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Abstract 
The integration of generative artificial intelligence (AI) into early childhood education 
(ECE) raises important questions about pedagogical readiness, developmental 
appropriateness, and its capacity to support young children’s language development. 
Although research on AI in education has expanded rapidly, studies examining AI-
supported language learning in early childhood settings remain limited, particularly 
those that analyze teachers’ adoption through an integrated theoretical perspective. 
This study addresses that gap by examining how early childhood teachers adopted 
AI-supported storytelling using EaseMate AI through the combined lens of the 
Technology Acceptance Model (TAM) and Technological Pedagogical Content 
Knowledge (TPACK). Using an interpretive qualitative case study design, the research 
involved five teachers over a six-week implementation period. Data were collected 
through classroom observations, semi-structured interviews, and document analysis, 
and were analyzed through a hybrid coding strategy that combined TAM-TPACK-
informed deductive coding with inductive thematic analysis. The findings show that 
perceived usefulness was enacted not merely as efficiency, but as pedagogical 
augmentation, as teachers consistently adapted AI-generated stories to children’s 
developmental needs. Perceived ease of use functioned not only as a condition of 
adoption, but also as a pedagogical enabler that shaped teachers’ willingness and 
capacity to experiment instructionally. The study also identifies student engagement 
as a mediating process linking AI-supported storytelling to perceived language 
development outcomes. By proposing an integrated TAM-TPACK framework 
grounded in early childhood classroom practice, this study contributes to global 
discussions on responsible AI adoption in education, especially in underrepresented 
early childhood contexts beyond the Global North, by showing that the pedagogical 
value of generative AI depends on teacher mediation, contextual adaptation, and 
developmentally appropriate use. 

 

 

 

Introduction 
The integration of artificial intelligence (AI) into education has advanced rapidly in recent years, 
creating both new possibilities and new concerns, especially in early childhood education (ECE). 
On the one hand, AI offers significant potential to improve learning by providing adaptive, 
personalized, and responsive content that can be tailored to children’s individual needs. On the 
other hand, its use in early childhood settings remains contested, particularly in relation to 
developmental appropriateness, cognitive readiness, and pedagogical alignment. These 
concerns are especially important in language development, which forms a foundational basis 
for children’s thinking, communication, and social interaction. For this reason, technology-
based interventions in early language learning must be designed with care so that they support, 
rather than disrupt, natural developmental processes while still offering meaningful 
pedagogical value. 
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Empirical research suggests that AI holds promising potential for early childhood 
language development, although the field remains largely experimental. In practice, AI has been 
used in a range of forms, including literacy-support tools such as adaptive storytelling 
applications and social robots, digital learning companions, and analytics-based assessment 
systems. These applications have been shown to support vocabulary growth, narrative 
comprehension, and early literacy development through personalized and socially interactive 
learning experiences (J. Chen, 2024; Oshinowo et al., 2025; H. Sun et al., 2025; M. Sun et al., 2025). 
AI use has also been associated with gains in non-cognitive areas, including creativity, 
collaboration, and emotional regulation (H. Yang & Kyun, 2022; W. Yang et al., 2023). 

However, the effectiveness of AI depends heavily on how it is pedagogically designed and 
implemented. Its value is strongest when it functions as a supportive tool embedded in play-
based and socially mediated learning environments, rather than as a substitute for human 
teaching (Ozturk, 2025; Su & Yang, 2022). Important concerns remain, including developmental 
risks linked to poorly aligned design, as well as ethical issues such as data privacy, algorithmic 
bias, and the possibility of children becoming emotionally over-attached to AI agents (Berson et 
al., 2025; Kurian, 2025; Ozturk, 2025). In addition, the current evidence base is still limited by a 
shortage of long-term empirical studies and by insufficient cross-contextual analysis across 
different socioeconomic settings. These limitations call for cautious implementation, stronger 
regulatory frameworks, and a more explicitly human-centered research agenda (G. Chen, 2024; 
Qayyum et al., 2025). 

Within this broader discussion, the use of generative AI in storytelling has attracted 
growing attention in early childhood education. Existing studies suggest that generative AI can 
support children’s language and narrative development, but its effectiveness depends greatly 
on teachers’ active involvement in interpreting, selecting, and pedagogically integrating AI-
generated content. A growing body of research shows that AI mainly functions as a content 
generator, while teachers remain the key designers and editors who formulate prompts, 
evaluate outputs, and adapt stories to children’s developmental needs (G. Chen, 2024; Elmorsy, 
2024). More structured uses of AI, such as embedding generated stories within clear narrative 
frameworks involving characters, settings, and problem-solution sequences, appear to enhance 
children’s comprehension, engagement, and narrative abilities more effectively than 
unstructured applications (Lu et al., 2024b). Even so, generative AI cannot replace the role of 
human educators, since AI-generated texts may be too complex, emotionally thin, or 
insufficiently contextualized for young learners. It is therefore better understood as a 
supplementary literacy tool that remains fundamentally dependent on human interaction and 
pedagogical judgment (Rahiem, 2021; Ratner et al., 2025). 

