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A B S T R A C T

Context: The rapid integration of generative artificial intelligence (AI) into education has created new possibil
ities for supporting teachers’ instructional planning and classroom practices. While prior research has largely 
focused on students’ AI use in higher education, limited empirical evidence explains how schoolteachers’ AI- 
related capabilities translate into effective lesson design and implementation, particularly in developing re
gions such as Sindh, Pakistan.
Objectives: Grounded in the Technology Acceptance Model (TAM) and Social Cognitive Theory (SCT), this study 
aims to examine how teachers’ AI literacy (AIL) influences AI-generated lesson design (AILD) and lesson 
implementation strategies (LIS), as well as to test the mediating role of AILD and the moderating role of teachers’ 
AI self-efficacy (TAISE).
Methods: A quantitative, cross-sectional survey design was employed. Data were collected from 300 government 
schoolteachers in Sindh, Pakistan, all of whom had completed formal training on AI-based lesson planning tools. 
Partial least squares structural equation modelling (PLS-SEM) was used to assess the measurement and structural 
models. Mediation and moderation effects were further validated using SmartPLS and Jamovi.
Results: The findings indicate that AI literacy significantly and positively predicts AI-generated lesson design, 
which in turn has a strong positive effect on teachers’ lesson implementation strategies. AI-generated lesson 
design partially mediates the relationship between AI literacy and lesson implementation, highlighting peda
gogical design as a key mechanism linking AI competence to classroom practice. Teachers’ AI self-efficacy shows 
a significant direct effect on AI-generated lesson design; however, its moderating effect on the AI literacy–lesson 
design relationship is not supported.
Conclusion: This study extends TAM and SCT to the context of generative AI–enabled teaching in school edu
cation. The results underscore the importance of strengthening teachers’ AI literacy and pedagogical design skills 
through structured training and policy support to ensure sustainable and effective AI integration in classrooms.

1. Introduction

Education systems worldwide are undergoing rapid transformation 
driven by digital technologies, with artificial intelligence (AI) emerging 
as one of the most influential forces reshaping teaching and learning 
practices. Traditionally, classroom instruction relied heavily on teach
ers’ subject knowledge, pedagogical expertise, and manual instructional 
planning processes. However, in many developing contexts, including 

Pakistan, teachers often face systemic challenges such as limited access 
to professional development, inadequate instructional resources, and 
insufficient pedagogical support, which negatively affect lesson quality 
and student learning outcomes [1]. These challenges are particularly 
evident in public school systems where instructional planning, assess
ment design, and classroom implementation remain largely traditional 
and content-driven rather than outcomes-based [2]. As a result, stu
dents’ conceptual understanding, higher-order thinking skills, and 
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overall academic achievement remain persistently low, especially in 
under-resourced regions such as Sindh province [3,4].

In recent years, generative AI, a branch of artificial intelligence, has 
created new opportunities to handle long-standing problems of in
struction [5]. These include assisting teachers in designing lessons, 
creating assessments and feedback, and make instructional decisions 
effectively [5]. Generative AI systems like large language models can on 
their own generate lesson plans, learning activities, assessment items, 
and differentiated instructional materials aligned with curricular goals 
[6,7]. The implementation of these technologies has gone beyond 
automation and now includes receiving guidance on cognitive, crea
tivity, and pedagogy. Tech-driven may be referred to as using or 
involving technological devices or equipment to improve educational 
practices involving social media, smartphones, and gaming to boost 
engagement and offer more customized interactions to students [8]. The 
implementation of technology alone is insufficient for driving sustain
able education systems; the competencies of teachers also must be 
developed to ensure they use artificial intelligence ethically, effectively, 
and pedagogically meaningfully.

The evolution of AI in education has had an impact to help in the 
teaching and instructional planning for pedagogy itself. Lesson plan 
design is an important aspect of instructional planning that determines 
how curriculum objectives are implemented or achieved in the class
room. The current education system has greatly focused on modernizing 
education by emphasizing outcome-based education (OBE). In OBE, 
teaching is aligned with clearly defined Student Learning Outcomes 
(SLOs) and the cognitive levels are expressed through Bloom’s taxon
omy [9,10]. It remains a not easy task to design lessons that incorporate 
analysis, evaluation, and creation (also known as higher-order thinking 
skills) particularly for teachers who have not received much teacher 
training. However, the AI-generated lesson design helps teachers pro
duce better lessons by streamlining their activities, assessments, and 
objectives while also connecting goals to Bloom’s taxonomy and lesson 
curriculum [11,12]. According to current literature, while AI can be 
used to create lesson plans based on the curriculum, promote consis
tency in teaching, and ensure a minimum standard, it cannot cater to 
different kinds of learners. Insufficient differentiation is in some 
AI-generated schemes of work. Teachers are encouraged to use an 
existing framework, such as universal design for learning, Solo Taxon
omy, and Bloom’s Taxonomy [13,14], as well as their own judgment to 
perform an evaluation. According to Gurl et al. [15], teachers should 
carefully evaluate AI-generated content instead of just accepting it 
without careful thought, ensuring that it will fit the context and the 
learners.

In an AI-supported teaching and learning Context, ChatGPT, Khan
migo, and similar generative AI tools are now in demand for instruc
tional planning. According to [15–17], Several teachers are using 
ChatGPT to create lesson plans, classroom activities, formative and 
summative assessments, and feedback resources on different subjects 
such as maths, sciences, and languages. Moreover, the Khan Academy 
has designed the Khanmigo AI tool for teachers to create lesson plans, 
assessment worksheets, and many other teaching materials using 
various Khanmigo AI tools (G [18]). These AI teaching tools not only 
assists with lesson planning, creating assessments and guiding ques
tioning but, does so maintaining pedagogy and standards of learning 
[19]. the Recent empirical studies indicate that AI-supported instruc
tional tools can substantially reduce teachers’ workload while 
enhancing lesson quality. Moreover, Fan et al. [20] and Karpouzis et al. 
[21] reported that teachers in China and Greece experienced notable 
improvements in lesson planning efficiency and instructional coherence 
through AI-assisted design. Similarly, widely adopted platforms such as 
MagicSchool.ai and Diffit have been shown to reduce teachers’ planning 
time by approximately 31% without compromising lesson quality. 
Aslam et al. [8] indicate that when AI tools are used appropriately, they 
support creativity, confidence, and the capacity of the teacher to design 
learning tasks that are cognitively demanding. The effectiveness of these 

tools still relies heavily on teachers’ AI literacy and confidence in using 
AI-generated text in real-life classrooms.

