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Abstract 

In recent years, the integration of technology-enhanced learning in early childhood 

education has attracted growing attention, being recognised as a promising approach to 

improving learning outcomes and promoting educational equity. In this context, 

researchers have increasingly explored how diverse resources such as multimedia, 

gamified learning, and artificial intelligence (AI) can be effectively integrated into second 

language acquisition (SLA) processes, particularly among young learners. Within the 

context of China’s ongoing educational reform, early primary education is experiencing 

pedagogical innovation, creating heightened demand for AI-powered educational tools. 

Despite the increasing adoption of AI in educational settings, empirical evidence on its 

application in early childhood second language (L2) learning remains limited. Prior 

studies have demonstrated specific advantages of AI tools in providing personalised, 

interactive learning experiences; however, significant questions exist regarding their 

effectiveness in enhancing receptive vocabulary development, fostering learner 

motivation, and supporting enjoyment of learning among young children. Moreover, as 

central figures in children's early learning environments, parents' and caregivers' 

perceptions of AI-based applications constitute an essential dimension of educational 

technology integration that requires further investigation. 

 

To address these gaps, the study adopts a mixed-methods approach to explore the effects of 

a multimodal AI-based language learning application (Zebra AI), which integrates 

Automatic Speech Recognition (ASR), adaptive feedback, and learning analytics, on 

English as a second language development among young Chinese learners aged 5 to 7. 

The research is theoretically grounded in SLA theories, Multimedia Learning Theory 

(MLT), Self-Determination Theory (SDT), and the Technology Acceptance Model. A 

quasi-experimental design was employed, supported by post-intervention questionnaires 

and thematic analysis of qualitative interviews. 

 

Participants (N = 85) were children aged 5 to 7 years, recruited from two primary schools 

in central China and randomly assigned to either an experimental group (using the 

Zebra AI application) or a control group (using a non-educational entertainment app). 

Over a 12-week intervention period, children’s receptive vocabulary was assessed using 

the Peabody Picture Vocabulary Test–Fifth Edition (PPVT-5), while cognitive skills, 
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including working memory (WM) and theory of mind (ToM), were measured through 

standardised tasks. Data were analysed using mixed-design ANOVA and regression 

modelling. 

 

The quantitative findings revealed significant improvements in receptive vocabulary in 

the experimental group compared to the control group [F (1,83) = 52.42, p <.001, η2p 

= .387], along with significant gains in WM (p < .001). No statistically significant 

differences were observed in ToM performance. Regression analysis demonstrated that 

the model significantly explained 44.8% of the variance in receptive vocabulary growth 

(R2adj = .448, p < .001). Both the group variable (β  = .586, p < .001) and age (β  = .240, 

p = .005) were significant predictors of vocabulary gains. Amongst the core cognitive 

mechanisms, growth in WM exhibited a marginally significant positive predictive trend 

(p = .051), whereas the impact of ToM did not reach statistical significance. These 

findings partially support the hypothesis regarding the relationship between WM and 

vocabulary acquisition, highlighting the potential contribution of associative learning 

mechanisms to language development under controlled experimental conditions. 

 

Data from questionnaires measuring children’s enjoyment with app-based learning 

indicated high satisfaction rating for the AI application’s usability, visual appeal, and 

motivational features. Gamified elements, speech recognition, and interactive animation 

were identified as key factors in sustaining learner engagement. 

 

Thematic analysis of semi-structured interviews with parents and caregivers (N = 8) 

supported these results, revealing observed improvements in children’s vocabulary, 

motivation, and self-directed learning. Parents and caregivers also reported advantages 

such as flexibility, reduced homework supervision stress, and cost-effectiveness, while 

expressing concerns about screen time, device compatibility issues, inappropriate content, 

and low digital literacy. They suggested future design should support offline access, 

dialects, peer-support and parent-caregiver training to enhance usability in diverse early 

childhood learning contexts. 

