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A B S T R A C T   

The emergence of artificial intelligence (AI) as a subject to be incorporated into K-12 educational levels places 
new demand on relevant stakeholders, especially teachers that drive the teaching and learning process. It is 
therefore important to understand how ready teachers are to teach the emerging subject as the success of AI 
education would probably be closely dependent on the readiness of teachers. As a result, this study presents an 
insight into factors influencing the behavioural intention and readiness of Nigerian in-service teachers to teach 
artificial intelligence. A total of 368 teachers, from elementary to high school participated in the study. We 
utilised quantitative methodology using variance-based structural equation modelling to understand the rela-
tionship among the eight variables (AI anxiety, perceived usefulness, AI for social good, Attitude towards using 
AI, perceived confidence in teaching AI, relevance of AI, AI readiness, and behavioural intention) considered in 
the study. The result indicated that confidence in teaching AI predicts intention to teach AI while AI relevance 
strongly predicts readiness to teach AI. While other factors influence the teaching of AI, anxiety and social good 
could not predict teachers’ intention and readiness to implement AI in classrooms respectively. We discussed the 
implication of our findings in relation to AI implementation in schools and highlight future directions.   

1. Introduction 

The crucial role of teachers in the teaching and learning process 
cannot be overemphasised. This becomes more evident when new ideas 
and topics are to be introduced to students. Artificial intelligence (AI) 
education, a relatively new concept for the K-12 educational level, has 
been considered an important subject to be incorporated from early 
childhood through to high school (Sanusi, Olaleye, Oyelere, & Dixon, 
2022; Touretzky, Christina, Breazeal, Martin, & Seehorn, 2019). The 
emergence of AI education as a subject place new demands on teachers, 
researchers, and policymakers to ensure its effective implementation in 
schools. While the adoption of new curricula material necessitates state 
policy analysis and future needs (Sanusi, Olaleye, et al., 2022), there are 
increasing initiatives by researchers to ensure the democratisation of AI 
among students across grade levels. Such initiatives include the design 
of curricula, tools, resources, and approaches that support teaching and 
learning AI concepts (Sanusi & Oyelere, 2020; Chiu, 2021; Xia et al., 

2022). Notwithstanding that several researcher-designed curricula and 
resources exist to introduce the AI concept, teachers possess limited 
knowledge to teach AI to their students (Sanusi et al., 2021b). 

Having identified teachers’ lack of AI knowledge as a barrier to AI 
implementation, studies have begun to explore the preparation of 
teachers to teach AI through professional development (PD) programs 
(Lee & Perret, 2022) and co-design of learning resources (Lin & Van 
Brummelen, 2021). While PD is important, exploring teachers’ intention 
and readiness to teach AI in classrooms is imperative since teachers’ 
acceptance and disposition could be a pointer to their interest in 
teaching technology and impact their teaching practices (Nikolopoulou, 
Gialamas, Lavidas, & Komis, 2021). Adopting course content in the 
classroom would be impossible without teacher buy-in (Lin & Van 
Brummelen, 2021). As a result, gathering teachers’ perceptions of their 
intention and readiness to teach AI would contribute to understanding 
the factors that support the successful implementation of AI in schools. 
There is a lack of research in the emerging field that specifically consider 
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teachers. To our knowledge, no study has investigated teachers’ inten-
tion and readiness to teach AI in schools which necessitates the need to 
consider filling the gap. Earlier studies have identified students’ inten-
tion to learn AI; we, however, believe that teacher’s perspective should 
not be secondary since teachers are expected to promote AI-related 
concepts in class. It is then necessary to understand their perspectives 
that will encourage effective implementation of the subject in schools. 
For this study, teacher readiness is defined as the degree to which an 
individual feels confident about oneself in disseminating AI education in 
elementary to high schools. Studies on teachers’ readiness have been 
explored by several researchers, for example, in the online learning 
context (Hung, 2016), e-learning (Keramati, Afshari-Mofrad, & Kam-
rani, 2011), and sex education (Nguyen et al., 2022), among others. 

This study investigated the factors influencing the readiness and 
behavioural intention to teach AI within the K-12 context, specifically 
from elementary through high schools, regardless of their specialisation. 
Since teacher education for AI is lacking (Sanusi, Oyelere, & Omidiora, 
2022), there is a need to prepare PD to ensure teachers can lead this 
discussion in classrooms. In keeping with this, we posit that teachers of 
different disciplines could be trained as an alternative for specialized 
teachers to ensure AI is democratized for future designers and shapers of 
AI technologies. This assumption is corroborated by the study of Lin and 
Van Brummelen (2021), that co-designed lesson plans with teachers of 
various subjects such as history and language art, among other STEM 
subjects, to embed AI concepts into those subjects. Based on the above, 
we designed our studies to gather teachers’ perspectives from varying 
specialisations to understand the factors that could influence the effec-
tive implementation of AI in Nigerian schools. 

We adapted a survey of earlier studies (Chai et al., 2021; Chai, Wang 
& Xu, 2020; Keramati et al., 2011) to achieve our aim research. Factors 
such as confidence in teaching AI, the relevance of AI, and AI for social 
good among others, were adopted to propose a framework guided by the 
theory of planned behaviour (TPB). The findings of this study may be 
valuable resources for researchers to advance or integrate the existing 
model and for administrators and policymakers to develop policies and 
solutions that will affect the effective implementation of AI in schools. 
This paper is organised as follows. Section 2 discusses related literature, 
including AI in K-12 education and AI teaching in Africa. Section 3 
showcases the variables considered in this study and discusses the 
developed model guiding the study. Section 4 presents the methodology 
adopted in the study, followed by the analysis of data gathered and 
findings in Section 5. Finally, we unpack the result for discussion and 
highlight the implication for effective implementation of AI in schools 
before we conclude, identifying limitations and outlook on future 
studies. 

2. Literature review 

As the number of AI technologies around us increases, people have 
had more chances to interact and work with these technologies. This has 
made AI part of our everyday lives, for example, Siri, smart home ap-
pliances, smartphones, Alexa, and AI in computer games (Touretzky 
et al., 2019). Many of us know about these services and technologies and 
use them in places like our homes, schools, and recreation centres, but 
almost no one knows about the science and technology that makes them 
work. Hence, it is essential to teach people early about the technical 
background and basic ideas behind these technologies, such as algo-
rithms, data structures, and programming or coding. Like traditional 
literacy, which includes being able to write, read, and do Maths, AI and 
computer science literacy will become a significant issue in the future. 
With AI literacy, students also get a good foundation for studying at 
university and their future careers. The daily increase in the use of AI 
technologies suggests a rise in the number of people looking for jobs in 
science and engineering. Even though computer science education in 
schools does not emphasize teaching AI fundamental topics, countries 
have begun to teach AI education in primary and secondary schools in 

China (Han et al., 2018; UNESCO, 2022). The UNESCO report that in-
dicates eleven countries currently have government-endorsed AI 
curricula with few other countries in the developmental process implies 
that more effort is required to develop resources for the emerging field. 
Despite several initiatives regarding curricula, tools, Professional 
development and pedagogy, there is a need for more research and ini-
tiatives to ensure AI for all is achieved. 

