bold) were greater 
than the inter-construct correlations, demonstrating discriminant validity for all the constructs (For-
nell & Larcker, 1981). Table 6 shows the convergent and discriminant values. 

Table 6. Measurement of convergent and discriminant validity 

 CR AVE 1 2 3 4 5 6 7 
1 0.923 0.605 0.778       
2 0.923 0.579 0.611 0.761      
3 0.892 0.626 0.408 0.565 0.791     
4 0.895 0.683 0.439 0.620 0.658 0.826    
5 0.869 0.688 0.418 0.489 0.424 0.374 0.829   
6 0.741 0.494 0.484 0.485 0.191 0.250 0.428 0.703  
7 0.765 0.522 0.398 0.504 0.392 0.362 0.251 0.159 0.772 

CONFIRMATORY FACTOR ANALYSIS 
Confirmatory factor analysis was undertaken using AMOS version 29 to verify the measurement 
model. All the items retained had factor loadings greater than 0.6, indicating convergent validity 
(Field, 2018). Item TP3 was dropped to improve model fitness. Items HM1, FC3, and HM3 cross-
loaded on two factors and were dropped from the analysis. Figure 3 shows the confirmatory factor 
analysis model. 
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Figure 3. The confirmatory factor analysis model 

Model fitness 
The fit indices used to determine the fit of the model were the comparative fit index (CFI), the root 
mean square error of approximation (RMSEA), the chi-square value (CMIN), the Tucker-Lewis in-
dex (TLI), the Incremental Fit Index (IFI), and the degrees of freedom (df). The CFI (0.926), TLI 
(0.917), and IFI (0.927) were greater than 0.90, indicating a reasonable fit. The CMIN/df was equal 
to 1.734, consistent with values between 1 and 3, and RMSEA was equal to 0.060, less than 0.08, in-
dicating a good fit (Hu & Bentler, 1999). 

Structural analysis 
Structural equation modelling was then employed to determine the relationships among the con-
structs. Compared with the UTAUT3 framework elements, factor PEBIBU was regarded as the de-
pendent variable and the other variables (SI, EFH, TPTT, SF, H, and PI) as predictors. The follow-
ing hypotheses were generated: 

H1: LLM peer-driven expectations (SI) influenced perceived LLM benefits and usage 
(PEBIBU) 

H2: Community standards and infrastructure (SF) influenced Perceived LLM benefits and us-
age (PEBIBU) 

H3: Ingrained LLM practices (H) influenced perceived LLM benefits and usage (PEBIBU) 
H4: Reliability and provider Trust in LLMs (TPTT) influenced perceived LLM benefits and us-

age (PEBIBU) 
H5: Ease of use and support (EFH) influenced perceived LLM benefits and usage (PEBIBU) 
H6: Innovative Propensity towards LLM Adoption (PI) influenced perceived LLM benefits and 

usage (PEBIBU) 

Figure 4 shows the structural analysis model. All the predictors (SI, EFH, TPTT, SF, H, PI) except 
SF (which is primarily descriptive norms) had a statistically significant influence on PEBIBU. Table 7 
shows the relationship between the constructs. The PEBIBU construct accounted for 76.4% of the 
explained variance due to its predictors. 
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Figure 4. The structural analysis models 

Table 7. Hypothesis test results 

Hypotheses Path Standardised 
estimate P Result 

H3 PEBIBU <--- H 0.396 *** Supported 
H1 PEBIBU <--- SI 0.293 *** Supported 
H6 PEBIBU <--- PI 0.190 0.012 Supported 
H4 PEBIBU <--- TPTT 0.136 0.030 Supported 
H5 PEBIBU <--- EFH 0.159 0.039 Supported 
H2 PEBIBU <--- SF -0.049 0.467 Not supported 

SECOND ORDER CONFIRMATORY FACTOR ANALYSIS 
From the correlations in Table 4, factors 1, 2, 3, and 4 are all moderately to highly correlated with 
each other, suggesting the presence of a common underlying higher-order factor. Factors 5, 6, and 7 
are also lowly correlated with each other, indicating the presence of a second high-order factor. In 
addition, the second-order structural equation modelling was undertaken on the basis that it captures 
the holistic concept of engagement with LLMs as represented by the integration of performance ex-
pectancy (PE), behavioural intention (BI), and behavioural use (BU) to form the PEBIBU construct, 
which was named “Perceived LLM Benefits & Usage”. The main second-order latent factor was 
named “Learning Design”, and its sub-construct was named “Supportive conditions and external in-
fluences” (SC_EI). Figure 5 shows the two second-order latent factors: Learning Design and its sub-
construct, supportive conditions and external influences (SC_EI).  