 
This study contributes to the expanding literature in Intelligent Computer-Assisted 

Language Learning (ICALL), demonstrating empirical evidence for the effectiveness of 

AI-enhanced tools in early SLA education through the specific application of Zebra AI. 
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However, it is important to note that these findings are specific to the algorithmic and 

pedagogical design of the tested application and may not be directly applied to other AI 

tools with different functions. It confirms this technology’s capacity to enhance both 

learning outcomes and engagement, offering insights for educators, designers, and 

policymakers within the context of specific design features, to promote effective, 

equitable early language learning in digital learning environments. 
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Chapter 1. INTRODUCTION 

1.1 Research Background 

With the rapid development of AI across various areas, education has emerged as a 

key field for its deep integration and transformative potential. As an advanced digital 

technology, AI offers data-driven decision-making, adaptive learning paths, and 

intelligent feedback systems that are reshaping educational practice (Bunz & Janciute, 

2018). Globally, governments have positioned AI at the core of education reform 

strategies. Countries such as the United States, the United Kingdom, Japan, and 

Singapore have systematically integrated AI into their national education blueprints, 

aiming to enhance accessibility, personalisation, and equity in learning. For instance, the 

U.S. Department of Education (2023) emphasises learner-centred AI to support inclusive 

education. Similarly, the UK’s “EdTech Strategy” (2019), Japan’s “Basic Plan for the 

Promotion of  Education” (Ministry of Education, 2020), and Singapore’s “Smart Nation” 

initiative (Smart Nation Office, 2022) all reflect strong national commitments to AI-

enabled learning. International organisations have also expressed strong consistent with 

these priorities. UNESCO highlights AI’s critical role not only in improving learning 

quality but also in promoting inclusive and equitable education systems (Holmes et al., 

2022). 

 

Within this global trend, China has demonstrated strong policy leadership by 

incorporating AI into national education strategies, such as the New Generation AI 

Development Plan (China, 2017), the AI + Internet Action Plan, and Education 

Modernisation 2035 (China, 2019). These policies advocate for the creation of intelligent 

learning environments and personalised education through AI integration. As national 

strategies continue to advance, the impact of AI in education has gradually extended into 

home-based learning contexts, a trend that has become particularly evident since the 

introduction of the “Double Reduction” policy. Specifically, due to the intensifying 

problems of excessive academic pressure, unequal distribution of educational resources, 

and the commercialisation of private tutoring, China implemented the “Double Reduction” 

policy in 2021 

(http://www.moe.gov.cn/jyb_xxgk/moe_1777/moe_1778/202107/t20210724_546576.ht

ml), targeting primary and lower secondary school students. The policy strictly limits 
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the private tutoring which prompting many parents and students to seek alternative 

learning tools to meet their need for improved academic performance. In this context, 

educational applications have rapidly emerged. A 2020 report found that 29 K12 

applications collectively released 103 educational apps with over 17.25 billion 

downloads across major Android markets (Jiemian, 2020). These data reflect an increase 

in Chinese families’ demand for learning apps. 

 

Language learning, particularly English learning for children, has become as one of the 

key focus areas, as early English proficiency is increasingly considered to be a 

foundational skill for future academic success and global competitiveness. Several open-

market applications have applied AI in the context of children’s language learning. Unlike 

official school applications, these are open to the public and independently chosen by 

parents and learners. For this study, the focus is specifically on the Zebra AI 

(https://banmaapp.com), designed for young learners.  

 

For this study, the focus is specifically on Zebra AI, designed for young learners. The 

Zebra English learning module integrates key AI technologies, including ASR, adaptive 

algorithms, and learning analytics, to establish a highly interactive and data-driven 

learning environment. The ASR module is designed to recognise and assess learners' oral 

production in real-time, providing immediate feedback on pronunciation. The adaptive 

mechanism dynamically identifies learning gaps to generate personalised review 

sequences, thereby facilitating personalised learning pathways. Furthermore, learning 

analytics supports the system's adaptive regulation and pedagogical strategies by 

collecting and interpreting learning performance data. These AI-driven functionalities 

collectively support multimodal interactions (integrating animations and human 

instruction), learner engagement, and sustained language development in an immersive 

digital environment.  

 

Comparatively, other applications such as Liulishuo (https://www.liulishuo.com) have 

developed a localised ASR model designed for Chinese learners, enabling the recognition 

and assessment of English pronunciation with a Chinese accent. This function plays a 

significant role in pronunciation correction and building children’s confidence in spoken 

English, particularly during the early stages of learning. In addition, Yuanfudao’s AI 

systems (https://m.yuanfudao.com) employ learning analytics to construct personalised 
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learning pathways by analysing children’s behavioural data, such as learning pace, 

response patterns, and interaction habits. These innovations serve as practical foundations 

for studying AI-assisted L2 learning in early childhood contexts. 