Having the required skills and a good understanding of AI tools can 
be important for children to excel and connect to society more quickly. 
Agencies and governments are gradually starting to realise this. In 2017, 
the House of Lords in the United Kingdom made a committee on AI 
(House of Lords, 2018). By 2018, the committee had put out a report 
that said AI would certainly drive and affect the lives of future genera-
tions. So, the education system needs to meet the needs of future gen-
erations by doing the following: first, prepare children for a future with 
AI, make them aware of it, and prepare them for a job market that might 
be hard to predict. Second, help young people understand how the 
technology they interact with and use daily works. This could inspire a 
new generation of AI researchers and software engineers. Lastly, teach 
the next generation of professionals how to develop safe, ethical AI 
systems in fields like medicine, automobile, and finance (Oxford Insight 
2020). The prospects for young people are rapidly changing, and those 
with AI-related skills may have an advantage. 

2.1. Artificial intelligence in K-12 education 

AI technologies, such as user-facing services and products, are being 
integrated rapidly into our daily activities and have become a topic of 
discussion amongst educators (Yang, 2019; Zimmerman, 2018, p. 2018). 
Researchers have said that formal education from K–12 should put AI 
literacy at the top of the list and teach kids how to interact with AI 
properly (Vachoysky et al., 2016). As ML becomes a part of K–12 com-
puter education, studying how intuition is developed in these systems 
becomes essential. Since teachers and schools are already finding it 
challenging to teach and integrate computational thinking and tradi-
tional AI into the K-12 syllabus, it has become challenging for computing 
education research to figure out the approach most appropriate to teach 
ML to students in K–12. Even though ML and AI are at the heart of 
modern computing, only a few studies are available on how individuals 
learn to train, test, improve and deploy ML models. This is especially 
true in the K–12 curriculum. 

AI has been used in educational technology for decades; however, 
there has always been a big question: (How) can kids be taught about AI? 
The AI education initiatives for the K-12 have been centred on the “hot 
topics in AI” in each era ever since the 1970s, with examples from 
different programmes and research on teaching AI/ML to young stu-
dents (Hitron, Wald, Erel, & Zuckerman, 2018; Kong et al., 2017). The 
majority of these projects focus on developing learning environments 
that allow individuals to use block-based programming to create simple 
AI applications (Bishop et al., 2019), teach high school students the 
fundamentals of object identification and provide interactive data 
visualization training (Gresse von Wangenheim, Hauck, Pacheco, & 
Bertonceli Bueno, 2021), and enroll in courses that are organized into 
series to teach fundamental AI principles and how to use current AI 
resources. Nevertheless, like other parts of computational thinking, one 
of the most complex parts of teaching ML in K–12 is determining what 
should be taught at each level (Srikant & Aggarwal, 2017). The term 
“K-12′′ describes a wide variety of students and different educational 
objectives for each age group. For example, kindergarteners focus on 
learning basic reading and math skills. At the same time, high school 
seniors often use advanced techniques for problem-solving and work on 
mathematical modelling to prepare for college. The resources and 
teaching methods that work best for specific age groups, categories, 
learning environments, and the anticipated learning outcomes differ 
greatly. This is reflected in the various challenges and objectives of ML 
education programs. This has led to different K–12 ML education 
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programmes today. An example is the research by Burgsteiner, 
Kandlhofer, and Steinbauer (2016) that examined how to teach the basic 
ideas of computer science and AI in high school (grades 9–11). To 
achieve this, Burgsteiner et al. (2016) developed an AI course combining 
theoretical and applied components that cover the major topics such as 
data structure, planning, search, agent systems, automata, graphs, 
problem-solving, and machine learning. The pilot project and evaluation 
results showed that the students who took part in the course learned 
about the various concepts and topics. 

The study by Srikant (2017) examined how teaching ML is changing 
in the K-12 curriculum regarding practice, theory, and technology. The 
study discusses different challenges that K–12 computer teachers should 
consider when trying to solve the problem of teaching AI in K-12. The 
article focuses on some of the most critical parts of the transitions and 
key changes that will be needed to successfully include machine learning 
in the K–12 computer curriculum. Srikant (2017) concluded that a 
crucial step to solving some of these challenges is to get rid of the idea 
that rule-based “traditional” programming is a key part of developing 
computational thinking for the next generation. Sanusi, Oyelere, Agbo, 
and Suhonen (2021) presents a resource catalog to help teachers find 
suitable teaching paths and make the decision to teach the basic con-
cepts of ML through a systematic review of between 2010 and 2021. The 
study identified 20 tools aside the set of unplugged activities utilised to 
teach ML basics across K-12 settings. The identified tools are primarily 
free and web-based, and the kind of ML task mainly supported is 
recognition, for instance, image or speech recognition. Zimmermann--
Niefield, Turner, Murphy, Kane, and Shapiro (2019) proposed that 
schools could collaborate with the private sector to promote and 
encourage students to learn the fundamentals of AI outside of school 
through introducing programming activities. It was shown that the 
students took more interest in the AI technologies that were being shown 
to them and wanted to use them. However, they had difficulty under-
standing how important it was to learn more about AI because the AI 
learning activities were not connected to the regular syllabus. At the 
same time, it was observed that students’ different levels of math 
knowledge could slow down the progress being made and their learning 
pace. Given this problem of disconnections, it was concluded that it is 
essential to figure out how ways AI could be well integrated into the 
existing syllabus. 

2.2. Teaching artificial intelligence in African schools 

Due to the rapid growth in the digitization of our daily tasks, AI 
education is now a crucial facilitator for future opportunities where 
creativity, knowledge, and the possession of relevant skills will be the 
key to success. So, getting a good AI education is important for the future 
AI workforce to be more open and diverse. Knowing how ML models the 
world is a type of data literacy that can help kids explore, understand, 
and ask questions about the data-driven systems they use every day like 
face recognition, smartphones, and voice recognition (Aruleba, Dada, 
Mienye, & Obaido, 2021). ML is also an important part of the K12 
agenda for computational thinking and participation (Oxford Insight 
2019). 