SC_EI contributes most to the learning design since its explained variance is 94.4%, followed by 
PEBIBU at 88.1%, followed in third place by EFHM at 44.9%, followed by PI at 40.9 % and TPTT 
at 38.3%. For supportive conditions and external influences, the habit construct contributed 73.4%, 
followed by SI (social norms) at 42.8% and SF (descriptive norms and facilitating conditions) at 
36.6%. Table 8 shows the significant contribution of the elements to Learning design and the sub-
construct of social conditions and external influence (SC_EI). 
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Figure 5. The second-order structural equation model 

Table 8. Contributions to learning design, social conditions, and external influence 

Relationship Estimate SE CR P Explained 
variance Rank Interpretation 

SC_EI <--- Learning 
Design 0.972 0.156 6.470 *** 94.4 1 Significant 

PEBIBU <--- Learning 
Design 0.939 0.146 7.944 *** 88.1 2 Significant 

EFH <--- Learning 
Design 0.670    44.9 3 Significant 

PI <--- Learning 
Design 0.639 0.127 6.726 *** 40.9 4 Significant 

TPTT <--- Learning 
Design 0.619 0.189 6.924 *** 38.3 5 Significant 

H <--- SC_EI 0.856 0.206 7.025 *** 73.4 1 Significant 
SI <--- SC_EI 0.654    42.8 2 Significant 
SF <--- SC_EI 0.605 0.191 6.048 *** 36.6 3 Significant 
 

INFLUENCE OF MODERATORS 
The ANOVA test was conducted to test the effect of moderators on the variables. Gender influ-
enced innovative propensity towards LLM adoption (PI), with the mean of males being greater than 
that of females. Age did not influence all constructs. Region type influenced “Community Standards 
& Infrastructure” (SF), where the Tukey post hoc test indicated that instructional designers and in-
structors in South Africa had a statistically significant mean greater than their Asian counterparts. 
Qualifications influenced TPTT and Habit. For the TPTT construct, the Tukey post hoc test indi-
cated that a bachelor’s qualification had a statistically significant higher mean than honours, master’s, 
and doctorate qualifications. 
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DISCUSSION 
This study investigated the factors influencing the adoption of LLMs by instructional designers and 
instructors in different countries. The factor structure of the LLMs did not perfectly align with the 
UTAUT3 model. For instance, performance expectancy, behavioural intention, and behavioural use 
merged into one factor, probably indicating LLMs’ unique nature in learning design. However, habit, 
social norms, and personal innovativeness remained as distinct entities, aligning with the UTAUT3.  

THE FACTORS INFLUENCING THE BEHAVIOURAL INTENTION AND USE OF 
LARGE LANGUAGE MODELS (LLMS)  
Ingrained LLM Practices (habit) had a statistically significant effect on perceived LLM benefits and 
usage. This result is consistent with findings from several authors (Bhat et al., 2024; García de Blanes 
Sebastián et al., 2022; Strzelecki, 2023), who reported that habit influenced behavioural intention to 
use ChatGPT. The result is also consistent with findings from several authors who posited that habit 
influences the behavioural use of chatbots (Al-Emran et al., 2024; Melián-González et al., 2021; 
Strzelecki, 2023). The two findings resonate with Bhat et al.’s (2024) findings that instructional de-
signers or university-teaching academics who habitually use technology in their teaching practices are 
more likely to adopt novel technologies. LLM Peer-Driven Expectations (social norms) had a statisti-
cally significant influence on perceived LLM benefits and use. This result is consistent with findings 
from Camilleri (2024) and García de Blanes Sebastián et al. (2022), who stated that social influence 
influenced behavioural intention to use ChatGPT, but is inconsistent with findings from Bhat et al. 
(2024). In addition, the result is consistent with findings from Melián-González et al. (2021) and 
Strzelecki (2023), who posited that social influence influenced AI chatbot usage, and is inconsistent 
with findings from Al-Emran et al. (2024). The positive results on usage align with findings from Fil-
ipec and Woithe (2023), who posited that peer influence and fear of missing out would drive instruc-
tional designers and instructors to adopt LLMs.  