According to Amjad and Sheikh [22], AI literacy is the teachers’ 
understanding of Artificial Intelligence skills, possibilities, limitations, 
and ethical handling, and the practical ability to use AI tools for teaching 
purposes. According to research, teachers who are more literate in AI are 
more likely to scrutinize AI-generated lesson designs and adapt them to 
contextual needs instead of just adopting them [23]. Further, social 
cognitive theory emphasizes the significance of self-efficacy on in
dividuals’ technology use behaviours, supporting the notion that 
teachers’ confidence in their AI-related abilities influences their adop
tion and instructional implementation of AI tools [22]. Consequently, 
the AI self-efficacy of teachers may become a significant moderating 
variable between AI literacy and the AI-generated lesson design.

In Pakistan and particularly the province of Sindh, a number of 
policy initiatives and donor-supported programmes have emerged pro
moting the use of AI for teacher professional development. Thousands of 
school teachers have received training for lessons, assessments, and 
feedback through AI tools like ChatGPT and Khanmigo [8].

The objective of the study is to address deficiencies in pedagogical 
preparation for teachers, particularly those who teach mathematics, 
science, and languages. AI has now become an important part of lesson 
design. Teachers are trying to use AI for lesson designing, but to what 
extent? Thus, empirical research on teachers’ AI literacy and the impact 
of AI-generated lesson designs on lesson implementation strategies is 
limited. Moreover, some extent is known about the moderating role of 
teachers’ AI self-efficacy in this process in developing and contextually 
limited education systems.

In response to the lack of research on the teachers’ AI literacy, AI- 
generated lesson design, and lesson implementation strategies, this 
study will examine the relationship among these variables. Further, 
teachers’ AI self-efficacy will be examined as a moderating variable. This 
study is based on the Technology Acceptance Model and social cognitive 
perspectives to provide empirical evidence on generative AI’s support of 
instructional planning and classroom practice in Sindh education. In 
addition, this study examines the mediating role of AI-generated lesson 
design between AI literacy and lesson implementation strategies. 
Moreover, the study also analyses whether teachers’ AI self-efficacy 
moderates the relationship between teachers’ AI literacy and AI- 
generated lesson design. The following study will investigate the sub
sequent research questions: 

• How does teachers’ AI literacy influence AI-generated lesson design?
• How does AI-generated lesson design affect teachers’ lesson imple

mentation strategies?
• Does AI-generated lesson design mediate the relationship between AI 

literacy and lesson implementation strategies? And does teachers’ AI 
self-efficacy moderate the relationship between AI literacy and AI- 
generated lesson design?

2. Literature review and theoretical framework

The rapid diffusion of generative artificial intelligence (AI) into 
educational contexts has significantly transformed how teachers design, 
implement, and evaluate instruction. In this AI era, generative AI tools 
now actively participate in instructional planning, cognitive scaffolding, 
assessment generation, and pedagogical decision-making [24]. Different 
case studies indicate both the advantages and disadvantages of 
AI-assisted lesson planning. An AI tool named UmmIA is being widely 
used in Chile to ensure that lesson plans are structured but adaptable to 
help teachers. Second, the MagicSchool.ai tool, developed by teachers, 
allows teachers in the USA to generate lesson plans, assessments, and 
AI-resistant tasks without sacrificing quality [8]. Moreover, In India, 
teaching tools called Microsoft’s Shiksha Copilot and MagicSchool.ai 
help government schoolteachers with lesson plans aligned to the cur
riculum. Field trials held in Karnataka showed that >90% teachers 
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reduced their planning time from over one hour to 5–15 min, allowing 
them to focus more on interaction in the class [25,26]. Nonetheless, 
there are difficulties that AI-generated examples could be culturally 
irrelevant and not reflect the lived experiences of students [27]. Studies 
indicate that tightly controlled guidelines for AI outputs may undermine 
teacher autonomy and contextualization. AI can aid lesson planning for 
the local curriculum if localized [28]. This is seen in studies in 
Bangladesh. Indonesia and Malaysia are investigating using AI to pro
duce material, while a national policy-led effort is underway in 
Singapore that aims to integrate AI-generated instructional materials 
[28–30].

In Pakistan, the integration of AI into education, specifically in lesson 
planning and teaching support, is on the rise; Recent initiatives for 
government schoolteachers' training programme on Khanmigo tools 
through the Khan Academy training program. Still, there are many is
sues implementing successful AI initiative i.e. infrastructure bottlenecks 
in the school system, lack of sufficient teachers training, and a lack of 
localization of AI tools. Research indicates significant differences in AI 
adoption in urban and rural schools in Sindh Pakistan, driven by dif
ferences in internet access, digital literacy, and professional develop
ment opportunities [31]. Understanding teachers’ acceptance, use, and 
pedagogical integration of such tools requires a robust theoretical 
grounding that explains both technological adoption and human agency 
in instructional contexts.

2.1. Theoretical foundations of generative AI–Enabled teaching

Several theoretical models have been used to explain AI adoption in 
education, including TAM [32,33], TAM2 [34], UTAUT and UTAUT2 
[35], Task-Technology Fit (TTF), Innovation Diffusion Theory (IDT), 
and Social Cognitive Theory (SCT)(G. A [36]). These models explain 
different aspects of technology use, such as usefulness, usability, social 
influence, task alignment, institutional support, and behavioural inten
tion. However, recent AI education literature suggests that no single 
model fully explains teachers’ adoption and classroom implementation 
of AI technologies, particularly because AI use involves technical, 
pedagogical, ethical, and contextual dimensions [32,34,37]. TAM re
mains useful because it explains technology adoption through perceived 
usefulness and perceived ease of use [38]. However, TAM has been 
criticized for being overly cognitive and for giving limited attention to 
emotional, ethical, cultural, and pedagogical factors in AI-supported 
teaching contexts [34,39].

In this study, TAM is adopted because teachers’ AI literacy reflects 
perceived ease of use. Teachers with stronger AI literacy are more 
capable of understanding AI tools, evaluating AI-generated outputs, and 
using generative AI for lesson planning and assessment [40]. Similarly, 
AI-generated lesson design reflects perceived usefulness because teach
ers evaluate AI outputs according to curriculum alignment, Bloom’s 
taxonomy, and outcome-based education principles [2,41]. To comple
ment TAM, SCT is used because it explains how personal capability, 
self-efficacy, and environmental support influence behaviour [37,42]. 
SCT is particularly relevant because teachers’ AI self-efficacy may in
fluence their confidence in adapting and implementing AI-generated 
lesson plans. In AI-enriched teaching environments, AI self-efficacy re
fers to teachers’ confidence in evaluating, adapting, and implementing 
lesson plans generated by AI in a real classroom setting [8]. As a result, 
SCT offers a key explanatory mechanism to understand why teachers 
with similar levels of AI literacy may implement AI-generated lessons 
differently. The two theoretical models TAM and the SCT, combined 
represent a complete model of how teachers’ AI literacy enables the 
design of AI-generated lessons that are implemented in the classroom 
using lesson implementation strategies, and the role of the moderation 
of AI self-efficacy. As shown in Table 1, TAM and SCT are theoretically 
combined, as are the constructs relevant to the variables and hypotheses 
of the present study as shown in Fig. 1. Therefore, integrating TAM and 
SCT provides a stronger theoretical foundation for examining how AI 

literacy influences AI-generated lesson design and how lesson design 
shapes classroom implementation strategies. This integrated approach is 
also consistent with recent literature suggesting that combined models 
better capture cognitive, social, and contextual influences in AI 
adoption.