 

In the field of SLA, effective language acquisition depends on high-frequency input and 

output, meaningful interaction, immediate feedback, and personalised support (Ellis, 

2015). These requirements are consistent with the affordances of AI-based learning tools. 

Current AI-based applications in language education apply natural language processing 

(NLP) for semantic understanding, ASR for pronunciation feedback, intelligent error 

correction, virtual tutors for immersive dialogue, and recommendation algorithms for 

content personalisation (Zawacki-Richter et al., 2019; Zou et al., 2023). These 

technological affordances are particularly significant in the context of early childhood 

second language learning. As early childhood is a critical period for language 

development, consistent language exposure and meaningful interaction are essential for 

the language acquisition and the development of communication skills. These AI-based 

language learning applications can provide personalised input, interactive feedback, and 

multimodal immersive learning environments that meet the developmental learning needs 

of young children. Consequently, these applications are frequently used by children at 

home as part of informal learning. Parents increasingly recognise the potential of language 

learning applications and treat them as supplements to formal education (Vaiopoulou et 

al., 2021). 

 

1.2 Research Rationale 

The inspiration for this research stems from my personal language learning experience 

and observations of teaching practice. As a Chinese English learner, I experienced 

directly the challenges caused by a lack of contextual support and personalised 

feedback in traditional classroom settings. Years later, while pursuing a degree in 

educational technology, I began to explore AI-driven language learning tools. This 

prompted me to consider: if children could obtain interactive and adaptive AI 

applications during early childhood, would this improve the passive experience of 

traditional learning and enhance motivation and efficiency? 
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My experience as a part-time English teacher further deepened this reflection. Children 

aged 5 to 7 are typically curious and eager to learn, yet their developing cognitive 

abilities limit their capacity for sustained attention, and they often show significant 

individual differences. Conventional teaching methods often lack in addressing their 

diverse needs at both cognitive and emotional levels. This led me to ask whether AI-based 

language learning applications could function not only as digital toys, but as serious 

educational tools which can offer interactive engagement, adaptive feedback and learning 

analytics to support early language development. Over time, this question became central 

to my research. 
 

When I began exploring this topic in 2021, the majority of research was focused on 

online education, gamified learning and various other forms of technology-assisted 

learning (Chapman & Rich, 2018; T. Chen et al., 2020; Palvia et al., 2018). In contrast, 

studies specifically targeting AI-based applications were relatively scarce, and the existing 

literature more focused on teenagers or undergraduate students (Arifiati et al., 2020; Shortt 

et al., 2023; Zawacki-Richter et al., 2019), resulting in limited empirical evidence 

concerning young children. 
 

Building on this gap, previous research has also paid limited attention to three critical 

aspects. First, empirical research is limited on whether AI tools can effectively support 

receptive vocabulary acquisition in children aged 5 to 7. Second, few studies explore 

whether young learners experience enjoyment and sustained engagement while using 

these tools. Third, parent-caregivers’ attitudes, as learning decision-makers are rarely 

considered, despite their important influence on children’s learning environments. 
 

Besides these design and experiential considerations, the geographical and cultural 

contexts of existing studies also present limitations. Most research has been conducted in 

Western educational settings. Despite the widespread availability of applications and 

learning opportunities, little research has examined their impact on early years learning in 

China. Especially in the context of the “Double Reduction” policy, where offline tutoring 

is under strict regulation, the trend of home-based learning with the help of AI-based 

language learning applications has grown rapidly. Children are using these applications 

more frequently, and this has led parents to pay more attention to their educational value, 

ease of use, and the quality of interactive experience. As a result, under the combined 
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influence of policy and technology, it is both timely and meaningful to systematically 

investigate the actual impact of AI-based language learning tools on children’s SLA, as 

well as to explore parent-caregivers’ attitudes and levels of acceptance. Such research not 

only reflects real-world educational needs but also offers valuable insights for improving 

the design and promotion of language learning tools for young learners in the future. 