The growing use of AI in storytelling also reshapes teachers’ roles in important ways. 
Teachers are no longer simply users of instructional materials; they become content curators, 
interaction managers, and facilitators of emerging AI literacy. Their work involves not only 
simplifying and modifying AI-generated narratives, but also orchestrating dialogic activities 
such as discussion, dramatization, and story-based play in order to sustain children’s 
engagement and deepen meaning-making (Lu et al., 2024a; Tao & Binti Mohamad Nasri, 2025). 
In this sense, teachers also function as relational gatekeepers, ensuring that emotional 
interaction, interpretation, and learning remain human-mediated even when AI is present in the 
classroom (Tao & Binti Mohamad Nasri, 2025). Research further suggests that blended learning 
designs combining physical and digital elements, such as AI-supported board games, are more 
developmentally appropriate for young children because they preserve interactivity and 
embodied learning experiences (Choi et al., 2025; Diraco et al., 2024; Elmorsy, 2024). The 
pedagogical value of generative AI in ECE, then, lies not in the technology alone, but in teachers’ 
capacity to interpret, manage, and integrate it in contextually meaningful ways. 

Despite growing interest in AI in education, most existing research has focused on higher 
education or general K-12 settings. Studies in early childhood education remain limited, 
especially in relation to generative AI. Global scoping reviews indicate that, since the mid-1990s, 
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only around 17 to 18 empirical studies have examined AI in ECE, and these have primarily 
focused on robots, intelligent agents, and adaptive systems rather than generative AI (G. Chen, 
2024; J. Chen, 2025; Su & Yang, 2022). Much of the literature is still conceptual or exploratory, 
often emphasizing potential benefits and risks rather than actual classroom practice (Kanders et 
al., 2024). Design-oriented work, including AI-based storytelling, also remains largely at the 
prototype stage (Han & Cai, 2023). Recent empirical studies on generative AI adoption among 
early childhood teachers are similarly small in scale and exploratory in character, offering only 
limited insight into how teachers actually adopt and pedagogically integrate these tools in 
practice (H. Sun et al., 2025). Taken together, these conditions reveal a substantial gap in 
understanding the pedagogical dynamics of generative AI adoption in ECE. 

From a theoretical standpoint, this gap is also related to the limitations of the frameworks 
commonly used to study technology adoption in education. The Technology Acceptance Model 
(TAM) has been widely used to explain adoption through constructs such as perceived 
usefulness and perceived ease of use. However, TAM tends to privilege individual cognitive 
factors while giving less attention to pedagogical practice and the professional context of 
teaching (Al-Adwan et al., 2023; Granić, 2022; Granić & Marangunic, 2019). By contrast, the 
Technological Pedagogical Content Knowledge (TPACK) framework offers a more 
comprehensive lens for understanding technology integration by focusing on the interplay of 
teachers’ technological, pedagogical, and content knowledge, yet it does not explicitly account 
for the psychological processes that shape technology acceptance, including attitudes, 
intentions, and perceptions of risk (M. Koehler et al., 2013; Schmidt et al., 2009). For this reason, 
recent scholarship has pointed to the value of integrating TAM and TPACK in order to capture 
the cognitive, pedagogical, and contextual dimensions of educational technology adoption 
more fully (Scherer et al., 2019). Such an approach is particularly relevant for generative AI, 
where trust in AI-generated outputs, pedagogical alignment, and institutional support all 
influence teachers’ willingness and ability to use the technology meaningfully (H. Sun et al., 
2025). A context-sensitive hybrid TAM-TPACK model is therefore needed to understand and 
support the responsible use of generative AI in ECE. 

Against this background, the present study addresses the need for an integrated 
framework that can better explain how early childhood teachers adopt and adapt generative AI 
technologies in language learning contexts. In particular, little is known about how generative 
AI reshapes teachers’ perceptions of usefulness, how it influences pedagogical adaptation, and 
how it interacts with content knowledge in early language development. This study therefore 
examines how early childhood teachers conceptualize and implement AI-supported storytelling 
using EaseMate AI through a TAM-TPACK lens. It addresses the following research question: How 
do TAM constructs, particularly perceived usefulness and perceived ease of use, interact with 
TPACK domains in shaping teachers’ pedagogical adoption of generative AI in early childhood 
storytelling? This study makes three contributions. First, it extends TAM by reconceptualizing 
perceived usefulness in the context of generative AI as a form of pedagogical augmentation. 
Second, it integrates TAM and TPACK to propose a conceptual framework for understanding AI 
adoption in ECE. Third, it offers empirical insight into how generative AI can be aligned with 
developmentally appropriate pedagogical practice. 

Methods 
Research Design 
This study employs a systematic literature review (SLR) approach, understood as a systematic, 
explicit, and reproducible method for identifying, evaluating, and synthesizing relevant 
research. In this study, the review was organized as a two-stage design that combined 
bibliometric mapping with a systematic literature review. The first stage mapped the structure 
and development of scholarship on digital parenting and screen-based child management. The 
second stage synthesized the substantive findings of the reviewed literature and informed the 
construction of the interpretive model proposed in this article. This design was used because 
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the literature on digital pacifier use remains dispersed across adjacent conversations on screen 
exposure, digital parenting, parental mediation, technoference, and early childhood 
development. 

This study adopts an interpretive qualitative case study grounded in a constructivist 
paradigm to examine how early childhood teachers make sense of and pedagogically enact 
generative AI in storytelling practices. This design is appropriate because the study does not 
seek to measure technology adoption as a fixed variable. Rather, it aims to understand adoption 
as a contextual meaning-making process shaped by teachers’ cognitive perceptions and 
pedagogical decisions (Merriam & Tisdell, 2016; R. Yin, 2017). An interpretive case study 
approach is especially relevant in emerging areas such as generative AI in early childhood 
education (ECE), where empirical evidence remains limited and highly context-dependent 
(Chen, 2024). It allows for an in-depth exploration of how technology acceptance (TAM) and 
pedagogical integration (TPACK) interact in real classroom settings, rather than treating them 
as separate or isolated constructs. This approach is also well suited to examining how teachers 
negotiate the practical and pedagogical demands of using new technologies in 
developmentally sensitive learning environments. 