2.2. AI literacy and AI-Generated lesson design

Being ‘AI literate’ is a key competence for teachers working in AI- 
enhanced education environments [43] defines as skills for lifelong 
engagement of AI which includes knowledge to understand how AI 
works, applying it in real-world settings. According to [32,44], teachers 
who have a higher AI literacy are in a better position to engage with 
generative AI tools in meaningful ways, assess the pedagogical relevance 
of AI-generated content and adapt lesson designs to meet curricular and 
learner needs. AI literacy enables the teachers to connect lesson plans 
generated from AI with OBE and SLOs as well as Bloom’s level when 
planning a cognitively demanding activity and assessment [45,46]. 
Recent evidence suggests that AI tools such as ChatGPT and Khanmigo 
help teachers create organized lesson plans, differentiated activities and 
formative assessments in subjects like maths, science and language [31,
46]. The effectiveness of AI-generated lesson plans is determined by 
teachers’ capacity to create effective prompts, assess the outputs and 
adapt the content according to students’ needs [8,47]. Teachers with 
higher AI literacy exhibited greater creativity and pedagogical coher
ence in AI-assisted lesson planning while teachers with lower AI literacy 
uncritically accepted AI outputs [48]. The results were consistent with 
the findings of the Technology Acceptance Model which suggests that 
perceived ease of using AI operationalised through AI literacy directly 
influences teachers’ use of AI-generated lesson design [48,49]. In light of 
this theoretical and empirical evidence, the following hypothesis is put 
forward.

H1. Teachers’ AI literacy positively influences their AI-generated lesson 
design.

2.3. AI-Generated lesson design and lesson implementation strategies

Lesson implementation strategies are defined as actions that a 
teacher undertakes in teaching a lesson in a classroom. These include 
sequencing of the instruction, activities, assessment and feedback 
among other things. The structured learning lesson design offered by AI 
to teachers integrates objectives, activities and assessments and supports 
coherent implementation in the classroom [50,51]. AI-generated lesson 
plans have been shown through empirical studies to improve instruc
tional clarity, reduce lesson planning time, and help facilitate 
higher-order thinking, specifically in contexts with limited resources 
[52]. In the context of education system enhancement in Pakistan where 

Table 1 
Mapping of TAM and SCT to study variables and hypotheses.

Theory Key Construct Related Variable(s) Linked 
Hypothesis

TAM Perceived ease of 
use

AI literacy: Teachers’ skills, 
understanding, and ethical 
awareness in using AI tools

H1

TAM Perceived 
usefulness

AI-generated lesson design: 
Perceived instructional value of 
AI-generated lesson plans

H2

SCT Self-efficacy Teachers’ AI self-efficacy: 
Confidence in implementing AI- 
generated lessons

H4

SCT Outcome 
expectations

Lesson implementation 
strategies: Applying AI- 
generated lessons in classrooms

H2, H3

SCT Cognitive and 
environmental 
factors

AI literacy and AI-generated 
lesson design

H1, H3
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many teachers lack subject-specific pedagogical training and sustained 
professional development, AI-generated lesson design serves as a 
compensatory mechanism that boosts educational capacity [2]. Studies 
carried out in same contexts have revealed that lesson planning that uses 
AI helps improve the confidence of the teacher, the involvement of the 
class and the adaptability of the teacher finally helping to contribute to 
lesson implementation strategies [51,53]. According to the Technology 
Acceptance Model (TAM), perceived usefulness leads to continuous use 
of the technology and behavioural integration. As such, it is expected 
that lesson design by AI will be directly influenced by the lesson 
implementation strategies of teachers. Therefore, the subsequent hy
pothesis is proposed.

H2. Teachers’ AI-generated lesson design positively influences their lesson 
implementation strategies.

2.4. Mediating role of AI-Generated lesson design

Although AI literacy helps a teacher access AI tool with competence, 
it is unlikely to directly impact teacher classroom practices. AI- 
generated lesson design serves as an essential mediating mechanism 
through which AI literacy is transformed into effective pedagogical 
strategies. SCT claims that personal capabilities do not dictate behav
ioral outcomes but rather are mediated by the cognitive artifacts (e.g. 
lesson plans). Teachers with high AI literacy are more likely to create 
pedagogically sound AI-assisted lesson plans that enable effective 
classroom enactment [48]. In technological education, instructional 
design artefacts play a crucial role by mediating. According to [54], the 
effects of digital competence on classroom innovation are mediated by 
AI-supported instructional planning. Likewise, the research of [2] 
showed that AI-assisted lesson design bridges teachers’ technological 
knowledge and pedagogical practice. These findings highlight the sig
nificance of viewing AI-generated lesson design as a mediating variable 
instead of a direct effect of AI literacy in actual implementation. Thus, 
the following hypothesis is put forth.

H3. Teachers’ AI-generated lesson design positively mediates the relation
ship between AI literacy and lesson implementation strategies.

2.5. Moderating role of teachers’ AI self-efficacy

Despite having the same level of AI literacy, teachers differently 
implement AI-generated lessons in a real classroom context. The SCT 
states that self-efficacy regulates the application of knowledge to action 
by influencing persistence, risk-taking and adaptable behaviour. 
Teachers with a high level of AI self-efficacy are more likely to adapt 
lesson plans and address classroom contingencies with AI tools and 
effectively implement them in their classes [55]. Most authors agree that 
teachers’ self-efficacy regarding AI helps them engage more with 
generative AI tools and experiment more with instruction [56,57]. In 

contrast, teachers with lower AI self-efficacy may choose not to place 
trust in lesson designs produced by AI despite being sufficiently literate. 
This implies that AI self-efficacy intervenes in the AI literacy and 
AI-generated lesson design relationship strength. As a result, the last 
hypothesis is written as follows.

H4. Teachers’ AI self-efficacy significantly moderates the relationship be
tween AI literacy and AI-generated lesson design.