Currently, ongoing initiatives and research are being done on 
developing and using AI in Africa (Oyelere et al., 2022). Most of these 
researches have shown that most AI applications used in Africa come 
from other continents and thus lack contextual relevance because they 
do not consider things like culture and infrastructure. This concern is 
related to the fact that Africa has one of the lowest scores on the 2020 
global Government Artificial Intelligence Readiness Index (Gwagwa, 
Kachidza, Siminyu, & Smith, 2021; Aruleba & Jere, 2022; Aruleba et al., 
2022A). AI can potentially have the same impact in Africa as in other 
parts of the world. However, this will depend on the specifics of Africa 
and the way it works. 

The world’s most populous continent, Africa, has a higher proportion 
of young people than any other continent. As a result, the growing 

awareness and initiatives in K–12 on AI education around the world 
must also be viewed through an African lens. A youthful population 
translates into greater potential for the working population, creativity, 
and socioeconomic development. Therefore, these groups of people 
need to possess the skills necessary to function in environments where 
human-AI collaborations are the norm. The study by Oyelere et al. 
(2022) conducted a systematic review of how AI is taught in grades K–12 
in African schools. The study found that AI in K–12 education in Africa is 
grossly lacking and that students may be more comfortable if they 
collaborate with instructors to participate in the classroom (Aruleba, 
Jere, & Matarirano, 2022 B). The study also found that most teachers 
and students think it hard to teach AI basics. The Design-Based Research 
curriculum for teaching AI must address numerous issues since it is still 
relatively new to the African setting to teach AI to students in grades 
K–12. However, some of these issues could be resolved by using African 
artefacts to train AI models created by K–12 Native students (Sanusi & 
Olaleye, 2022). Also, most K–12 AI education research with instructors 
uses researchers as instructors instead of K–12 teachers. This means that 
valuable knowledge and feedback from professionals (i.e., teachers) 
who have worked in the classroom may not be obtained. While there is 
dearth of research focusing on teaching and learning AI within kinder-
garten through high school in Africa (Sanusi, 2021a, 2021b), few works 
have begun to explore the context. However, more work is still needed to 
understand how AI can be effectively implemented in African schools in 
order to be part of the global initiative and contribute to future AI 
development. 

3. Hypotheses development 

3.1. AI anxiety 

The introduction of technology usually comes with unusual feelings 
for its potential users. Such unique feelings may vary from optimism and 
discomfort or anxiety in using new technology (Dai et al., 2020). Anx-
ieties related to artificial intelligence (AI), also referred to as the 
“technophobia” (Katsarou, 2021), are the result of a lack of precision in 
technological deployment and enhancement, bewilderment as a result of 
autonomy, and panic due to unknown direction of technological 
development (Johnson & Verdicchio, 2017; Terzi, 2020). AI anxiety has 
been generally attributed to three significant factors: confusion about 
computational entities and humans, the exclusion of man in the execu-
tion of AI tasks, and the inaccuracy in how technological development is 
conceived (Johnson & Verdicchio, 2017; Lemay, Basnet, & Doleck, 
2020). Li and Huang (2020) categorised contributing factors to AI 
anxiety as learning anxiety, bias behavior anxiety, privacy violation 
anxiety, artificial consciousness anxiety, lack of transparency anxiety, 
ethics violation anxiety, job replacement anxiety, and existential risk 
anxiety. Compared with concepts like self-instruction, behaviour 
intention describes the perceived willingness to use AI (Rahman, 2020). 
Several perspectives have been hypothesised concerning the relation-
ship between AI anxiety and behavioural intention. According to Chai, 
Lin, and Jong (2020), AI anxiety is negatively insignificant to behav-
ioural intention. This position emanated from the study of secondary 
students’ behavioural intention and eight factors correlating in direct 
and indirect positive and negative roles, including usefulness, optimism, 
and confidence initiated by AI literacy. Relating AI and computer anx-
iety as interchangeable concepts, Kin, Oki, and Rai (2020) found out that 
anxiety or nervousness toward computers negatively affects 
self-adequacy among users, suggesting a negative prediction of behav-
ioural intention. From a self-efficacious standpoint of Katsarou (2021), 
the presence or absence of technophobia or AI anxiety is a strong pre-
dictor of competence, digital literacy and hence, positive or negative 
behavioural intention. In the context of AI, we assume that anxiety could 
influence teachers’ intention to teach AI in schools. Thus, we hypoth-
esised that: 
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H1. AI anxiety significantly predicts behavioural intention 

3.2. Perceived usefulness 

Perceived usefulness is defined by Sugandini, PurwokoPambudi, 
Resmi, Reniati, and Kusumawati (2018) as the level of belief a person 
has that the use of technology will increase their performance and 
relieve them of efforts. The idea of perceived usefulness and perceived 
ease of use was popularised by Davis (1989), who explained perceived 
usefulness as the “degree to which a person believes that using a 
particular system would enhance his or her job performance” while 
perceived ease of use refers to “the degree to which a person believes 
that using a particular system would be free of effort.” Sugandini et al. 
(2018) and Davis (1989) established a direct relationship between these 
two terms. However, this study focuses on perceived usefulness and its 
correlation with behavioural intention. Perceived usefulness is generally 
significant in predicting behavioural intention and hence, the outcome 
of AI usage (Darmansyah, Hendratmi, & Aziz, 2020; Samuel, Onasanya, 
& Olumorin, 2018). In the study of Darmansyah et al. (2020), perceived 
usefulness was found along with the acceptance model and planned 
behaviour to predict behavioural intention toward using Islamic Fin-
Tech strongly. This position agrees with that of (Ramayah & Ignatius, 
2005); Glavee-Geo, Shaikh, & Karjaluoto, 2017). Thus, we proposed the 
hypothesis below: 

H2. Perceived usefulness significantly predicts behavioural intention 

3.3. AI for social good 

The concept of social good in computing was integrated into com-
puter science education due to its impact on the users. Such impacts 
among students, for example, include the motivations for social rele-
vance, opportunities to contribute to society and be prepared for real- 
world experiences, and the opportunity to attract underrepresented 
groups into computer science, among others (Fisher, Cameron, Clegg, & 
August, 2018). In AI, social good has been exhibited in many instances 
example of which is the AI robots being designed in Japan to help the 
aging population (Chai, Lin, & Jong, 2020). Instances of social good such 
as this have influenced students’ behavioural intention toward learning 
AI. This view is similar to that of Fishbein and Ajzen (2011), whose study 
affirmed that students have the likelihood of expressing motivation to 
learn AI if such would result in the promotion of social good. Another 
simple example of AI for social good apart from the Japanese phenom-
enon is the opportunities provided by chatbots in benefiting social im-
pacts by providing health support, promoting healthy living, and 
strengthening voting behavior in certain climes (Følstad et al., 2018). 
The knowledge of these impacts is demonstrably found to be a good 
predictor of behavioural intention in AI (Chai, Lin, & Jong, 2020). We, 
therefore, proposed the hypothesis below: 