Research Setting and Participants 
The study was conducted at PAUD Anna Husada, Bangkalan, an early childhood education 
institution that had begun integrating AI-supported storytelling into classroom practice. This 
site was purposively selected because of its active use of EaseMate AI and its relevance to early 
language development contexts. Its ongoing experimentation with AI-supported storytelling 
made it an appropriate setting for examining how teachers interpret and apply generative AI in 
authentic classroom situations. The institutional context also provided a bounded case through 
which technology adoption could be examined in depth rather than in abstract or 
decontextualized terms. 

A purposive sampling strategy was employed to select five teachers who had direct 
experience using EaseMate AI in storytelling activities. Participants were intentionally chosen to 
represent variation in teaching experience and digital literacy, enabling the study to capture 
diverse perspectives on AI adoption. Although the sample size is relatively small, it is consistent 
with qualitative case study research, which prioritizes depth rather than breadth (Yin, 2018). 
Data saturation was reached after the fourth participant, as no substantially new themes 
emerged during subsequent data collection. This indicated sufficient coverage of the 
phenomenon within this bounded context. The inclusion of a fifth participant nevertheless 
helped confirm the stability of the emerging patterns and strengthened the interpretive 
robustness of the dataset. 

Research Instruments and Data Collection 
Data were collected over a six-week period through methodological triangulation, combining 
classroom observations, interviews, and document analysis to enhance the richness and 
credibility of the findings (Creswell & Poth, 2018). This multi-method strategy was used to 
capture the phenomenon from several complementary angles rather than relying on a single 
source of evidence. By combining reported perceptions, observed practices, and instructional 
artifacts, the study was able to build a more grounded understanding of how generative AI was 
used in storytelling activities. The triangulated design also supported deeper interpretation of 
the relationship between teachers’ stated beliefs and their actual classroom enactment. 

More specifically, data were gathered through multiple complementary techniques to 
capture both teachers’ perceptions and their enacted practices. Non-participant classroom 
observations were conducted across 12 sessions to examine how AI-supported storytelling was 
implemented in authentic instructional contexts, with particular attention to teacher-student 
interactions, instructional strategies, and overall classroom dynamics. These observations were 
complemented by semi-structured interviews lasting 45-60 minutes with each teacher, 
designed to explore their perceptions, experiences, and pedagogical considerations regarding 
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the use of AI in storytelling activities. In addition, document analysis was conducted on AI-
generated stories and teacher-modified instructional materials, offering further insight into how 
AI outputs were adapted, simplified, and contextualized for pedagogical use. Taken together, 
these methods enabled a comprehensive understanding of both the conceptual and practical 
dimensions of AI integration in early childhood education. The inclusion of document analysis 
was especially important because it revealed how teachers intervened in AI-generated content 
before using it with children. 

The interview protocol was informed by the constructs of the Technology Acceptance 
Model (TAM), particularly perceived usefulness and perceived ease of use (F. Davis, 1989), as well 
as the domains of TPACK, namely technological, pedagogical, and content knowledge (Koehler 
et al., 2014). This ensured alignment between data collection and the analytical framework. It 
also helped ensure that the interview questions remained theoretically focused while still 
leaving room for participants to raise issues beyond the predefined categories. In this way, the 
protocol supported both conceptual consistency and interpretive openness during data 
collection. 

Data Analysis 
Data analysis employed a hybrid coding approach that integrated deductive and inductive 
strategies to ensure both theoretical alignment and openness to emergent insights (Fereday & 
Cochrane, 2006). First, deductive coding was conducted using predefined constructs from TAM, 
namely perceived usefulness and perceived ease of use, and from TPACK, namely the 
technological, pedagogical, and content dimensions. This stage provided the initial analytical 
structure. Second, inductive coding was applied to identify patterns not fully captured by these 
frameworks, allowing new themes such as engagement and contextual constraints to emerge 
from the data. The combination of these strategies enabled the analysis to remain conceptually 
guided without forcing the data into rigid categories. 

The analytical process proceeded through three iterative stages to ensure a systematic 
and rigorous interpretation of the data. First, open coding was used to identify initial codes 
emerging from the raw data, such as “saving time,” “simplifying story,” and “children 
responding.” These initial codes were then organized through axial coding, in which related 
codes were grouped into broader analytical categories aligned with the constructs of the 
Technology Acceptance Model (TAM) and the Technological Pedagogical Content Knowledge 
(TPACK) framework. Finally, selective coding was undertaken to synthesize relationships among 
these categories, resulting in the development of core themes that captured patterns of AI 
adoption and pedagogical enactment. This staged process allowed the analysis to move from 
descriptive coding toward more abstract interpretation. It also strengthened the transparency 
of how raw observations and interview excerpts were translated into conceptual findings. 

Throughout this process, the analysis was guided by a strategy of constant comparison 
across data sources, enabling the study to differentiate and integrate multiple dimensions of 
evidence. This approach made it possible to distinguish clearly between teacher-reported 
perceptions derived from interview data, observed pedagogical practices identified through 
classroom observations, and material adaptations revealed through document analysis. By 
systematically comparing these sources, the study ensured that the findings reflected 
analytically grounded patterns rather than isolated or context-specific observations. The final 
conceptual model (Figure 1) was developed as a synthesis of these relationships, representing 
an analytical interpretation of recurring patterns across triangulated data rather than a direct 
representation of individual data points. As such, the model should be understood as an 
interpretive abstraction derived from the data rather than as a statistically generalizable 
framework. 