Innovative Propensity towards LLM Adoption (personal innovativeness, PI) significantly influenced 
perceived LLM benefits and usage (PEBIBU). This result agrees with findings from García de Blanes 
Sebastián et al. (2022), Melián-González et al. (2021), and Strzelecki (2023), who reported that PI in-
fluenced behavioural intention to use ChatGPT. Nevertheless, this result is inconsistent with the 
findings of Bhat et al. (2024) and Kumar et al. (2024), who reported that instructional designers were 
hesitant and skeptical about using LLMs, which in turn hindered the development of their personal 
innovativeness. Reliability and provider trust in LLMs (TPTT) influenced LLM benefits and usage 
(PEBIBU). This result aligns with findings from Choung et al. (2022) and García de Blanes Sebastián 
et al. (2022), who reported that trust influenced behavioural intention to use AI, but is inconsistent 
with findings from Bhat et al. (2024) and Marr (2024).  

Ease of use and support (EFH) influenced perceived LLM benefits and usage (PEBIBU). This result 
is consistent with findings from several authors (Al-Emran et al., 2024; Bhat et al., 2024; Camilleri, 
2024; Shahzad et al., 2024) but resonates with the findings of McNeill et al. (2025), who reported that 
prompt engineering created barriers to LLM adoption when instructional designers spent time and 
effort to develop prompts that worked adequately in generating reliable answers. Nonetheless, the 
result is inconsistent with findings from Menon and Shilpa (2023). Community standards and infra-
structure (descriptive norms, SF) had a statistically insignificant effect on perceived LLM benefits and 
usage (PEBIBU), signifying that the participants who took part in the study were mainly from devel-
oped countries and had access to connectivity and LLMs. In addition, the insignificance of SF (de-
scriptive norms) can also be attributed to trust issues, a lack of which leads to poor peer modelling 
behaviours. Consequently, a lack of trust breeds skepticism, which breeds poor modelling behav-
iours, leading to poor acceptance of LLMs, thus aligning with findings from Sridhar et al. (2023). 
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CONTRIBUTION TO LEARNING DESIGN  
The second-order confirmatory factor analysis revealed one major latent variable, learning design, 
and a subconstruct, supportive conditions and external influences (SC_EI). SC_EI contributed most 
to the learning design, accounting for 94.4% of the explained variance with its subcomponent, habit, 
accounting for the most explained variance (73.4%) as an individual construct ahead of social and de-
scriptive norms. This result reinforces findings from Bhat et al. (2024) and Melián-González et al. 
(2021), who emphasised the importance of habit in adopting LLMs. Perceived LLM Benefits and Us-
age (PEBIBU) contributed the second most explained variance to learning design (88.1%), signifying 
that when the instructional designers and instructors perceive the LLMs to be useful, the intention to 
use them is turned into actual use in real-time, the same reason for their merging to form the 
PEBIBU construct. This result aligns with findings from many authors who reported how LLMs en-
hance productivity and save time (Al-Emran et al., 2024; Alkafaween et al., 2025; Ayanwale et al., 
2022; Hennekeuser et al., 2025; Ivanov & Soliman, 2023; Melián-González et al., 2021; Pereira et al., 
2024; Sallam, 2023). The Ease of Use and Support (EFH) contributed the third most variance to 
learning design, aligning with findings from Menon and Shilpa (2023), who reported that LLMs were 
easy to use because of their user-friendly and intuitive interface. However, beyond a user-friendly and 
intuitive interface, there is a challenge of prompting engineering when instructional designers spend 
time and effort to develop prompts that work adequately (McNeill et al., 2025), suggesting that LLMs 
are not easy to use, and a lack of good prompting skills deters LLM adoption. 