H3. AI for social good significantly predicts behavioural intention 

The realisation of AI’s potential to solve problems relating to sus-
tainable development goals (SDGs), such as human rights, gender, and 
inequality issues, was predicted to influence the acceptability and 
readiness of students to learn AI (Tomašev et al., 2020). Student readi-
ness involves various soft skills which ensure adequate preparation of 
students’ minds to ensure optimal learning. Students’ readiness is also 
seen as their self-efficacy or self-concept and their belief in an event 
based on past experiences (Dai et al., 2020). A broader look defined 
readiness and its relationship with optimism towards adopting new 
technology or strategy. This informs the definition of readiness as the 
“optimistic outlook that one could control and use technology flexibly” 
(Chai, Wang, & Xu, 2020). The work of Chai et al. (2021) demonstrated 
that students’ perception of learning AI for social good is a significant 
predictor of students’ readiness to learn AI, thus suggesting that cur-
riculum providers give insights to students on the application of AI to 

solve real-world problems as a method of inducing them to delve further 
into learning AI. Furthermore, findings by Sing et al. show that readiness 
for AI s not apparent to students immediately, but by utilising AI for 
social good, students expressed more confidence in their ability and 
readiness to use AI. We, therefore, proposed the hypothesis below: 

H4. AI for Social good significantly predicts AI readiness 

3.4. Attitude towards using AI 

Attitude in the context of this study describes the level of a person’s 
favorable or unfavourable appraisal of a particular behaviour. The 
Technology Acceptance Model (TAM), developed by Fred Davis (Davis, 
1989), is one of the most cited theories used in explaining how the 
behavioural intention of individuals is determined by their attitudes 
which may be positive or negative. TAM is an offshoot of TRA known as 
the theory of reasoned action (Bashir & Madhavaiah, 2015; Pan, Ding, 
Wu, Yang, & Yang, 2019; Wu, Li, & Fu, 2011). In Wu et al. (2011), TRA is 
explained as a person’s behavior towards certain action determined by 
the behavioural intention, which determines the person’s behavior. This 
explains the symbiotic relationship between attitudes and behavioural 
intention. Hence, several studies have indicated the significant deter-
mining role of attitude in the behavioural intention (Hsieh, 2015; Khor 
& Hazen, 2017; Pan et al., 2019). Pan et al. (2019) studied doctors’ 
purpose of adopting smart healthcare services from a technology 
transfer perspective and found a significant relationship between the 
physicians’ attitudes and behavioural intentions. In a similar vein, Wu 
et al. (2011) established a strong link among variables such as attitude, 
subjective norm, and behavioural control in the behavioural intention to 
use mobile healthcare services. Thus, the hypothesis below was 
proposed: 

H5. Attitude significantly predicts behavioural intention 

3.5. Confidence in teaching AI 

Confidence is an individual’s belief in their abilities or capabilities to 
successfully carry out or execute a shared behavior, thus implying a 
personal sense of “I can get this job done” when approaching new ter-
rains or challenges (Dai et al., 2020). While differences in confidence 
level may predict an intended behavior to learn, it is generally accepted 
that confidence significantly predicts behavioural outlook toward 
learning (Lee, 2010). Behavioural intention towards utilising technology 
as a tool for learning is tied to the confidence level of the student’s (Sing 
et al., 2021). Sing et al. (2021) did not exclude confidence in learning as 
singular or background factor predicting behavioural intention. The 
background factor identified in the study established that AI literacy is 
the most important predictor of behavioural intention while other is-
sues, including confidence in learning, play contributory roles. The 
survey of Chai, Lin, and Jong (2020), in an empirical manner, investi-
gated the elements affecting students’ behavioural intention to learn AI 
by deploying correlation and regression analysis, proving that students’ 
confidence is indeed a key predictor of their behavioural intention in 
learning AI. The results of findings from 682 upper primary classes in 
Beijing show that self-efficacy, a form of confidence, influenced the 
intention to learn and other variables such as social good and AI literacy. 
Thus, confidence is the most important predictive factor in behavioural 
intention toward AI (Owolabi et al., 2022; Sing et al., 2021). We, 
therefore, proposed the hypothesis below: 

H6. Confidence significantly predicts behavioural intention 

Confidence is also recognised as a positive feeling toward learning 
and is thus linked to students’ willingness and readiness to learn (Chai, 
Lin, & Jong, 2020). However, some findings did not discover any 
connection between students’ readiness, literacy in AI, and confidence 
in learning (Dai et al., 2020). However, the study did not fail to establish 
a link between students’ AI readiness and confidence, which are 
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significantly correlated. To ascertain the relationship between confi-
dence in teaching AI and AI readiness, we hypothesis that: 

H7. Confidence significantly predicts AI readiness 

3.6. Relevance of AI 

Several studies have established that individuals’ disposition to-
wards learning is determined by factors such as (i) whether the outcome 
would yield positive outcomes, (ii) whether the outcomes are norma-
tively desirable, and (iii) whether the learning involve outcomes and 
behavioural processes that are controllable (Sing et al., 2021). The 
relevance of AI in predicting behavioural intention is predicted on the 
first and second assumptions of the determinants stated by Sing et al. 
(2021). However, Dai et al. (2020) argued that learners could not 
ascribe relevance to AI without knowing about AI and an idea of what an 
AI-infused future looks like. This suggests an insignificant relationship 
between AI relevance and behavioural intention since students cannot 
form a behavior towards AI without knowing what it entails. In the 
context of teachers, we hypothesise that: 

H8. AI relevance significantly predicts behavioural intention 

Many studies have focused more on the direct relationship between 
AI literacy and readiness than on AI relevance and readiness (Chai et al., 
2020a; Dai et al., 2020). AI literacy significantly predicted students’ 
readiness to learn (Chai et al., 2020a), thus implying that awareness or 
literacy is required to determine the level of readiness for learning 
artificial intelligence. Citing (Saracevic, 1975), however, Davis (1989) 
affirmed that the perceived relevance and usefulness of information 
science and AI determine learners’ openness to learning. A 
non-academic environment of AI usage shows how relevance influences 
the readiness to interact with AI tools. Online retailers in a particular 
study indicated that relevance to customers is a factor they consider 
when delivering recommendation services in AI (Yoon & Lee, 2021, pp. 
1912–1928). To ascertain if the relevance of AI will predict the readiness 
of teachers to teach AI in schools, we hypothesised that: 