Trustworthiness and Ethical Considerations 
To ensure methodological rigor, the study applied established qualitative criteria, including 
credibility, dependability, confirmability, and transferability (Lincoln & Guba, 1985). Credibility 
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was strengthened through triangulation across multiple data sources, namely observations, 
interviews, and documents, as well as through member checking, in which participants 
reviewed and confirmed the accuracy of the interpreted findings. Dependability and 
confirmability were supported through transparent documentation of the coding process, 
including the development of codes and categories presented in Table 1. Transferability was 
addressed through thick description of the research context, allowing readers to assess the 
applicability of the findings to similar educational settings. Ethically, all participants provided 
informed consent, and all data were anonymized to ensure confidentiality. 

Result 
The analysis focused on how early childhood teachers incorporated generative AI into 
storytelling practices through the combined lens of TAM and TPACK. The findings draw on 
triangulated evidence from 12 non-participant classroom observations, five semi-structured 
interviews, and document analysis of AI-generated instructional materials. Themes were 
developed through a hybrid coding process that moved from open coding, including labels 
such as “saving time,” “simplifying story,” and “children responding,” to axial categorization 
based on TAM and TPACK constructs, and finally to selective coding that clarified the 
relationships among themes. Because the analysis moved iteratively across data sources and 
coding stages, the resulting account is not merely descriptive but analytically grounded within 
the TAM-TPACK framework. This strengthens the overall validity of the study by showing that 
the identified patterns of generative AI adoption were derived systematically from empirical 
material and interpreted through a clear theoretical lens. 

To make this analytical pathway visible, Table 1 sets out the coding process linking raw 
data, initial codes, axial categories, and theoretical constructs. The table shows how broader 
analytical themes emerged from concrete empirical material rather than from abstract 
assumptions alone. It also helps clarify the movement from classroom events and teacher 
statements to more conceptual interpretation. Seen in this way, Table 1 functions not only as a 
coding summary but also as part of the study’s evidence of analytical rigor. 

Table 1. Coding Framework and Analytical Development 

Stage 
Example Raw 

Data Initial Code Axial Category 
Theoretical 

Mapping 
Interview “AI helps me 

prepare stories 
faster” 

Saving time Efficiency benefit TAM – PU 

Observation Teacher simplifies 
AI story 

Story 
modification 

Content 
adaptation 

TPACK – CK 

Document Edited AI text Language 
simplification 

Pedagogical 
alignment 

TPACK – PCK 

Interview “It is easy to use” Easy interface Low barrier TAM – PEOU 
Observation Teacher uses 

puppets + AI story 
Multimodal 
teaching 

Pedagogical 
strategy 

TPACK – PK 

Observation Children respond 
actively 

Participation Engagement Mediator 

Interview “Children seem 
more interested” 

Interest Engagement 
perception 

Mediator 

Observation Some children 
distracted 

Attention drop Variable 
engagement 

Mediator 

Interview “AI language too 
difficult” 

Complexity issue Content mismatch Constraint 

Observation Teacher adds 
visuals 

Support strategy Pedagogical 
compensation 

TPACK 
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Perceived Usefulness as Pedagogical Augmentation 
Across the dataset, usefulness appeared first and most clearly in relation to teachers’ everyday 
instructional work. Interview accounts, observational records, and document analysis all 
pointed to the same pattern: teachers valued AI because it reduced the burden of preparing 
storytelling materials. This practical advantage surfaced repeatedly in participants’ reflections 
and seemed to provide one of the earliest motivations for trying the tool. At this initial stage, 
usefulness was understood not simply as convenience, but as a way of making preparation more 
manageable within the time pressures of classroom practice. 

For example, one teacher (T2) stated: 

“Usually I need a long time to prepare stories, but with AI, I can get a draft in minutes and 
then adjust it.” (Interview, T2) 

Yet classroom observation showed that the value of AI did not lie in direct use of the 
generated stories. Across multiple sessions, teachers consistently revised the output before 
presenting it to children. In one observed session (Session 4), the teacher simplified sentence 
structures and replaced unfamiliar vocabulary before telling the story. What emerged here was 
not passive reliance on AI, but an active process of instructional reshaping. 

The same pattern became visible in the documents teachers worked with. AI-generated 
stories were regularly edited into shorter sentences, more familiar contexts, and repetitive 
structures better suited to early childhood learners. These changes show that teachers treated 
AI output as provisional material rather than as a finished classroom resource. The revisions were 
deliberate and pedagogically motivated, not merely cosmetic. In effect, usefulness became 
visible through the work teachers did to make the material teachable. 

Another teacher (T4) explained: 

“The story from AI is helpful, but sometimes the language is too difficult, so I need to 
adjust it for the children.” (Interview, T4) 

Taken together, these findings suggest that perceived usefulness in this study reached 
beyond efficiency alone. What teachers found useful was not simply the speed of story 
generation, but the extent to which AI could support adaptive instructional design. This 
interpretation rests on both what teachers said and what they were seen doing in practice. 
Usefulness, in other words, was realized through pedagogical transformation rather than 
assumed as an inherent property of the tool itself. 