 

In conclusion, this research aims to address both theoretical and practical gaps in current 

research on AI-supported language learning for children, with a particular focus on Chinese 

learners aged 5 to 7. It systematically examines a specific AI-based language learning 

application (Zebra AI) from three key aspects: learning outcomes, hedonic experience, and 

parent-caregivers ’perspectives. This not only offers empirical support for the optimal 

design of this type of AI-based educational tool but also provides theoretical insights and 

practical guidance for understanding how technology can more effectively support 

children’s language development. 

 

1.3 Research Aims and Questions 

While the application of AI technology in L2 learning has received increasing academic 

attention, at the time this research was initiated in 2021, systematic research evaluating its 

efficacy in supporting very young children (aged 5 to 7) remained generally scarce. The 

existing literature has largely concentrated on adolescents and undergraduate students, 

resulting in a relatively limited focus on supporting the language development of younger 

children. 

 

Specifically, academic consensus remains inconclusive regarding the extent to which 

individual differences in cognitive and social-cognitive abilities (such as WM and ToM) 

predict or moderate the effectiveness of assisted learning. To ensure consistency with 

established literature, this thesis adopts the overarching term WM. However, it must be 

explicitly noted that within this study, WM is operationalised as a narrower aspect of this 

construct, specifically associative memory. Investigating this associative function is 

paramount, as it plays a central role in cross-modal binding. It may therefore influence a 

child's ability to map auditory labels onto the visual animations presented by the AI-based 
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application. ToM may simultaneously predict their learning engagement during 

interactions with AI characters or simulated environments. 

 

Consequently, these two variables are explicitly integrated into our analytical framework 

as core moderating factors, used to account for the individual variance observed in AI 

application learning outcomes. 

 

At the same time, systematic research is still lacking concerning children's subjective 

experience (e.g., hedonics and sustained motivation) and the roles and attitudes of 

parents/carers. Given the near paucity of empirical research on these specific variables 

within the Chinese cultural context, this research aims to address both this theoretical and 

empirical void. 

 

To deal with this research gap, the aim of this research is to systematically investigate 

the potential impact of AI-based language learning applications on receptive vocabulary 

acquisition among Chinese children aged 5 to 7. The research focuses on three key aspects: 

(1) learning outcomes, (2) children’s hedonic experience, and (3) the perspectives of 

parents and caregivers. 

 

To achieve this aim, an approach with mixed methods was employed, with both 

quantitative and qualitative data. They include pre- and post-intervention assessments 

of children’s receptive vocabulary, WM, and ToM; hedonic experience questionnaire 

responses; and semi-structured interview data collected from parents and caregivers. 

 

Accordingly, the research deals with the following three research questions: 

 

RQ 1: To what extent does the AI-based app improve children’s receptive vocabulary, 

and how are these outcomes predicted by their WM and ToM? 

 

RQ 2: Which functions and design interface influence children’s hedonic experience 

with the AI-based language learning app? 

 

RQ 3: What are parent-caregivers’ views regarding the effectiveness of using AI-based 

learning apps for learning a second language? 
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1.4 Research Setting 

To deal with the three research questions, this research adopted a mixed-method 

experimental design (Creswell & Creswell, 2017). Given that the research focuses on both 

the objective effects and subjective experiences of language learning, as well as the role 

of parent-caregivers in the learning process, a single research method may be insufficient 

to fully capture how AI-based language learning applications influence young children’s 

L2 development. The use of mixed-method approach allowed for the integration of 

quantitative and qualitative data, thereby enhancing the explanatory power of the findings. 

 

Atotal of 85 Chinese children aged 5 to 7 were recruited and assigned to either an 

experimental group (N = 43) or a control group (N = 42). The intervention lasted for 12 

weeks. Children in the experimental group engaged in weekly learning tasks by using a 

designated AI-based language learning application, while those in the control group used 

non-educational entertainment apps, such as game platforms. 

 

To assess the effects of the intervention, participants were tested before and after the 

intervention on English receptive vocabulary, WM, and ToM tasks. A variety of 

standardised instruments were employed to ensure the validity and reliability of the 

measurements, including the PPVT-5  (Dunn, 2019), WM task, and ToM tasks. The 

resulting quantitative data were analysed through pre- and post-test comparisons both 

within and between groups to evaluate the impact of the AI intervention on language and 

related cognitive abilities. 