3. Methods

3.1. Research design

The current study aimed to investigate relationships among teachers’ 
AI literacy (AIL), AI-generated lesson design (AILD), lesson imple
mentation strategies (LIS), and teachers’ AI self-efficacy (TAISE) in a 
developing education system. The study specifically focused on gov
ernment schoolteachers from Sindh, Pakistan, which has faced severe 
limitations in terms of digital infrastructure, continuous professional 
development, and pedagogical support. Despite these limitations, recent 
provincial initiatives have introduced structured programmes for 
training teachers to employ generative AI tools in lesson preparation and 
assessment design, thereby enhancing their instructional capacity. Like 
many previous empirical research studies that investigated technology 
adoption and instructional practices, this study was also carried out 
within the positivist research paradigm, which assumes that there are 
relationships among variables that can be measured and tested empiri
cally by means of statistical techniques [58,59]. In this context, a 
descriptive cross-sectional survey design was adopted to capture par
ticipants’ perceptions, competencies, and behavioural tendencies at a 
specific time, particularly useful in rapidly changing technological 
contexts (e.g. AI-enhanced education) [60]. This design allowed the 
researchers to explore teachers’ AI literacy influences on AI-generated 
lesson design and thus on lesson design implementation strategies 
with a moderation of AI self-efficacy.

3.2. Participants

The study participants consisted of government schoolteachers un
dergoing an AI-oriented professional training programme conducted at 
the Provincial Institute of Teacher Education (PITE), Sindh, from 
October 2024 to June 2025 (See Fig. 2 depicting the complete data 
collection procedure). The training programme focused on Khanmigo AI 
tools, which support teachers in lesson planning, teaching activities, 
assessment design, and feedback generation. All participating teachers 
completed the training programme and received certification after 
producing AI-generated lesson plans and classroom activities. A pur
posive sampling technique was initially employed to select teachers who 
had completed the AI training programme and demonstrated experience 
in using AI tools for lesson planning or assessment activities. To ensure 

Fig. 1. Research model.
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adequate pedagogical exposure, only teachers with a minimum of three 
years of teaching experience were included in the study. Teachers who 
had not completed the AI training or lacked practical engagement with 
AI tools during the programme were excluded. Following purposive 
selection, convenience sampling was used for questionnaire distribution 
and response collection. For data collection, an online questionnaire was 
developed using Google Forms. The survey link was distributed through 
official training communication channels and dedicated WhatsApp 
groups created for programme participants. Participation was voluntary, 
and responses were collected electronically over the data collection 
period. As a result, the final sample consisted of 300 government 
schoolteachers with both pedagogical teaching experience and AI- 
assisted instructional design exposure. The final sample of 300 teach
ers exceeded the minimum sample size requirements recommended for 
PLS-SEM analysis. According to Hair et al. [61], PLS-SEM requires 
adequate sample sizes to ensure statistical power and model stability, 
while Kock and Hadaya [62] suggested that sample adequacy can be 
assessed using inverse square root and gamma-exponential methods. 
Furthermore, the sample size exceeded the commonly recommended 
10-times rule for PLS-SEM, thereby supporting the robustness and pre
dictive capability of the structural model.

3.3. Instrumentation

Data collection was carried out through a self-structured adminis
tered survey questionnaire designed for AI-equipped teachers. The 
questionnaire was adapted from established scales and modified to suit 
the needs of the study, considering the unavailability of a validated in
strument to measure AI-generated lesson design and AI-supported lesson 
implementation strategies among schoolteachers. The questionnaire 
consisted of two sections. Section one collected demographics like 
gender, age, qualification, teaching cadre, teaching experience and 
usage of AI tools. The second section includes four constructs which are 
AI literacy (AIL), AI-generated lesson design (AILD), lesson imple
mentation strategies (LIS) and teachers’ AI self-efficacy (TAISE). A five- 
point Likert scale was used to measure all the items such that 1 means 
Strongly Disagree and 5 means Strongly Agree. Initially, a 38-item pool 
was developed using literature review and expert opinions. The 

questionnaire which went through a review by five experts in educa
tional technology and teacher education, was piloted with 70 school
teachers who underwent similar AI training. The 30 items in the final 
instrument were the result of removing all redundant and double- 
barreled items based on feedback. Reliability analysis showed all con
structs scored higher than 0.70 as shown in Table 2, Constructs, Items 
numbers, Reliability, sample items and Sources. The relevant value was 
Cronbach’s alpha [63].

Final Data was collected through an online questionnaire using a 
Google Forms. The link to the questionnaire was disseminated to the 
participants through official PITE channels, WhatsApp groups, and 
email. To optimize response rates, 2 reminder messages are sent at one- 
week intervals. Respondents were willing to fill in the survey at their 
convenience.

3.4. Data analysis

Analysis of data was carried out in two stages using Jamovi (version 
2.6.44) and SmartPLS (version 4.0). For preliminary analyses, data 
screening and descriptive statistics, reliability analysis, and Pearson 
correlation, as well as regression-based mediation and moderation 
checks, Jamovi was used. Before conducting the main analyses, data 

Fig. 2. Participant selection process.

Table 2 
Constructs, sample items, reliability, and sources.

Construct Items α Sample Items Sources

AI Literacy (AIL) 7 0.85 I can effectively use AI tools 
to design lesson plans aligned 
with learning outcomes.

[22,64]

AI-Generated Lesson 
Design (AILD)

8 0.87 AI-generated lesson plans 
help me align activities with 
Bloom’s taxonomy levels.

[22,8]

Lesson 
Implementation 
Strategies (LIS)

8 0.88 I confidently implement AI- 
supported lesson activities in 
my classroom.

[22,8]

AI Self-Efficacy 
(TAISE)

7 0.84 I feel confident adapting AI- 
generated lessons to my 
classroom needs.

[65,66]
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screening and assumption testing were performed to meet all the as
sumptions of parametric analysis. We found that the missing data were 
minimal (<1%) and were handled using mean value replacement 
because no systematic missingness pattern was detected. Normality was 
assessed using skewness and kurtosis statistics, and all values fell within 
the acceptable range of ±2, indicating no serious deviation from 
normality. Homoscedasticity and linearity were examined through re
sidual scatterplots, which indicated acceptable variance distribution 
across predicted values. Independence of errors was assessed using the 
Durbin–Watson statistic, which fell within the acceptable range of 
1.5–2.5. In addition, multicollinearity was evaluated using Variance 
Inflation Factor (VIF) values, all of which remained below the threshold 
of 5, confirming the absence of multicollinearity concerns [61].