Perceived Ease of Use as a Mediating Enabler 
A similar pattern emerged with regard to perceived ease of use, although its role was somewhat 
more complex. Interview responses and observed interactions with the tool suggest that 
EaseMate AI was generally experienced as accessible and uncomplicated. Participants described 
it as easy to operate, largely because story generation required only simple prompts. That sense 
of accessibility appeared to lower the threshold for initial adoption, especially for teachers with 
varied levels of digital confidence. 

One teacher (T1) noted: 

“It’s quite easy. I just type the theme, and the story appears. I don’t need special training.” 
(Interview, T1) 

What observation added, however, was a clearer sense that ease of use affected more 
than first-time uptake. Teachers who appeared more confident with the system, such as T1 and 
T3, tended to experiment more actively with story modification, visual aids, and interactive 
questioning. Their greater comfort with the tool seemed to create room for more flexible and 
imaginative pedagogical use. Ease of use, therefore, extended beyond technical handling into 
the domain of instructional experimentation. 

A different picture appeared among teachers who felt less familiar with the technology. 
Participants such as T5 relied more heavily on the original AI output and needed more time to 
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adapt it for classroom use. In one observed session (Session 7), the teacher paused repeatedly 
to rephrase sentences during storytelling, suggesting difficulty in transforming the material 
smoothly in real time. These differences indicate that ease of use shaped not only access to the 
tool, but also the quality of pedagogical enactment that followed. 

Seen in this light, perceived ease of use functioned as a mediating enabler. It was not 
merely a usability variable, but a condition that either opened or restricted the possibility of 
instructional innovation. When teachers felt at ease with the technology, they were more likely 
to move beyond basic use and toward creative adaptation. Ease of use therefore acted as an 
important bridge between technological acceptance and meaningful pedagogical practice. 

Pedagogical Adaptation and TPACK Integration 
The strongest pattern in the observational data concerned teachers’ ongoing pedagogical 
adaptation of AI-generated material. Across all 12 sessions, the use of generative AI was 
embedded in teaching rather than treated as a separate technical act. Teachers drew 
simultaneously on technological, pedagogical, and content knowledge as they reshaped stories 
for young learners. What this reveals is not simply the presence of TPACK as a framework, but its 
enactment in the moment-to-moment work of classroom storytelling. 

In practice: 

TK: Teachers used AI to generate initial story drafts 
PK: Teachers applied storytelling strategies, such as questioning and dramatization 
CK: Teachers ensured alignment with children’s language level 

A clear example appeared in Session 6, where the teacher combined an AI-generated 
story with hand puppets and posed guiding questions such as: 

“What do you think will happen next?” 

The result was a dialogic storytelling environment rather than a passive listening exercise. 
What shaped the classroom experience was not the AI-generated content alone, but the 
teacher’s orchestration of that content through interaction, pacing, and participation. The story 
became educationally meaningful because it was mediated, expanded, and made responsive to 
children’s engagement. This suggests that generative AI only became pedagogically effective 
when folded into teacher-led practice. 

One teacher (T3) explained: 

“AI gives the story, but I decide how to tell it so children can understand and participate.” 
(Interview, T3) 

This comment captures a broader pattern visible across the findings. AI did not displace 
pedagogy, but entered into it as material to be negotiated and reshaped. Teachers remained 
central in deciding how stories would be selected, simplified, staged, and delivered. TPACK 
therefore appeared here not as a static knowledge structure, but as an adaptive process through 
which teachers brought technological output into alignment with pedagogical purpose. 

Student Engagement as a Mediating Variable 
Another theme that emerged strongly from the data was student engagement. Most clearly 
visible in classroom observation and reinforced by teacher reflections, engagement took the 
form of children’s attention, participation, and interaction during storytelling. It did not appear 
as a minor by-product of the activity, but as a key mechanism through which AI-supported 
storytelling gained pedagogical value. The data suggest that engagement depended less on the 
mere presence of AI and more on how teachers organized the storytelling event. 

This was especially apparent in sessions such as Session 3 and Session 8, where children 
responded actively to teacher questions, repeated key vocabulary, and interacted with peers. 
Those moments turned storytelling into a shared and dialogic activity rather than a simple act 
of content delivery. Such participation matters because it points to language learning as a 
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relational and interactive process. In that sense, engagement helped explain why some AI-
supported sessions appeared more educationally productive than others. 

At the same time, the data also showed that engagement was uneven. In Session 5, 
several children lost focus partway through the story, particularly when visual aids were absent. 
This suggests that engagement depended heavily on the teacher’s use of supporting media and 
instructional strategies. AI-generated stories on their own were not sufficient to sustain 
attention. What mattered was the pedagogical environment within which the story was 
presented. 

Teachers themselves recognized this pattern, as reflected in the following comment: 

“Children are more interested when the story is new and interactive.” (Interview, T2) 

Taken together, the observational and interview data point in the same direction. AI 
appeared to influence language development indirectly, with engagement operating as a 
mediating mechanism between instructional design and children’s participation. The 
technology by itself did not produce learning outcomes. Its effectiveness depended on the 
extent to which teachers were able to turn the activity into an engaging social and pedagogical 
experience. 

Contextual Constraints in AI Adoption 
Not all of the patterns in the findings were enabling. Interviews and classroom observations 
consistently revealed a set of contextual constraints that shaped how AI could be used in 
practice. One of the clearest problems concerned the mismatch between AI-generated 
language and children’s developmental levels. This issue surfaced often enough to count as a 
recurring pattern rather than an isolated difficulty. Adoption, therefore, was marked not only by 
opportunity, but also by repeated negotiation with developmental and contextual limits. 