H9. AI relevance significantly predicts readiness 

3.7. AI readiness 

The Technology Readiness Index (TRI 2.0) is designed with the un-
derstanding of people’s likelihood to pose a certain behavioural outlook 
to technology based on their readiness level (Parasuraman & Colby, 
2015). This idea of readiness projected by Chai et al. (2020a) into 
technological optimism explains that a positive outlook toward tech-
nology usage in the future is based on expectancy, which fuels readiness. 
This expectancy or optimism, therefore invariable, would predict 
behavioural intention toward AI (Chai et al., 2020a). In the context of 
teaching AI, we thus hypothesised that: 

H10. AI readiness significantly predicts behavioural intention to teach 
AI 

4. Method 

In this study, we aimed to question if a relationship exists between 
teachers’ readiness and belief in the relevance of teaching AI and various 
variables and test whether these variables predict their intention to 
introduce AI in schools, and then produce a model that explains and 
predicts the relations between teachers’ readiness and various variables. 
Therefore, this research set out to validate the model by sampling 
Nigerian teachers irrespectively of grade levels within K-12 (elementary 
to high school) to understand their willingness to implement AI in 
schools and the factors contributing to its effective introduction in 
schools. 

4.1. Sample and its characteristics 

Table 1 shows the demographic details of the teachers involved in 
this study. Altogether 385 teachers filled a voluntary online AI survey, 
while 368 responses were helpful for analysis. Of the responses 
retrieved, more female teachers, representing 52.2% of the population, 
responded to the survey. The age range of the teachers falls within 25–40 
years, suggesting the techno-mobile age group in this fourth industrial 
revolution era. Even though teachers across grade levels from elemen-
tary to high school are sampled, more of the teachers in this study 
represent the high school with 54.3%. The teachers sampled comprise 
STEM and non-STEM teachers; however, 69.6% of the teachers are of 
STEM extraction. The teachers primarily teach in public schools (73.9%) 
and urban areas (69.6%). 

4.2. Measurement instrument 

Here, we introduce measuring instruments of our variables gathered 
from different references and adapted to fit our purpose. Hence, we 
partially selected our items from different sources, and we afterwards 
asked two academic experts to validate the questionnaire. 

Eight latent variables with 33 items were developed in this study, 
which was adapted from previous studies (Chai et al., 2021; Chai, Wang 
& Xu, 2020; Keramati et al., 2011). Section 4.2.1 and 4.2.2 presented the 
factors adapted explicitly in the study. Responses were scored on a Likert 
scale from 1 (strongly disagree) to 6 (strongly agree). The survey was 
divided into two parts. The first part collected background data such as 
gender, age, grade level, location, type of school, and specialisation. In 
the second part of the survey, we measured teachers’ perceptions 
regarding AI anxiety, perceived usefulness, AI for social good, attitude 
towards using AI, confidence in teaching AI, the relevance of AI, and 
readiness for AI. Among the items that survived, 30 items are listed in 
Table 2 after the deleted factor/outer loadings ≤0.60. 

4.2.1. Readiness factor 
To the best of our knowledge, there is no study to provide empirical 

study for teachers’ readiness, among other variables, to predict intention 
to teach AI in K-12 classrooms. Thus, questions in this questionnaire 
section, as shown in Table 2, are adapted from Keramati et al. (2011). 

4.2.2. Other factors 
Other factors used to glean the teachers’ perspective in this study 

include AI anxiety, Perceived usefulness, AI for social good, Attitude 
towards using AI, Confidence in teaching AI, Relevance of AI, AI 

Table 1 
Demographic profile of the participants.    

Frequency Percentages 

Gender Male 176 
192 

47.8 
52.2 Female 

Age Less than 25 96 26.1 
26–30 64 17.4 
31–35 24 6.5 
36–40 60 16.3 
41–45 76 20.7 
46–50 24 6.5 
50 and above 24 6.5 

Grade level Elementary 8 2,2 
Primary 40 10,9 
Lower secondary 120 32,6 
Upper secondary 200 54,3 

Specialisation Science 256 69,6 
Commercial 68 18,5 
Art 44 12 

School type 
School location 

Public 272 73,9 
Private 96 26,1 
Urban 256 69.6 
Rural 112 30.4  
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readiness, and Behavioural Intention to teach AI. These variables are 
adapted from Chai, Wang & Xu (2020) and Chai et al. (2021) studies. 
Though the items in the identified studies are focused on students’ 
intention to learn AI, we adapted the items to be appropriate for the 
teachers in relation to teaching of AI. 

4.3. Data collection 

Data utilised in the study was collected using Google form. An online 
AI survey was designed on google form and was shared across teachers’ 
platforms in a southwestern Nigerian state. Two online research assis-
tants were recruited for subsequent reminders across the platforms to 
encourage the teachers to voluntarily respond to the online survey. The 
Google form-based instrument was left open for about four weeks be-
tween 6th March to 8th April 2022 before it was closed for data retrieval. 
The platforms with which the survey link was shared include the teacher 
association website and WhatsApp groups comprising teachers that 
yielded the most response. 

4.4. Data analysis 

We checked the collected data for missingness and outliers. There 
were no outliers, but missing values were found. Therefore, it is crucial 
to analyse the extent of missingness and resolve it using the appropriate 
method. Data incompleteness can cause several problems and lead to 
spurious statistics if they are not considered properly. Statistical package 
for social science (SPSS) version 28.0 software was used to perform the 
missing value analysis. Little’s test showed the questionnaire data (X2 =

130.976, df = 159, p = 0.949) are missing completely at random 
(MCAR). The expectation-maximization (EM) method is employed to 
determine whether missing values are related to the variables. MCAR 
suggests no pattern in the missing data (i.e., the non-significant result for 
Little’s test). The missing data points, therefore, were replaced using the 
imputation method. Also, the median was used to compute descriptive 

Table 2 
Convergent validity and reliability of the constructs.  

Items Outer 
loadings 

Composite 
reliability 

Average 
variance 
extracted 
(AVE) 

AI Anxiety (AN): Median = 2.0, 
Cronbach’s Alpha = 0.707 
AN3-When I consider the 
capabilities of AI, I think about 
how difficult my future will be. 

0.772 0.858 0.753 

AN4-I have an uneasy, upset 
feeling when I think about AI. 

0.954   

Perceived Usefulness (PU): 
Median = 4.5, Cronbach’s 
Alpha = 0.920 
PU1-Using AI technology 
enables me to accomplish tasks 
more quickly 

0.898 0.949 0.862 

PU2-Using AI technology 
enhances my effectiveness 

0.952   

PU4-Using AI technology 
increases my productivity 

0.935   

AI for Social Good (SG): Median 
= 5.0, Cronbach’s Alpha =
0.813 
SG1-AI can be used to help 
disadvantaged people. 

0.611 0.876 0.645 

SG2-AI can promote human well- 
being. 