 

At the end of the intervention, children’s hedonic experience with the AI-based 

application was explored through a child-friendly open-ended questionnaire, and parent-

caregivers’ perspectives were collected through semi-structured interviews. By 

integrating qualitative and quantitative findings, the study offered a comprehensive 

analysis of the potential impact of AI-based language learning tools on children’s SLA 

from three perspectives: vocabulary development, hedonic experience, and parent-

caregivers’ involvement. 
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1.5 Research Significance 

This research has significant value in theoretical, methodological, and practical terms. 

 

At the theoretical level, it deepens our understanding of how specific AI-based language 

learning application can support young children’s L2 learning. Although AI has received 

considerable attention in the field of language education, most existing studies have 

focused on young people or undergraduate students, and few have systematically 

investigated its applicability and effectiveness during the critical developmental stage of 

children aged 5 to 7. To address this gap, the present research provides empirical evidence 

for the effectiveness of the tested AI applicaton in early language learning and contributes 

to a paradigm shift in AI and SLA research by extending its scope from older learners to 

younger children. 

 

In addition, the research introduces children’s hedonic experience as a key yet 

underexplored variable in AI-assisted language learning. For learners with still-developing 

cognitive capacities, motivational, emotional, and experiential factors play a crucial role 

in language acquisition. By focusing on the child’s view, this research highlights the 

emotional aspect of technology use and broadens the SLA field from a knowledge-centred 

approach to a more holistic, experience-driven model. 

 

In practical terms, the research also emphasises the essential role of families in 

technology-supported learning. Through interviews with parents, it explores their 

acceptance of AI tools, their observations of learning outcomes, and the ways they support 

their children’s use of technology in home settings. This not only underscores the family’s 

dynamic role in the learning ecosystem but also provides both theoretical insights and 

practical references for integrating AI-based education tools into home learning 

environments. 
 

From a methodological perspective, the research adopts a mixed-methods design, 

combining receptive vocabulary testing, hedonic experience questionnaires, and 

interviews with parents and caregivers. It offers a comprehensive analysis of AI learning 

applications by examining cognitive processing, emotional engagement, and social 

interaction. Moreover, it explores tools for measuring hedonic experience in young learners, 
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establishing a foundation for developing child-centred approaches to user experience 

evaluation. 
 

In summary, this research fills a gap in empirical research on the use of multimodal AI-

enhanced tools in young children’s language learning. It also contributes to the scientific 

application of AI in early childhood education by offering new theoretical perspectives, 

research angles, and methodological innovations. 
 

1.6 Outline of the Thesis 

This thesis is structured into seven chapters. 

 

Chapter 1 (this chapter) introduces the research background, personal motivation, and 

rationale behind the study. It clearly presents the research aims and questions, and 

briefly outlines the research design, methodology, as well as the significance of the 

research. 

 

Chapter 2 presents a comprehensive literature review. It begins by examining key 

characteristics of early SLA in children, with a focus on the importance of receptive 

vocabulary and the relationship between language and cognitive development, and the 

specific mechanisms of early childhood vocabulary acquisition.The chapter then reviews 

the development and current application of AI language learning tools in children's 

language education. It outlines key design principles for AI-driven vocabulary apps, 

before concluding with a discussion of their pedagogical potential and possible limitations.  

 

Importantly, this chapter points out two underexplored areas in existing research, 

children’s hedonic experience and parent-caregivers’ perspectives to explore their 

impact on learning motivation and technology adoption. Based on the prior research, the 

chapter identifies theoretical and practical gaps that this study seeks to address, thereby 

providing a basis for the following chapters. 
 

Chapter 3 constructs the theoretical framework of the study by integrating multiple 

relevant theories, including SLA theories (e.g., the Input Hypothesis and Interaction 

Hypothesis), MLT, and SDT. It also incorporates user experience model (UX model) and 
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the TAM model. This integration provides a well-supported theoretical foundation for 

understanding the mechanisms through which AI-based language learning tools may 

influence children’s language development and informs the selection of research variables 

and design. 
 

Chapter 4 outlines the research methodology in detail, including the study design, 

participant recruitment, intervention procedures, and data collection methods. It explains 

the rationale for adopting a mixed-methods approach and introduces both quantitative 

instruments (e.g., PPVT-5, WM task, ToM tasks) and qualitative tools (e.g., hedonic 

experience questionnaires, parent- caregivers’ interviews). The chapter also discusses data 

analysis strategies and ethical considerations. 
 