 The propensity towards LLM Adoption (PI) was ranked fourth on its contribution to learning de-
sign, indicating that instructional designers and teaching academics were not experimenting enough 
to keep up with the ever-changing evolution of the LLMs. This result aligns with Kumar et al. (2024), 
McNeill et al. (2025), and Yang and Stefaniak’s (2025) findings that instructional designers maintain a 
cautious outlook toward LLM reliability because of their hallucinations, bias, and concerns about the 
quality of the generated content (Luo et al., 2025). It is worth noting that personal innovativeness 
cannot flourish in an environment of mistrust, aligning with the views of Kasneci et al. (2023) and 
Pan et al. (2023). Reliability and provider trust in LLMs (TPTT) contributed the least to learning de-
sign, underpinning the problems such as hallucinations, copyright violations, and plagiarism issues, 
which are still plaguing LLMs (Chang et al., 2023; Leiker et al., 2023; McNeill et al., 2025; Strzelecki, 
2023; Tam et al., 2023). This result aligns with the findings of Kozan et al. (2025), McNeill et al. 
(2025), and Yang and Stefaniak (2025), that instructional designers maintain a cautious outlook to-
ward LLM reliability. 

THE INFLUENCE OF MODERATORS  
The means for the males were greater and statistically significant than those of the females. This re-
sult is consistent with findings from Draxler et al. (2023). Age did not influence all constructs, which 
is inconsistent with findings from Draxler et al. (2023), where young people had an edge over older 
people in LMS usage. Instructional designers and teaching academics in South Africa had a statisti-
cally significant mean greater than their Asian counterparts for SF, probably because South Africa is a 
non-collectivist culture, and the influence of the significant other is more pronounced compared to 
collectivist Asian cultures. Surprisingly, a bachelor’s qualification had a greater and statistically signifi-
cant mean than an honours, master’s, and doctorate qualification for TPTT, suggesting that post-
graduate holders were more skeptical than those with a first degree. 

IMPLICATIONS 
PRACTICAL IMPLICATIONS 
This study provides a starting point for evaluating the factors that influence the acceptance and use 
of LLMs by instructional designers and teaching academics and their impact on learning design. Uni-
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versities can craft intervention strategies that can be used to improve LLM acceptance by instruc-
tional designers and teaching academics to improve the learning experience and enhance productiv-
ity. For instance, “Supportive conditions and external influences” (SC_EI) contributed most to the 
learning design, with its components of habit accounting for the most explained variance (73.4%), 
indicating that the universities must cultivate the habits of the instructional designers and teaching 
academics by organising regular workshops on LLMs, their applications, and best practices. 

In addition, the universities must encourage using LLMs in designing content, assessments, and inter-
active learning activities, which university teaching academics find time-consuming (Hennekeuser et 
al., 2025; Pereira et al., 2024; Yang & Stefaniak, 2025). Further creation of a supportive community 
where instructional designers and teaching academics can share experiences is needed. Reliability and 
provider Trust in LLMs (TPTT) contributed the lowest explained variance, paving the way to build 
the trust of the instructional designers and teaching academics through workshops on prompting and 
responsible and ethical use of LLMs (Yang & Stefaniak, 2025) and showcasing case studies where 
LLMs have been integrated into learning design successfully. PI also contributed the least variance to 
learning design, indicating that the universities could conduct workshops on the creative and innova-
tive use of LLMs. Finally, universities must ensure that instructional designers have access to the 
tools to experiment with LLMs by subscribing to Microsoft Copilot and ChatGPT premier services. 
Instructional designers and teaching academics must be encouraged to use LLMs as digital assistants. 
All the listed interventions above will lead to learning design gains, student engagement, and positive 
learning outcomes. 

THEORETICAL CONTRIBUTIONS 
A new factor structure emerged when applying the UTAUT3 to instructional designers’ and univer-
sity teaching staff’s acceptance and use of LLMs. For instance, the perceived benefits and usage fac-
tor emerged from the combination of performance expectancy, behavioural intention, and behav-
ioural use. These constructs (PE, BI, BU) are normally distinct entities in many previous 
UTAUT1/2/3 applications. This could mean that the UTAUT3 framework may need to be modified 
for instructional designers and instructors to be relevant in adopting LLMs. New variables, trust in 
using LLMs and trust in LLM providers, were added to the UTAUT3, thus extending the UTAUT3 
in the learning design landscape. 