0.706   

SG3-I wish to use AI knowledge to 
serve others. 

0.923   

SG4-The use of AI should aim to 
achieve common good. 

0.925   

Attitude towards using AI (AT): 
Median = 5.0, Cronbach’s 
Alpha = 0.890 
AT1-Using AI technology is 
pleasant. 

0.929 0.932 0.820 

AT2-I find using AI technology to 
be enjoyable 

0.927   

AT3-I have fun using AI 
technology. 

0.860   

Confidence in teaching AI 
(CON): Median = 5.0, 
Cronbach’s Alpha = 0.876 
CON1–I am confident I can 
introduce the most complex 
material about AI in class. 

0.745 0.916 0.732 

CON2–I believe that I can succeed 
in demystifying AI for student if 
I try hard enough. 

0.857   

CON3–I feel confident that I will 
support students learning of AI 
in my class. 

0.891   

CON4–I am confident I can teach 
the basic concepts about AI in 
class. 

0.920   

Behavioural Intention (BI): 
Median = 5.0, Cronbach’s 
Alpha = 0.929 
BI1–I will continue to learn 
about AI knowledge 

0.853 0.946 0.779 

BI2–I will keep myself updated 
with the latest AI applications. 

0.870   

BI3–I plan to spend time in 
learning AI technology in the 
future. 

0.895   

BI4–I will pay more attention to 
emerging AI applications. 

0.902   

BI5–I intend to use AI to assist my 
teaching. 

0.892   

Relevance of AI (RA): Median =
5.0, Cronbach’s Alpha =

0.851 0.912 0.722  

Table 2 (continued ) 

Items Outer 
loadings 

Composite 
reliability 

Average 
variance 
extracted 
(AVE) 

0.872 
RA1-Learning AI in class will be 
useful 

RA2-AI content will be related to 
things I have seen, done or 
thought about in my own life. 

0.859   

RA3-It is clear to me how the 
content of AI is related to my 
lifestyle. 

0.841   

RA4-The content of AI will be 
useful to me in terms of learning 
the concept effectively. 

0.848   

Readiness of AI (RE): Median =
4.0, Cronbach’s Alpha =
0.850 
RE1-I have the relevant 
knowledge to teach AI in my 
class 

0.790 0.890 0.618 

RE2-I have access to appropriate 
hardware to teach AI in my class 

0.828   

RE3-I have access to appropriate 
software to teach AI in my class 

0.788   

RE4-I have access to relevant 
content to teach AI in my class 

0.820   

RE5-My school administration 
will support the teaching of AI 
in my class 

0.697   

Items adapted source; (Chai et al., 2021; Chai, Wang & Xu, 2020; Keramati et al., 
2011) 
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statistics for each construct. This was due to the measurements being on 
an ordinal scale. In this scale, the variables are arranged according to 
their natural ordering. Statistically, determining the mean and standard 
deviation for ordinal data is often discouraged, and other methods like 
median, mode, or quartile should instead be used (Agresti, 2016). 

Furthermore, partial least squares structural equation modelling 
(PLS-SEM) focusing on the analysis of variance was used to test the 
hypothesised model (See Fig. 1) involving exogenous (AI Anxiety, 
perceived usefulness, AI for social good, attitude towards using AI, 
confidence in teaching AI, AI relevance) and endogenous (AI readiness 
and behavioural intention) latent variables. PLS-SEM is a second- 
generation multivariate data analysis method that is often used to test 
causal models in behavioural research since there is no assumption 
about dataset distribution and sample size (Haenlein & Kaplan, 2004; 
Sarstedt, Ringle, & Hair, 2017; Statsoft, 2013) and the predictive ac-
curacy is essential (Chin, 2010; Wong, 2010, pp. 20–23, p. 2011). 
PLS-SEM was a more effective and promising alternative than 
covariance-based SEM (CB-SEM) in this study since the research objec-
tive is to maximise the explained variance in dependent constructs and 
evaluate data quality based on measurement model characteristics (Hair 
Jr et al., 2017a). In addition, composite-based models produce excellent 
outcomes in PLS-SEM like ours, while factor-based models provide 
better results in CB-SEM. PLS-SEM is, therefore, more suitable for theory 
development and prediction, which is the focus of the study. Modelling 
procedures in PLS-SEM use many equations, such as model specification, 
identification, estimation, and re-specification (Hair, Ringle, & Sarstedt, 
2011, 2013, 2017). Moreso, multi equations are commonly used to deal 
with the complex relationships among variables (Hair, Hult, Ringle, & 
Sarstedt, 2017). It is far too complicated for behavioural researchers to 
calculate manually since there are several equations, each with multiple 
variables. PLS-SEM has started gaining popularity in behavioural 
research due to its simplicity and graphical user interface software 
availability. In this study, the PLS-SEM has two sub-models, namely; the 
measurement (that is, the outer model, which specifies the relation be-
tween the latent variables and their observed variables) and structural 
(that is, the inner model, which states the relationships between the 
exogenous and endogenous latent variables) was performed using 
smartPLS software version 4.0 (Ringle, Wende, & Becker, 2022). Besides 
that, the measurement model was used to examine the validity and 
reliability of each construct contained in the questionnaire. We then 

tested the significance and strength of hypothesised relationships be-
tween these latent variables with a structural model (see Fig. 2). 

5. Result 

5.1. Measurement model analysis 

Each construct and its indicators/manifests made a causal contri-
bution to the hypothesised model (that is, assessment of the measure-
ment model), as shown in Fig. 1. The assessment procedure includes 
each construct’s indicator reliability, composite reliability, and average 
variance extracted (AVE). Hair, Hult, et al. (2017) suggested that fac-
tor/outer loadings should assess indicator reliability. They argue that an 
item is reliable if it has factor/outer loadings over 0.60. A construct is 
also considered reliable if the reliability coefficient for predicting it is 
above 0.70. A measure of convergent validity, AVE, is a measure of 
variance explained by the underlying construct (Fornell & Larcker, 1981 
cited in Amusa & Ayanwale, 2021; Ayanwale & Oladele, 2021). For the 
estimated AVE to be considered substantial, Hair, Hult, et al. (2017) 
recommends a minimum value of 0.50. Table 1 presents the convergent 
validity and reliability of the constructs. 