One teacher (T5) noted: 

“Sometimes the words are too advanced, so I need to simplify them.” (Interview, T5) 

Observation confirmed that this was not merely a stated concern. Teachers frequently 
paused during storytelling to explain or rephrase vocabulary for children. Such moments show 
that AI-generated content often required immediate pedagogical mediation before it could 
become comprehensible in the classroom. The issue also reveals the limits of assuming that 
generative AI can automatically produce developmentally appropriate material for early 
childhood settings. In practice, teachers remained responsible for bridging the gap between 
generated text and children’s understanding. 

Teachers also pointed to the need for additional supporting materials: 

“AI only gives text, so I still need pictures or props to make children understand.” 
(Interview, T1) 

This issue was reinforced by contextual constraints at the level of infrastructure, including 
limited screen visibility and occasional connectivity problems. These conditions make clear that 
AI adoption was never a purely technological matter. It was shaped by material conditions, 
pedagogical demands, and the continuing need for human mediation. Far from replacing 
teacher interaction, AI remained dependent on it, particularly in supporting comprehension and 
emotional engagement. 

The five themes discussed above were brought together in an integrated conceptual 
model, presented in Figure 1. Rather than standing as isolated findings, they formed part of an 
interconnected process through which generative AI was adopted and made pedagogically 
workable in early childhood education. The model captures this process by showing how 
cognitive acceptance, pedagogical transformation, and student engagement were linked to one 
another. It thus serves as an interpretive synthesis of how adoption unfolded across the 
observed setting. 
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Figure 1. Integrated TAM-TPACK Model 

As Figure 1 indicates, perceived ease of use and perceived usefulness form the cognitive 
conditions that support pedagogical processes within the TPACK framework. Those processes 
are then mediated by student engagement, which in turn shapes perceived language 
development outcomes. The model therefore, presents the findings as layered and relational 
rather than as a simple linear sequence. Language-related outcomes emerged through several 
forms of mediation, not through direct technological intervention alone. 

At the Technology Acceptance Model (TAM) layer, which may be understood as the 
cognitive acceptance layer, the findings point to a shift in the meaning of the model’s two 
central constructs: perceived ease of use (PEOU) and perceived usefulness (PU). In this study, 
PEOU no longer refers only to technical usability. It instead functions as an enabling condition 
that allows teachers to explore, adapt, and flexibly integrate AI into classroom practice. PU also 
shifts in meaning, moving away from a narrow emphasis on efficiency and toward pedagogical 
augmentation, that is, the capacity of technology to enrich instructional design by providing 
adaptive and modifiable content aligned with children’s developmental needs. Within the 
context of generative AI in early childhood education, TAM therefore extends beyond cognitive 
acceptance and helps explain the conditions under which broader pedagogical transformation 
becomes possible. 

The next layer concerns TPACK, understood here as the pedagogical transformation layer. 
The findings show that generative AI did not influence learning directly, but through teachers’ 
processes of pedagogical transformation. Technological knowledge (TK) referred to teachers’ 
ability to operate and understand AI tools, pedagogical knowledge (PK) related to storytelling 
strategies used in instruction, and content knowledge (CK) concerned knowledge of early 
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childhood language development. Their interaction gave rise to more complex forms of 
integration, including technological pedagogical knowledge (TPK), which supported the 
adaptation of technology into teaching methods; technological content knowledge (TCK), 
which helped ensure the relevance of AI-generated content; and pedagogical content 
knowledge (PCK), which underpinned effective language-development strategies. At full 
integration, these elements formed TPACK as an enacted framework in which AI functioned not 
as a passive tool, but as a co-teacher contributing to instructional design and implementation 
while remaining under teacher guidance and mediation. 

Student engagement occupies the next layer of the model and functions as a key 
mediating variable linking pedagogical integration to learning outcomes. In the present study, 
engagement was visible through children’s attention, enthusiasm, and interaction during AI-
supported storytelling. The findings suggest that AI did not directly improve language ability. 
Instead, its effects were mediated through the heightened engagement produced by teacher-
guided pedagogical strategies. AI may have acted as an initial trigger, but the quality of 
engagement depended largely on how teachers facilitated interaction, used supporting media, 
and connected story content to children’s lived experience. Framing engagement in this way is 
one of the study’s more important contributions, because it clarifies that the relationship 
between technology use and learning outcomes is indirect and deeply shaped by classroom 
dynamics. 

The final layer concerns outcomes, represented here as perceived language development. 
This included both receptive language abilities, such as understanding story content, narrative 
structure, and meaning, and expressive language abilities, such as speaking, vocabulary use, and 
verbal response. At the same time, these outcomes should be understood as perceived rather 
than objectively measured, since they were based on teachers’ observations and interpretations 
rather than on standardized assessment. This is consistent with the qualitative design of the 
study and should also be read as one of its methodological limitations. Even so, the outcome 
layer remains important because it captures how teachers interpreted the effects of AI within 
their pedagogical experience. Outcomes in this model are therefore not conceptualized as 
direct effects of technology, but as the result of a layered process involving technology 
acceptance, pedagogical transformation, and active student engagement. 

Discussion  
This study makes a nuanced contribution to the growing body of research on generative AI in 
early childhood education (ECE) by showing that technology adoption cannot be adequately 
explained through single-framework models alone. Instead, the findings indicate that the 
integration of generative AI operates as a multi-layered pedagogical process in which cognitive 
acceptance, pedagogical transformation, and learner engagement interact dynamically. This 
challenges dominant approaches in educational technology research that tend to separate 
acceptance, as represented by TAM, from pedagogical enactment, as represented by TPACK. 
The discussion therefore supports recent calls for more integrative and context-sensitive 
frameworks in educational technology research (G. Chen, 2024; Scherer et al., 2019). 