Moreover, A Partial Least Squares Structural Equation Modelling 
(PLS-SEM) analysis was performed on the data using SmartPLS. PLS- 
SEM is suitable for predictive research models and theory develop
ment [61]. The evaluation of the measurement model was performed 
through factor loading, composite reliability (CR), average variance 
extracted (AVE), and discriminant validity. Whereas the analysis of the 
structural model was done to test the direct effects (H1, H2), mediation 
(H3), and moderation (H4). The significance of various paths was 
determined through bootstrapping utilizing 5000 subsamples. The re
sults indicate that all constructs were positively and significantly 
correlated with one another (p < .001). Table 3 and Graphical repre
sentation of correlation in Fig. 3 suggested that there were significant 
and positive correlations between AI Literacy and AI-Generated Lesson 
Design (r = 0.760, p < .001), AI-generated lesson design and lesson 
implementation strategies (r = 0.791, p < .001), and Lesson Imple
mentation Strategies and Teachers’ AI Self-Efficacy, r = 0.818, p < .001. 
The high correlations amongst the constructs sufficiently support the 
proposed relationships in the research model and justify proceeding to 
PLS-SEM analysis.

3.5. Research ethics

The study received ethical approval from the Provincial Education 
Authority, Sindh, under the Research and Development Wing. All pro
cedures were conducted in accordance with the ethical standards of the 
institutional research committee and the principles of the 1964 Helsinki 
Declaration and its subsequent amendments. Written informed consent 
was obtained from all participants prior to data collection. Participants’ 
anonymity and confidentiality were ensured throughout the study, and 
all collected data were securely stored and used solely for research 
purposes. Participants retained the right to withdraw from the study at 
any stage without penalty.

4. Results

4.1. Demographic information of participants

The Participating teachers (N = 300) are presented in Fig. 4. The 
gender distribution of the sample was fairly balanced with 168 male 
teachers (56.0%) and 132 female teachers (44.0%). As for age, the 
majority of respondents were aged between 31 and 40 years (n = 156, 
52.0%), while equal proportions of teachers were observed for those 
aged between 25 and 30 years (n = 72, 24.0%) and above 40 years (n =

72, 24.0%). When it comes to qualifications, almost half of the teachers 
possessed a bachelor’s degree (n = 138, 46.0%), which was followed by 
those with a master’s degree (n = 132, 44.0%) while those with (n = 30, 
10.0%) MPhil and PhD were the least qualified. There were primary 
school teachers (PST) 78 26.0%, junior elementary school teachers 
(JEST) 66 22.0%, early childhood teachers (ECT) 48 16.0%, high school 
teachers (HST) 54 18,0%, and educator trainers (n = 54 18,0%), so 6 
types of practicum teachers that responded to this research. Regarding 
teaching experience, it was evident that most of the participants have 
6–10 years of experience (n = 126, 42.0%). Following them were those 
who were >10 years (n = 90, 30.0%) and 3–5 years (n = 84, 28.0%). All 
teachers reported using Khanmigo (n = 300, 100%), and a large pro
portion also reported experience with ChatGPT (n = 214, 71.3%).

Although demographic variables such as age, gender, and teaching 
experience were collected for descriptive purposes, they were not 
included as control variables in the structural model analysis. The pri
mary objective of the study was to examine the theoretically driven 
relationships among AI literacy, AI-generated lesson design, lesson 
implementation strategies, and AI self-efficacy within a relatively ho
mogeneous group of AI-trained government schoolteachers. Since all 
participants underwent similar AI-oriented professional training and 
shared comparable instructional contexts, the study prioritized the 
predictive relationships among the core theoretical constructs rather 
than demographic differentiation effects.

4.2. Measurement model assessment

Before assessing the structural relationships postulated, the mea
surement model was evaluated to ensure the reliability and validity of 
the latent constructs. In line with the recommended practices in PLS- 
SEM, the evaluation sought to determine, in terms of indicator reli
ability, internal consistency reliability, convergent validity and 
discriminant validity (Joseph F [61]). An assessment of the measure
ment model confirms whether the constructs of AI literacy, AI-generated 
lesson design, lesson implementation strategies, and teachers’ AI 
self-efficacy are being measured or not.

The outer loadings of all observed items were examined to assess 
indicator reliability. As presented in Table 4, the majority of item 
loadings exceeded the recommended threshold of 0.70, indicating 
satisfactory indicator reliability [61]. However, three indicators (AIL05 
= 0.668, AILD02 = 0.683, and LIS01 = 0.682) showed loadings slightly 

Table 3 
Correlation matrix.

Variable AIL AILD LIS TAISE

AIL — ​ ​ ​
AILD 0.760*** — ​ ​
LIS 0.723*** 0.791*** — ​
TAISE 0.684*** 0.786*** 0.818*** —

Note. *** p < .001.

Fig. 3. Correlation results.
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below 0.70. These indicators were retained because their values 
remained above the acceptable minimum threshold of 0.60 commonly 
accepted in exploratory and social science research, particularly when 

composite reliability and average variance extracted (AVE) values are 
satisfactory [61]. Moreover, retaining these indicators helped preserve 
the theoretical comprehensiveness and content validity of the constructs 
[22]. Since the study relied on self-reported data collected from a single 
source, common method bias (CMB) was assessed to ensure that the 
results were not substantially influenced by measurement method 
variance. Harman’s single-factor test was conducted by loading all 
measurement items into an exploratory factor analysis. The results 
indicated that the first unrotated factor accounted for 34.72% of the 
total variance, which is below the recommended threshold of 50%, 
suggesting that common method bias was not a serious concern [67]. 
Additionally, all variance inflation factor (VIF) values were below the 
threshold of 5, further indicating the absence of substantial common 
method bias and multicollinearity concerns.

The evaluation of internal consistency reliability was performed 
using composite reliability (CR) and convergent validity was done using 
AVE. Table 5 shows that all the constructs had a composite reliability 
that was greater than 0.70. So, the constructs are reliable. Likewise, all 
constructs’ AVE values exceeded 0.50, confirming that every construct 
accounts for more than half of the variance in its respective indicators 
[22,61]. The results show that the measurement model has adequate 

Fig. 4. Demographic characteristics of participants (N = 300).

Table 4 
Outer loadings and VIF values.