Table 2 depicts the validity and reliability of the constructs deter-
mined with the measurement model. The measurement model retained 
30 items with outer loadings ranging from 0.611 to 0.954. The com-
posite reliability (CR) of each construct is higher than 0.70, and the AVE 
exceeds the 0.50 value: AI Anxiety (CR = 0.858, AVE = 0.753), 
perceived usefulness of AI (CR = 0.949, AVE = 0.862), AI for social good 
(CR = 0.876, AVE = 0.645), attitude towards using AI (CR = 0.932, AVE 
= 0.820), confidence in teaching AI (CR = 0.916, AVE = 0.732), Atti-
tude towards using AI (CR = 0.932, AVE = 0.820), confidence in 
teaching AI (CR = 0.916, AVE = 0.732), AI relevance (CR = 0.912, AVE 
= 0.722), behavioural intention (CR = 0.946, AVE = 0.779), and AI 
readiness (CR = 0.890, AVE = 0.618), indicating satisfactory reliability 
and convergent validity of each construct (Hair, Hult, et al., 2017). In 
addition, based on Cronbach’s alpha estimates, AI Anxiety measured 
0.707, perceived usefulness of AI was 0.920, AI for social good was 
0.813, Attitude toward AI measured 0.890, confidence in AI teaching 
measured 0.876, behavioural intention measured 0.929, 0.872 for the AI 
relevance, and 0.850 for the AI readiness. Thus, the overall scale showed 
sufficient reliability with a Cronbach’s alpha coefficient of 0.857. Also, 

Fig. 1. Hypothesised Model for the latent variables.  
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teachers responded more favourably to all constructs according to the 
median statistics. Teachers are expected to teach AI, perceive AI to 
promote social good, and are positive about AI. Despite their concerns, 
they remained optimistic and wanted to know more about AI. They were 
also confident in their ability to teach it. According to the results, 
teachers’ readiness to teach AI appears positive, except for little antic-
ipated anxiety. 

We also tested discriminant validity using the heterotrait-monotrait 
correlation (HTMT). Since it offers superior performance compared with 
the Fornell-Larcker criterion and cross-loading evaluation (Henseler, 
Ringle, & Sarstedt, 2015), it has recently become the primary criterion 
for assessing discriminant validity. In this context, the HTMT values 
should not exceed 0.90 to establish discriminant validity (Henseler et al., 
2015). The discriminant validity of the constructs is presented in 
Table 3. 

The discriminant validity of the constructs is presented in Table 3. All 
constructs in the model recorded HTMT ratios below the benchmark of 
0.90. Based on this result, the constructs in the model have discriminant 
validity. In this way, convergent and discriminant validity assessments 
revealed constructs in the model to be valid. Thus, the latent scores of 
the constructs in the model were obtained and used to assess the 
structural model. 

5.2. Structural model analysis 

As explained by Hair et al. (2011), the structural model shows the 
causal relationships among the latent variables and estimates the R2 

value and path coefficients that determine the predictive power of each 
model. Path coefficients are evaluated using bootstrap p-values in 
PLS-SEM (see Table 4 for causal linkages). In addition, the collinearity 
issue was quantified with variance inflation factors (VIF), and a VIF 
value less than 3 is considered standard, but less than 5 is optimal (Hair 
et al., 2011). Accordingly, all constructs AI Anxiety (1.426), perceived 
usefulness (2.830), AI for social good (1.299), attitude towards using AI 
(2.075), confidence in teaching AI (1.564), AI relevance (2.169), and AI 
readiness (1.737) had VIF values less than 5. It was evident from the 

Fig. 2. Structural model.  

Table 3 
Heterotrait-monotrait (HTMT) ratio of the constructs in the model.   

AN RE RA SG AT BI CON PU 

AN         
RE 0.170        
RA 0.237 0.586       
SG 0.290 0.434 0.893      
AT 0.247 0.525 0.860 0.855     
BI 0.175 0.416 0.892 0.794 0.883    
CON 0.104 0.488 0.820 0.763 0.809 0.886   
PU 0.325 0.284 0.738 0.861 0.787 0.742 0.635  

Note: AN: AI Anxiety; PU: perceived usefulness; SG: AI for social good; AT: 
attitude towards using AI; CON: confidence in teaching AI; RA: AI relevance; RE: 
AI readiness. 

Table 4 
Standardized path coefficient for tested model.  

Hypothesis Path 
links 

β t- 
statistics 

p- 
values 

Effect 
size (f2) 

Remarks 

H1 AN - >
BI 

− 0.015 0.589 0.556 0.001 Not 
Accepted 

H2 PU - >
BI 

0.163 4.731 0.000 0.053 Accepted 

H3 SG - >
BI 

− 0.109 2.755 0.006 0.014 Accepted 

H4 SG - >
RE 

− 0.059 0.732 0.464 0.002 Not 
Accepted 

H5 AT - >
BI 

0.268 4.053 0.000 0.060 Accepted 

H6 CON - 
> BI 

0.402 7.789 0.000 0.327 Accepted 

H7 CON - 
> RE 

0.147 2.148 0.032 0.014 Accepted 

H8 RA - >
BI 

0.307 5.136 0.000 0.102 Accepted 

H9 RA - >
RE 

0.482 6.633 0.000 0.109 Accepted 

H10 RE - >
BI 

− 0.077 2.363 0.018 0.019 Accepted 

*p < 0.05 (Significant); p > 0.05 (non-significant). 
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statistics that the constructs did not overlap. 
In Table 4, the direct relationship between exogenous and endoge-

nous variables was examined, as well as the hypothesised relationship 
between the variables (H1); AI Anxiety - > Behavioural Intention (β =
− 0.015, p-value 0.556, f2 = 0.001) (H2), perceived usefulness - >
Behavioural Intention (β = 0.163, p-value 0.000, f2 = 0.053) (H3), AI for 
Social Good - > Behavioural Intention (β = − 0.109, P-value 0.006, f2 =

0.014) (H4), AI for Social Good - > AI Readiness (β = − 0.059, p-value 
0.464, f2 = 0.002) (H5), Attitude towards using AI - > Behavioural 
Intention (β = 0.268, p-value 0.000, f2 = 0.060) (H6), Confidence in 
Teaching AI - > Behavioural Intention (β = 0.402, p-value 0.000, f2 =

0.327) (H7), Confidence in Teaching AI - > AI Readiness (β = − 0.147, p- 
value 0.032, f2 = 0.014) (H8), AI Relevance - > Behavioural Intention (β 
= 0.307, p-value 0.000, f2 = 0.102) (H9), AI Relevance - > AI Readiness 
(β = 0.482, p-value 0.000, f2 = 0.109), and (H10) AI Readiness - >
Behavioural Intention (β = − 0.077, p-value 0.019, f2 = 0.109). Out of 
ten hypotheses tested in Table 3, eight were significant (H2-H3, H5- 
H10) and two insignificant (H1 and H4). Hence (H2-H3, and H5-H10), 
significantly predict their respective dependent variables. A measure of 
the extent to which each particular exogenous variable explains an 
endogenous variable is the effect size (f2). As recommended by Cohen 
(1988; 1992), the weak effect size was 0.02, moderate was 0.15, and 
strong effect was 0.35. In addition, R2 value of 30.30% accounted for the 
variance observed in AI readiness, while R2 = 79.20% did so for 
behavioural intention. 