LIMITATIONS AND FUTURE RESEARCH 
Although the sample was derived from several countries, the number of participants from countries 
other than South Africa was low. The low number from these countries is a cause for concern since 
the sample is not representative of any usage of LLMs in any country. A quantitative study was em-
ployed, but it failed to capture the rich tapestry of data available through a mixed method.  

For future studies, more studies are needed to verify the factor structure of LLMs for instructional 
designers and teaching academics in different settings. Since LLMs are continuously evolving and 
gaining more traction, a longitudinal study should be employed to determine whether the factor 
structure of LLMs using the UTAUT3 remains the same or changes with time. Further qualitative 
studies must be undertaken to gain deeper insights into the factors influencing the adoption of 
LLMs. It is also important to include prior training in using LLMs as a moderator to distinguish 
whether training influences the adoption of LLMs. 

CONCLUSIONS 
This study investigates the factors influencing the adoption of LLMs by instructional designers and 
instructors. The following research questions guided the study:  

• What factors influence instructional designers’ and instructors’ behavioural intentions and 
use of LLMs in learning design? 
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• How do the resultant individual factors contribute to Learning design? 
• How do factors like age, gender, and qualification moderate the variables in LLM adoption? 

The exploratory factor analysis revealed a unique factor structure for the LLM adoption by instruc-
tional designers and instructors where items of performance expectancy, behavioural intention and 
behavioural use merged to form the Perceived LLM Benefits and Usage (PEBIBU) construct sug-
gesting that performance expectancy(usefulness), behavioural intention and behavioural use in LMS 
usage have a unique relatedness, where the perception of usefulness directly translates to intention 
and use without clear demarcation unlike the usually distinct entities in the UTAUT3 theory.  

The structural analysis results indicate that ingrained LLM practices (habits), LLM peer-driven expec-
tations (SI), innovative propensity towards LLM adoption (personal innovativeness), reliability and 
provider trust in LLMs (trust), ease of use and support (combined effort expectancy and facilitating 
condition) influenced perceived benefits and usage of LLMs (PEBIBU). Community standards and 
infrastructure (social influence and facilitating conditions combined) did not influence perceived 
LLM benefits and usage, probably because the participants were from developed countries with well-
developed connectivity infrastructure. Nevertheless, community standards and infrastructure will 
likely be significant in developing countries with problematic connectivity, magnifying the digital di-
vide between rich and poor countries.  

The second-order structural equation modelling indicated that supportive conditions and external in-
fluence (habit, social influence, and facilitating conditions combined), dominated by the habit con-
struct, contributed most to learning design, emphasizing the importance of ingrained habits as the 
strongest predictor of learning design, suggesting the need for regular use of LLMs by instructional 
designers and teaching academics.  

Perceived LLM benefits and usage contributed the second most to learning design, emphasizing the 
need to align perceived LLM benefits and usage with student learning outcomes in teaching and 
learning to support student retention and assessment. Ease of use and support contributed the third 
most variance to learning design, indicating the importance of training to make using LLMs easy 
through good prompting skills. Hence, universities must provide courses on prompting engineering 
or workshops to empower their staff and integrate LLMs into existing workflows or teaching pro-
cesses. The innovative propensity towards LLM adoption (personal innovativeness) contributed the 
fourth most to learning design, suggesting that instructional designers and instructors are reluctant to 
experiment with new technologies; hence, universities must create enabling environments for struc-
tured experimentation by leveraging early adopters to lead workshops or provide peer mentorship. 
Reliability and provider trust in LLMs (Trust in Provider and Trust in LMS) contributed the least to 
learning design for instructional designers and instructors, signifying the need for universities to pro-
vide transparent use of personal data, training, and responsible and ethical use of LLMs to build 
trust. Understanding the contribution to learning design by individual factors helps instructional de-
signers and instructors develop support strategies and interventions to improve learning design expe-
riences and hence learning outcomes. Regarding gender, males had a stronger usage of LLMs com-
pared to females. Age did not influence LLM usage. Instructional designers and teaching academics 
with postgraduate qualifications were more skeptical of LLM usage than those with a first degree. 
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