Items Loadings VIF Items Loadings VIF

AIL01 0.731 1.667 LIS03 0.77 1.946
AIL02 0.746 2.012 LIS04 0.746 2.115
AIL03 0.757 2.076 LIS05 0.782 2.458
AIL04 0.726 1.651 LIS06 0.755 2.064
AIL05 0.668 1.553 LIS07 0.773 2.493
AIL06 0.712 1.743 LIS08 0.732 2.215
AIL07 0.743 1.712 TAISE01 0.742 2.012
AILD02 0.683 1.549 TAISE02 0.733 2.373
AILD03 0.649 1.494 TAISE03 0.767 2.341
AILD04 0.782 1.829 TAISE04 0.836 2.595
AILD05 0.748 1.905 TAISE05 0.778 2.302
AILD06 0.837 2.421 TAISE06 0.776 2.178
AILD07 0.801 2.027 TAISE07 0.794 2.397
LIS01 0.682 1.629 TAISE08 0.765 1.98
LIS02 0.758 2.056 ​ ​ ​
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reliability and convergent validity.
Moreover, the Fornell–Larcker criterion and Heterotrait–Monotrait 

ratio of correlations (HTMT) were used to establish discriminant validity 
[68]. Discriminant validity was assessed using both the Fornell–Larcker 
criterion and the Heterotrait–Monotrait ratio (HTMT) to ensure a 
rigorous evaluation of construct distinctiveness within the measurement 
model. The Fornell–Larcker criterion remains one of the most widely 
applied traditional approaches in PLS-SEM because it compares the 
square root of the Average Variance Extracted (AVE) with 
inter-construct correlations to establish discriminant validity [69]. 
However, recent methodological literature has highlighted that the 
Fornell–Larcker criterion may not always detect discriminant validity 
issues effectively, particularly in conceptually related or complex con
structs (J F [70,71]). Consequently, HTMT has been recommended as a 
more sensitive and reliable criterion for identifying discriminant validity 
problems in SEM research [72]. Recent Scopus-indexed studies in 
educational technology and AI adoption research further recommend 
the combined application of both methods because of their comple
mentary strengths and their ability to enhance methodological rigor and 
robustness in PLS-SEM measurement assessment [73,74]. Based on the 
Fornell–Larcker criterion, the construct’s AVE for the square root should 
be greater than the correlation with any other construct. As displayed in 
Table 6, the diagonal values (the square roots of AVE) were higher than 
the inter-construct correlations, which satisfies this criterion for every 
construct.

The discriminant validity of the constructs was further assessed using 
the Heterotrait–Monotrait ratio of correlations (HTMT), which is 
considered a most common criterion for evaluating discriminant validity 
in PLS-SEM [68]. As presented in Table 7, most HTMT values were 
below the conservative threshold of 0.85. However, the HTMT value 
between teachers’ AI self-efficacy (TAISE) and AI-generated lesson 
design (AILD) was 0.895, slightly exceeding the conservative criterion. 
Nevertheless, this value remained below the more liberal threshold of 
0.90 recommended for conceptually related constructs in exploratory 
research [61,68]. Given the theoretical closeness between teachers’ 
confidence in using AI tools and their engagement in AI-generated lesson 
design, discriminant validity was considered acceptable. This combined 
evidence from the Fornell–Larcker criterion and HTMT analysis supports 
the empirical distinctiveness of the constructs.

4.3. Structural model assessment and hypothesis testing

After confirming the measurement model, the proposed structural 
model was evaluated through SmartPLS to test the hypothesized re
lationships among the constructs. The consideration of the path co
efficients (β), t-values, p-values, f², and R² was considered Bootstrapping 
with 5000 resamples was done to access significance. Robustness and 
cross-validation of mediation and moderation analyses were further 
verified using Jamovi.

4.3.1. Direct effects (H1 and H2)
The first hypothesis states that teacher AI literacy has a positive in

fluence on the design of AI-generated lessons. The data indicated a 
robust and significant impact of AIL on AILD (β = 0.382, t = 7.870, p <
.001). The results are presented in Table 10, and a graphical presenta
tion of the structural model is shown in Fig. 7. The findings imply that 
teachers with a higher AI literacy level are capable of producing effec
tive AI-enabled lesson plans, thereby supporting H1. Hypothesis 2 states 
that lesson design based on AI positively influences lesson imple
mentation strategies. The findings revealed that AILD posted a strong 
enhancement of LIS (β = 0.579, t = 10.342, p < .001), which offered 
substantial empirical support for H2. Well-designed AI-generated lesson 
plans are of great help to teachers for effective lesson implementation in 
classrooms. The capacity to explain the model was high. The combina
tion of AI literacy and AI self-efficacy accounted for nearly seventy 
percent (69.8%) of the variability in AI-generated lesson design (R² =
0.698). Furthermore, AI-generated lesson design and AI literacy 
accounted for sixty-seven percent (67.7%) of the variability in lesson 
implementation strategies (R² = 0.677). These R² values point towards 
good predictive accuracy in the benchmarks.

4.3.2. Mediating effect of AI-Generated lesson design (H3)
Hypothesis 3 sought to find out if the AI-designed lesson planning 

would mediate the relationship AI literacy and lesson implementation 
strategies. The mediation was analyzed in SmartPLS and Jamovi with 
the same results. The statistically significant indirect effect between the 
AIL and LIS through AILD (Estimate=0.439, p<.001, 95% CI [0.329, 
0.551]) as shown in Table 8 and graphical representation is shown in 
Fig. 5. Moreover, Table 8 demonstrates the results of SmartPLS that the 
direct effect of AIL to LIS is still significant (Estimate = 0.291, p < .001). 
The notable direct and indirect effects suggest partial mediation, which 
points out that AI literacy does indeed contribute directly to lesson 
implementation strategies, but a large part of this impact comes from AI- 
generated lesson designs. The finding of H3 highlights the involvement 
of AI-generated instructional planning as a mechanism, linking skills of 
teachers to classroom practices.

4.3.3. Moderating effect of teachers’ AI self-efficacy (H4)
According to Hypothesis 4, teachers’ self-efficacy regarding AI 

shapes the relationship between AI literacy and AI-generated lesson 
design. Both SmartPLS and Jamovi were used to investigate the inter
action term (AIL × TAISE). The interaction effect was not statistically 
significant in our analysis of the data set (β = − 0.015; t = 0.622; p =
0.534) and (Estimate=0.3038, SE=0.204, 95% CI [0.355, 0.5052]) as 
shown in Tables 9 & 10, and graphical representation is shown in Fig. 6. 
The finding suggests that teachers’ AI self-efficacy does not significantly 
change the strength of the relationship between AI literacy and AI- 
generated lesson design. This means H4 was not supported. The lack 
of significant moderation indicates that just AI literacy may suffice for 
teachers to tailor AI-generated lessons effectively, particularly in a 
context where all participants received organized AI training and were 
generally confident in AI.

5. Discussion

The study aims to examine the influence of teachers’ AI literacy on 

Table 5 
Construct reliability and convergent validity.

Composite reliability Average variance extracted (AVE)

AIL 0.8870 0.5280
AILD 0.8860 0.5670
LIS 0.9110 0.5630
TAISE 0.9230 0.6000

Table 6 
Fornell–Larcker criterion.

Construct AIL AILD LIS TAISE

AIL 0.727 ​ ​ ​
AILD 0.744 0.753 ​ ​
LIS 0.726 0.799 0.750 ​
TAISE 0.684 0.785 0.818 0.774

Table 7 
HTMT value.