6. Discussion and conclusion 

Identifying teachers’ lack of knowledge as a barrier to AI instruc-
tional facilitation is a step toward ensuring wide adoption in schools. 
More importantly is the understanding of teachers’ readiness and their 
intention towards AI curriculum since this could be an essential factor to 
teaching AI. Studies that specifically investigate teachers’ readiness and 
intention to teach AI has not been found in existing literatures. Thus, this 
study contributes to the literature on factors influencing teachers’ 
readiness and behavioural intention regarding AI instruction in K-12 
educational context. The variables involved in understanding teachers’ 
readiness and intention towards AI teaching as identified in this study 
include AI anxiety, perceived usefulness, social good, attitude, confi-
dence, and AI relevance (Chai et al., 2021; Chai, Wang & Xu, 2020). Ten 
hypotheses relating to the predictions of teachers’ readiness and 
behavioural intention towards AI were developed. Eight hypotheses 
predicted a significant relationship regarding behavioural intention and 
AI readiness. At the same time, the analyses of the results show that AI 
anxiety does not have a significant relationship with teachers’ behav-
ioural intentions. Similarly, AI for social good does not predict teachers’ 
readiness for AI. 

Through the understanding of these hypotheses, we find out whether 
relationship exists between teachers’ readiness and their belief in the 
teaching of AI, whether the variables identified in the study predict 
teachers’ intention to introduce AI in schools and lastly, produce a 
model explaining and predicting the relationship between teachers’ 
readiness and different variables. Our findings suggest that anxiety is not 
a significant predictor of behavioural intention. This is in line with the 
results of Chai Wang et al. (2020), whose study focused on secondary 
students’ anxiety and their behavioural intention toward learning AI, 
which is also in contrast to the findings of Katsarou (2021); Kin (2020) 
whose studies reveals a significant negative relationship between 
behavioural intention and anxiety or technophobia. While other 
scholars discovered the insignificance of anxiety on students’ behav-
ioural intention, our findings have also shown that anxiety in teaching 
AI does not significantly determine teachers’ behavioural intention. 

The finding of the second hypothesis strongly aligned with other 
findings that show the perceived usefulness of AI has a significant 
relationship with teachers’ behavioural intention. Other studies with 
similar findings include Darmansyah et al. (2020), Ramayah and 

Ignatius (2005), Glavee-Geo et al. (2017), and Samuel et al. (2020). 
Thus, teachers’ understanding of the usefulness of AI strongly predicts 
their behavioural disposition or intention towards fulfilling the goals of 
the AI curriculum in schools. Similarly, this study discovered that the 
perception of AI for social good could be a motivating factor for teach-
ers’ behavioural intention towards AI teaching. As earlier confirmed, 
understanding how AI can promote social good influences students’ 
behaviour towards learning (Chai, Lin, & Jong, 2020; Fishbein & Ajzen, 
2011). The study also remarked that the understanding of AI in pro-
moting social good could motivate teachers’ behaviour in teaching AI or 
adhering to the AI curriculum. Other variables predicting teachers’ 
behavioural intention towards AI include attitude, confidence, rele-
vance, and readiness. 

AI readiness, an endogenous variable in this study, was also pre-
dicted by variables such as confidence, social good, and relevance. Of 
the three hypotheses involving AI readiness, an insignificant relation-
ship was found between AI for social good and readiness. However, 
confidence and relevance strongly predicted teachers’ readiness to teach 
AI. The inability of AI for social good to significantly predicts teachers’ 
readiness to teach AI is contrary to Chai et al. (2021), where students 
expressed strong readiness to learn AI by their perception of AI for social 
good. This suggests that while students can be induced to be ready to 
learn AI by merely making them perceive AI as contributive to social 
good, teachers’ perception of AI for social good alone is not sufficient to 
make them ready to teach AI. On the other hand, their confidence level 
and perception of AI as a relevant instruction predict their readiness to 
teach AI. One of the most significant contributions of these findings to 
the literature on AI curriculum deals with AI readiness and behavioural 
intention. AI readiness also has a significant positive influence on 
Behavioural Intentions to teach AI. That is, the higher a teachers AI 
readiness is, the more likely it is for them to have favorable behavioural 
intentions regarding promoting AI-related activities in schools. Many of 
the studies reviewed dwelt more on behavioural intention as a predictor 
of AI teaching and learning, while readiness as a variable is strongly 
considered in this study. 

The success of AI education is closely dependent on the readiness of 
teachers, since the teaching and learning process in which teachers do 
not play a central role is unlikely to succeed (Trotsko, Rybalko, Kir-
ilenko, & Trush, 2019). The findings from this study would contribute to 
initiatives that promote the preparation of teachers for AI learning with 
the ultimate aim to ensure its effective implementation in schools, 
especially since AI has been considered an important concept to be 
learned by all students irrespective of grade levels. This study result can 
also be a guide to a professional development program for teachers, 
which is noticeably a key factor to be reckoned with in AI education. For 
instance, confidence in teaching AI and the relevance of AI emerge as a 
strong predictor in this study. Based on these factors, researchers and 
relevant stakeholders could channel effort into finding how to instill 
confidence in the teachers which would be empowering them with 
content knowledge of AI. Conclusively, teachers play a significant role in 
preparing the next generation and students to learn AI. As a result, the 
willingness and readiness of teachers to promote AI is vital for its 
implementation in schools and for equipping students for a human-AI 
teaming future. 

6.1. Limitations and future research 

Even though this study does not claim that the perspective of 
teachers gathered reflects all Nigerian teachers, we utilised a sample size 
that generates valuable insight on the topic of inquiry. Researchers 
should consider relatively larger samples across regions as well as 
comparison across contexts to validate the findings of this study. Our 
study gathered the perception of STEM and their non-STEM teachers. 
There’s the possibility that STEM teachers may have a more sophisti-
cated perception than their counterparts since AI is considered a STEM- 
related subject. Future studies should consider the difference between 
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the teachers’ responses based on their area of specialisation. Future 
research should consider the differences and similarities of teachers’ 
viewpoints across grade levels to understand how teachers perceive the 
teaching of AI. Regardless that the introductory section of the survey 
describes AI with examples before the specific items the teachers were to 
respond to, enrollment of the participants in an AI course covering basic 
AI knowledge could impact their response and the overall finding of this 
study. Professional development programs on AI where participants 
would learn about the basics of AI concepts, including hands-on activ-
ities, should be considered in future studies. 
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