Extending TAM: From Functional Utility to Pedagogical Augmentation 
One of the central theoretical contributions of this study lies in its extension of the Technology 
Acceptance Model (TAM) through a reconceptualization of perceived usefulness within 
pedagogical contexts. In its original formulation, usefulness is generally defined in terms of 
performance enhancement and task efficiency (Davis, 1989). The present findings suggest, 
however, that in generative AI environments usefulness is not merely functional, but 
pedagogically enacted. What teachers found valuable was not simply the speed or convenience 
of AI, but its capacity to support the adaptation of instructional content for young learners. 

This reinterpretation is grounded in the empirical pattern that teachers consistently 
modified AI-generated stories before using them in the classroom. Rather than applying AI 
output directly, they simplified, contextualized, and reshaped it in response to children’s 
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developmental needs. Usefulness therefore emerged through pedagogical adaptation rather 
than direct application. This pattern aligns with recent scholarship suggesting that AI in 
education functions more as a co-creative partner than as a passive tool (Chen, 2024; Kanders et 
al., 2024). 

Perceived usefulness can thus be understood more precisely as pedagogical 
augmentation. In this sense, AI expands instructional possibilities, but only when its outputs 
remain subject to teacher judgment, mediation, and revision. Such a view extends TAM beyond 
its original cognitive orientation and relocates it within relational, contextual, and practice-
based pedagogical settings. It also responds to longstanding critiques of TAM’s limited 
explanatory power in educational environments, where technology use is rarely reducible to 
individual perceptions alone (Al-Adwan et al., 2023; Granić, 2022). 

Reinterpreting Ease of Use as a Pedagogical Enabler 
The findings also offer a more refined interpretation of perceived ease of use (PEOU). 

Within TAM, PEOU is typically treated as a determinant of whether a technology is adopted. In 
this study, however, ease of use played a more complex role by shaping the extent to which 
teachers were able to experiment pedagogically with generative AI. It therefore operated not 
only as a factor in initial adoption, but also as a condition influencing the quality and depth of 
subsequent classroom enactment. 

The empirical evidence shows that teachers who experienced the AI tool as easy to use 
were more likely to modify stories, combine AI-generated materials with multimodal resources, 
and facilitate interactive storytelling. Ease of use therefore affected more than access to the 
technology; it also shaped the confidence with which teachers engaged in instructional 
adaptation. Teachers who felt more comfortable with the tool appeared more willing to explore 
its possibilities rather than relying on its outputs in a fixed or literal way. In this respect, ease of 
use became closely tied to teacher agency and pedagogical flexibility. 

This finding extends TAM into the domain of post-adoption behavior, an area that earlier 
research has often treated as underdeveloped (Granić, 2022). It also resonates with recent 
perspectives that emphasize teacher agency, technological confidence, and adaptive practice 
as central to meaningful technology integration in educational settings (Sun et al., 2025). What 
matters, then, is not only whether a tool is easy enough to adopt, but whether that ease creates 
room for pedagogical experimentation. PEOU is therefore better understood here as a 
pedagogical enabler rather than merely a usability variable. 

Advancing TPACK: From Integration to Pedagogical Negotiation 
The study also advances the TPACK framework by showing that generative AI changes the 
character of technology integration itself. TPACK classically conceptualizes integration as the 
intersection of technological, pedagogical, and content knowledge (M. Koehler et al., 2013). The 
present findings suggest that in AI-supported environments this process is more accurately 
described as pedagogical negotiation. Teachers were not simply combining domains of 
knowledge; they were continually making judgments about how AI-generated material should 
be interpreted, revised, and enacted in relation to young children’s needs. 

This shift is important because it moves the discussion away from static models of 
integration and toward a more dynamic account of adaptive pedagogical work. Teachers did 
not insert AI into pre-existing routines in a straightforward way. Instead, they evaluated the 
developmental appropriateness of generated content, modified it where necessary, and 
embedded it within interactional classroom practices. Technology integration in this context 
was therefore inseparable from ongoing acts of interpretation and adjustment. 

The findings also challenge the assumption that instructional content originates solely 
from the teacher. In generative AI settings, content is co-produced, which means that teachers 
must act not only as instructors but also as curators and critical evaluators of machine-generated 
output. This expands the pedagogical role of the teacher in important ways and is consistent 
with recent research highlighting teachers’ evolving function as designers, editors, and 
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mediators in AI-supported learning environments (Elmorsy, 2024; Tao & Nasri, 2025). TPACK, in 
this context, is best understood not simply as integration, but as negotiation across competing 
pedagogical, technological, and developmental demands. 

Engagement as a Missing Link in Technology Adoption Models 
A further contribution of this study lies in identifying student engagement as a mediating 
mechanism between AI use and perceived learning outcomes. Both TAM and TPACK have been 
widely used in research on educational technology, yet neither framework explicitly captures 
learner-level processes in a sufficiently direct way. The present findings suggest that this 
omission matters, particularly in early childhood education, where learning is inseparable from 
attention, interaction, and emotional involvement. Engagement therefore emerges here not as 
a secondary outcome, but as a central mechanism in the pedagogical value of AI-supported 
storytelling. 