AIL AILD LIS TAISE

AIL ​ ​ ​ ​
AILD 0.8430 ​ ​ ​
LIS 0.8300 0.8170 ​ ​
TAISE 0.7780 0.8950 0.8110 ​
TAISE x AIL 0.5020 0.4560 0.4390 0.4480
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AI-generated lesson design. Moreover, the study also examines how that 
design further shapes the lesson implementation strategies of the school 
classroom and the mediation of AI-generated lesson design and the 
moderation of AI self-efficacy. This study only focused on the teachers 
who are using GPT based Artificial Intelligence (AI) tools for pedagog
ical activities in under-resourced contexts (that is, classrooms with 
limited resources) in developing countries context and This study is 
firmly designed in the Technology Acceptance Model and social- 
cognitive perspectives. It seeks to respond to calls for researchers to 
broaden the scope of student-centred AI research and engage in empir
ical investigations of teachers’ use of generative AI for pedagogical 
activities.

Furthermore, the results on H1 show that teachers’ AI literacy tends 
to have a positive and significant effect on AI-assisted lesson design. This 
suggests that teachers’ conceptual and procedural understanding of AI 

tools enables them to engage meaningfully in pedagogical design tasks 

Fig. 7. Structural model results.

Table 8 
Mediating effect.

Effect Estimate SE Lower (95% 
CI)

Upper (95% 
CI)

Z p

Indirect 0.439 0.0566 0.329 0.551 7.76 <

.001
Direct 0.291 0.0676 0.161 0.427 4.30 <

.001
Total 0.730 0.0489 0.632 0.824 14.93 <

.001

Fig. 5. Mediation effect.

Table 9 
Moderation effect.

Variable Estimate SE Lower 
(95% CI)

Upper 
(95% CI)

Z p

AIL 0.3038 0.0524 0.204 0.4095 5.799 <

.001
TAISE 0.5943 0.0517 0.490 0.6955 11.505 <

.001
AIL * 

TAISE
− 0.0153 0.0422 − 0.114 0.0541 − 0.362 0.717

Table 10 
Summary of hypothesis results.

Relationships Original 
sample 
(O)

Sample 
mean (M)

Standard 
deviation 
(STDEV)

T statistics 
(|O/ 
STDEV|)

P 
values

AIL -> AILD 0.3820 0.3820 0.0480 7.8700 0.0000
AIL -> LIS 0.2950 0.2970 0.0600 4.9110 0.0000
AILD -> LIS 0.5790 0.5790 0.0560 10.3420 0.0000
TAISE -> 

AILD
0.5160 0.5170 0.0480 10.6430 0.0000

TAISE x AIL 
-> AILD

− 0.0150 − 0.0140 0.0240 0.6220 0.5340
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instead of just normal use of AI [75]. Similar to previous research, 
teachers who understand AI are better able to relate AI-generated ma
terials to curriculum expectations, learner goals and Bloom’s taxonomy 
[76]. In Sindh, where many teachers lack pedagogical training in 
subject-specific instruction, there are issues with instructional design 
knowledge. It is believed that AI literacy can fill that gap, aiding in 
lesson planning and structuring activities. The evidence suggests that 
literacy in AI is not only a technical competence but also an instructional 
competence that must enable pedagogical quality [77]. This finding 
aligns with recent educational AI adoption studies showing that AI lit
eracy enhances teachers perceived usefulness, confidence, and peda
gogical readiness to integrate generative AI tools into classroom 
practices [32]. Recent studies further argue that AI literacy reduces 
technological uncertainty and improves teachers’ ability to critically 
evaluate AI-generated instructional content [78].

Furthermore, H2 findings show that AI-generated lesson design 
greatly impacts teachers’ lesson implementation strategies. The finding 
is consistent with earlier research, which suggests that effective lesson 
plans can enhance teachers’ confidence, classroom organisation, and 
adaptive teaching behaviours [2,12]. According to Holmes and Miao 
[79], Generative AI tools such as ChatGPT and Khanmigo help teachers 
create differentiated activities, formative assessment, and higher-order 
questioning strategies, enabling more interactive and student-centred 
classroom practices [31,80]. In Sindh’s public-school system charac
terised by large class sizes, limited instructional resources and 
on-the-job pedagogical support that is minimal AI-generated lesson de
signs appear to function as a cognitive scaffolding tool that translates 
abstract curriculum intentions into performable teaching behaviour [32,
81,82].

The mediation analysis for H3 established that the relationship be
tween teachers’ AI literacy and lesson implementation strategies is 
partially mediated by AI-generated lesson design. This finding enhances 
the Technology Acceptance Model framework (TAM) by establishing 
that having AI literacy does not by itself translate into improved learning 
and teaching practices unless it is operationalised by pedagogical arte
facts such as lesson plans and assessments. The recent literature suggests 
that the mechanisms through which AI artefacts (e.g., system-driven 
recommendations) impact learning are very much contingent on the 
persistence of instructional design practices [22,83]. In other words, the 
teachers use AI-generated lesson plans to fill the gaps in mastery of 
content, the sequencing of instruction and the design of assessments, 
especially in maths, science and language subjects, this mediation effect 
becomes more meaningful in the context of Sindh.

The moderation analysis revealed that teachers’ AI self-efficacy did 

not significantly moderate the relationship between AI literacy and AI- 
generated lesson design (H4). Although teachers’ AI self-efficacy 
showed a significant direct effect on AI-generated lesson design, the 
interaction effect was statistically insignificant. Therefore, H4 was not 
supported. This finding suggests that teachers with higher AI literacy 
may already possess sufficient competence to effectively engage with AI- 
generated lesson design regardless of differences in self-efficacy levels. 
The result partially contrasts with Social Cognitive Theory, which em
phasizes self-efficacy as an important determinant of technology- 
enabled behaviour [84,85]. However, the finding is consistent with 
studies showing that AI literacy and technological competence may 
independently predict teachers’ AI-supported instructional practices, 
even when moderating effects of self-efficacy remain weak [48,53]. In 
Sindh, recent AI training initiatives may have increased teachers’ 
baseline confidence in using AI tools such as ChatGPT and Khanmigo, 
thereby reducing the moderating influence of self-efficacy. Teachers 
who trust their ability to use AI tools will be far more likely to try 
advanced prompts; edit AI-provided outputs; and critique lesson content 
rather than take it at face value [23]. In Sindh, recent government and 
donor-led AI trainings have led to teachers feeling more confident using 
tools like ChatGPT and Khanmigo, thereby, increasing the teaching 
potential of AI literacy. However, the moderating effect also indicates 
that in the absence of adequate self-efficacy, AI literacy may not trans
late into quality lesson design, indicating the need for more professional 
development rather than one-off training.

This research theoretically enriches TAM by expanding it into a 
teacher-centric generative AI framework that encompasses AI literacy, 
pedagogical design, and classroom implementation in a developing 
country context. The findings indicate that teacher training on AI in 
Sindh should focus on pedagogy, lesson delivery, and boosting confi
dence instead of just being familiar with tools. By doing gone, generative 
AI can be a gamechanger in improving instruction and learning in 
resource-constrained educational systems.

6. Conclusion

The aim of the study was to identify and analyze the problems being 
faced by the school education system, primarily located in developing 
regions (Sindh Pakistan). Teachers with fewer pedagogical training 
opportunities often teach with fewer teaching resources and without on- 
the-job support. The rapid appearance of generative AI tools like 
ChatGPT and Khanmigo has provided many opportunities for teachers in 
lesson design, assessment design, and teaching in the classroom. None
theless, there remains a deficient amount of empirical evidence 

Fig. 6. Moderation effect.
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accounting for teachers’ AI capabilities. In response to this gap, we 
developed and tested a theory-driven model using structural equation 
modelling to investigate the relationships between teachers’ AI literacy, 
AI-generated lesson design, lesson implementation strategies, and AI 
self-efficacy. The research shows that teachers’ AI literacy is vital for AI- 
generated lesson design, which influences lesson implementation stra
tegies in the classroom considerably. According to the findings, the 
teaching of AI literacy is not just a technical skill but a pedagogically 
significant competence through which teachers can transform curricu
lum, outcome-based education (OBE) principles and Bloom’s taxonomy 
into lesson plans. The findings of the mediation analysis further suggest 
that AI-enabled lesson design serves as an important explanatory 
mechanism between AI literacy and instructional practice. In other 
words, pedagogical artefacts matter for reaping the benefits of AI in 
teaching. Moreover, AI self-efficacy as a moderator shows that the 
teacher’s confidence to work with AI tools strengthens the relationship 
between AI literacy and AI-generated lesson design. Teachers who think 
they are able to make effective use of AI are more likely to adapt, refine, 
and contextualize AI-generated content than simply adopt it. As a whole, 
these findings extend the Technology Acceptance Model and Social 
Cognitive Theory to generative AI in school education. Further, they 
showed that behavioural outcomes depend not only on perceived use
fulness and skills but also on confidence and pedagogical enactment. In 
light of the realities of schooling in Sindh, the study establishes gener
ative AI as a technology capable of transformative use, provided 
teachers are sufficiently literate, confident, and pedagogically engaged.

6.1. Limitations and future directions

This study has several limitations, which should be acknowledged. 
Within a single geographical and administrative context of Sindh, 
Pakistan data were collected from schoolteachers which limits the 
generalizability of the findings to other provinces or countries with 
different policy environments, technological infrastructures, and 
teacher training systems. For the purpose of testing the robustness of the 
findings, a repeat of the model in different regions or comparison. In 
addition, this study only looked at lesson design and lesson imple
mentation strategies and no other important instructional dimensions, 
such as assessment practices, feedback quality, student engagement, and 
learning outcomes. As to generative AI used for formative assessment, 
personalization, and adaptive learning, future works should extend the 
model to incorporate these pedagogic components in education.

Furthermore, although this study integrated TAM and SCT to explain 
teachers’ AI-supported instructional practices, future research may 
extend the theoretical framework by incorporating additional models 
such as Task-Technology Fit (TTF), UTAUT, or UTAUT2 to better un
derstand the contextual, technological, and task-related dimensions of 
generative AI adoption in education. The inclusion of these frameworks 
may provide deeper insights into how AI tools align with subject-specific 
instructional needs, pedagogical tasks, and classroom environments.

Third, even though the AI self-efficacy significantly moderates the 
relationship between AI literacy and lesson design, the moderation ef
fect is quite strong, suggesting that other psychological and contextual 
variables are evidently the case.

Future studies should therefore examine additional moderating 
variables such as subject specialization, institutional support, digital 
infrastructure, prior AI experience, and pedagogical beliefs to establish 
stronger contextual rigor and benchmarking of AI-supported teaching 
practices across diverse educational settings.

Another limitation of the study is that demographic variables such as 
age, gender, and teaching experience were not included as control 
variables in the structural model analysis. Although the study focused 
primarily on theory-driven relationships, demographic characteristics 
may still influence teachers’ adoption and implementation of AI- 
supported instructional practices. Future research should incorporate 
demographic and contextual control variables to explore potential 

differences across teacher groups and educational settings. The research 
used a quantitative cross-sectional design. Longitudinal or mixed- 
methods research that includes classroom observations and qualitative 
interviews could shed light on how teachers interact with AI-generated 
lesson plans. Future studies may also employ benchmarking approaches, 
longitudinal validations, and comparative multi-group analyses to 
further validate the stability and generalizability of the proposed model 
across educational contexts and subject domains.

6.2. Implications for theory, practice, policy, and sustainability

This research has several key theoretical implications. The first 
contribution is that it expands on TAM by embedding AI-generated 
lesson design as a pedagogical mediator allowing us to move beyond 
intention-models towards instructional practice outcomes. The study 
enriches Social Cognitive Theory, as it gives an empirical account of how 
AI self-efficacy strengthens techno-pedagogical design. When put 
together, they advance the emerging theoretical discourse of generative 
AI adoption in education, especially in under-researched school-level 
contexts. Based on the findings above, teacher professional development 
programmes should focus on AI literacy and pedagogical application, 
rather than merely training on tools. Efforts in Sindh to train subject 
specialists in the use of generative Artificial Intelligence (AI) for OBE 
aligned lesson planning, activity designing and assessment development 
in mathematics, science, language and other subjects. It's equally 
important to strengthen teachers' AI self-efficacy with continuous 
mentoring, peer learning communities, and classroom support. The 
findings provide support at the policy level for the formulation of 
institutional and provincial policies that would formally embed gener
ative AI into teacher training frameworks and CPD programmes. It is 
vital to have clear guidelines on ethical, responsible, and pedagogically 
sound use of AI for sustainability and trust. By embedding instructional 
design powered by AI within broader education reform agendas, poli
cymakers can harness generating AI to enhance teaching quality and 
address long-standing learning outcome disparities in the school system 
in Sindh. Ultimately, developing teacher AI literacy and confidence has 
sustainability benefits for long-term resilience in teaching and learning. 
Generative AI is a capacity-building tool that boosts creativity, critical 
thinking and adaptability of instruction rather than a replacement for 
teachers. And it can facilitate sustainable pedagogical transformations 
even in resource-challenged settings.
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