The findings indicate that generative AI did not directly influence language development. 
Rather, its effects were mediated through levels of engagement visible in children’s attention, 
participation, and interaction during storytelling sessions. This is consistent with constructivist 
perspectives that view active involvement as a necessary condition for meaningful learning. It 
also suggests that technological affordances become educationally significant only when they 
are translated into engaging classroom experiences. 

Just as importantly, engagement depended more on pedagogical delivery than on AI-
generated content itself. This reinforces the centrality of teacher mediation and highlights the 
limits of models that explain technology use without attending to classroom interaction. By 
foregrounding engagement, the present study helps bridge the gap between technology 
adoption theory and learning theory, a gap that has been repeatedly noted in the recent 
literature (Qayyum et al., 2025). In that sense, engagement functions as the missing link that 
connects cognitive acceptance and pedagogical enactment to actual learning processes. 

Contextual and Ethical Dimensions of AI Adoption 
The study further shows that AI adoption in ECE is shaped by contextual and ethical 
considerations rather than being inherently beneficial. The difficulties observed in relation to 
linguistic complexity, the lack of visual affordances, and infrastructural limitations demonstrate 
that the effectiveness of AI is situated and contingent. This means that the success of adoption 
cannot be assumed from the availability of the tool itself. Instead, adoption depends on how 
technological possibilities are filtered through material conditions, developmental 
appropriateness, and pedagogical judgment. 

These findings support broader concerns in the literature about the developmental and 
ethical risks associated with AI use in early childhood settings. Such concerns include the 
possibility of cognitive overload, relational dependency, and unresolved issues around data 
ethics (Berson et al., 2025; Kurian, 2025; Ozturk, 2025). The present study does not treat these 
risks as abstract possibilities alone, because the empirical data show that teachers repeatedly 
had to intervene in order to make AI outputs usable, understandable, and contextually 
appropriate. Ethical concern, in this regard, is inseparable from pedagogical practice. 

Teachers consistently acted as mediators who adapted and contextualized AI-generated 
content before it reached children. Their role was therefore not peripheral, but central to the 
responsible use of the technology. This finding reinforces the importance of a human-centered 
approach to AI integration, one that prioritizes pedagogical integrity and child development 
over technological efficiency. It also suggests that future policy and implementation 
frameworks should treat teacher mediation not as an optional supplement, but as a necessary 
condition of responsible AI use in ECE. 

Toward an Integrated TAM-TPACK Framework 
Taken together, the findings support the development of an integrated TAM-TPACK framework 
that conceptualizes generative AI adoption as a multi-layered and relational process. Within this 
model, TAM helps explain cognitive acceptance, or why teachers are willing to adopt AI; TPACK 
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helps explain pedagogical integration, or how AI is enacted in classroom practice; and 
engagement helps explain learning mediation, or how outcomes emerge through participation 
and interaction. This formulation moves beyond additive models that merely place frameworks 
side by side. Instead, it offers a process-oriented account of how cognition, pedagogy, and 
learner engagement interact in practice. 

The value of this model lies in its grounding in classroom evidence rather than in 
theoretical abstraction alone. The integrated framework emerged from empirical patterns 
documented in the Results section and synthesized in Figure 1, rather than being imposed 
deductively from outside the data. This gives the model greater interpretive strength and makes 
it more relevant to the realities of early childhood classrooms. It also contributes to current 
efforts to develop context-sensitive and pedagogically meaningful models of AI adoption in 
education. 

More broadly, the proposed framework has significance beyond the immediate case 
examined in this study. Because early childhood contexts remain underrepresented in research 
on generative AI, the model offers a way of thinking about adoption that is attentive to 
developmental sensitivity, teacher mediation, and classroom interaction. At the same time, it 
remains open enough to be refined in future studies across other contexts. In that sense, the 
integrated TAM-TPACK framework should be read not as a final model, but as a theoretically 
grounded and empirically informed step toward a more adequate understanding of AI adoption 
in ECE. 

Conclusion 
This study shows that the adoption of generative AI in early childhood storytelling is best 
understood not as a purely technical matter, but as a layered pedagogical process shaped by 
cognitive acceptance, teacher mediation, and classroom engagement. Across the findings, 
perceived usefulness did not operate simply as functional efficiency, but was enacted as 
pedagogical augmentation through teachers’ ongoing modification of AI-generated stories. 
Perceived ease of use likewise extended beyond usability, functioning as a pedagogical enabler 
that influenced how confidently and creatively teachers adapted AI within storytelling practice. 
Read together, the findings indicate that generative AI did not replace teacher expertise; rather, 
it became instructionally meaningful only when mediated through teachers’ pedagogical 
judgment, developmental sensitivity, and contextual adaptation. In this respect, the integrated 
TAM-TPACK framework proposed in this study offers a more adequate account of AI adoption 
in ECE by connecting cognitive acceptance, pedagogical transformation, and student 
engagement within a single interpretive model. 

The study also makes clear that the educational value of generative AI remains contingent 
rather than automatic. Its potential for supporting language learning was mediated by student 
engagement and constrained by developmental mismatches in AI-generated language, the 
need for supplementary visual or material support, and practical limitations within classroom 
settings. These findings suggest that responsible AI use in early childhood education requires a 
strongly human-centered orientation in which teacher mediation remains central to both 
instructional quality and ethical appropriateness. The study is limited by its small qualitative 
sample, its focus on a single institutional setting, and its reliance on perceived rather than 
standardized language outcomes. Future research would benefit from longitudinal and mixed-
method designs that examine how teacher adaptation, student engagement, and language 
development evolve over time across more diverse early childhood contexts. 
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