Chapter 5 presents the results of the study, including quantitative analyses of the effects 

of AI- based language learning applications on children’s receptive vocabulary, WM, and 

ToM. It also reports findings from the hedonic experience questionnaires and summarises 

parent-caregivers’ observations and feedback regarding their children’s use of the 

application. All data are presented systematically through statistical analysis and thematic 

interpretation. 
 

Chapter 6 provides an in-depth discussion of the findings, comparing quantitative and 

qualitative results with existing literature. It explains how AI language learning tools 

affect children’s vocabulary development, hedonic experience, and the role of parent-

caregivers’ influence. This chapter also explores the theoretical and practical 

implications of the study, reflects on its limitations, and offers directions for future 

research. 
 

Chapter 7 concludes the thesis by summarising the main findings and addressing the 

research questions. It highlights the theoretical contributions and practical 

recommendations based on the study, acknowledges its limitations, and proposes future 

directions, particularly in improving AI language learning applications and enhancing 

learning support strategies for young children. 

 

1.7 Glossary 



 

 

11 

Artificial intelligence (AI): The capability of computational systems to perform tasks 

typically associated with human intelligence, such as learning, reasoning, problem-

solving, perception, and decision-making (Russell, 2021). 

 

Second language (L2): L2 refers to any language learned in addition to a person's first 

language (Gass et al., 2020). 

 

Second Language Acquisition (SLA) : The learning of a nonnative language after the first 

language has been learned, either in a naturalistic setting or in a formal classroom setting 

(Spada & Lightbown, 2019). 

 

Natural language processing (NLP): A subfield of computer science and AI that uses 

machine learning to enable computers to understand and communicate with human 

language. 
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Chapter 2. LITERATURE REVIEW 

2.1 Introduction 

The purpose of this chapter is to review the theoretical and empirical research findings 

related to this thesis, and to lay a theoretical and methodological foundation for exploring 

the impact of  AI-based learning applications on children's L2 receptive vocabulary 

acquisition. The contents cover the key mechanisms of children's L2 learning, the 

evolution of digital technology in language learning, the role and influence of AI 

applications, the influence of design features on user experience, and parent-caregivers’ 

roles and attitudes in children's learning process. 

 

First, Section 2.2 reviews the unique aspects of children's SLA, emphasising their 

developmental characteristics in language input processing, meaning construction, and 

social interaction, while highlighting the significant differences between children and 

adults in their learning paths. Then, this section discusses the fundamental role of  

receptive vocabulary in second language development, especially in input-driven 

language learning. Building on this, Section 2.2.3 provides a detailed examination of the 

mechanisms underlying early childhood vocabulary acquisition, outlining the 

developmental trajectory from phonological segmentation and short-term maintenance to 

meaning construction and long-term consolidation. In addition, it also examines two 

key variables from the perspective of cognitive psychology, namely WM and ToM, and 

discusses how they affect children's language reception and comprehension. These 

cognitive factors also provide foundational support for understanding the underlying 

mechanisms of children's L2 learning and informing the subsequent experimental design. 

 

Section 2.3 provides a comprehensive review of the evolution, theoretical foundations, 

and practical implementation of AI in L2 learning, tracing the evolution from CALL to 

AI-driven ICALL. Regarding pedagogical design, the review  integrates key principles 

governing contemporary AI-driven vocabulary applications. Grounded in theories such as 

Dual Coding and the 'Testing Effect', these applications prioritise multimodal input 

integration, active retrieval practice, spaced repetition systems, and adaptive feedback 

mechanisms to facilitate memory consolidation. Crucially, the review of the Chinese 

context reveals a significant research gap: despite the widespread commercial adoption of 
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these tools by children, empirical studies remain disproportionately focused on adult 

learners, underscoring the urgent need to investigate their efficacy in early childhood. 
 

Section 2.4 explores how design features in AI learning applications influence children's 

hedonic experience. It first introduces the conceptual framework and measurement 

methods of hedonic experience before analysing the potential impact of design elements 

in four dimensions: interface design and usability; gamification elements and 

motivational support; content presentation and multimedia integration; and feedback and 

reward strategies. These aspects help explain children's sustained engagement in learning 

activities from a user experience perspective. 
 

Finally, Section 2.5 focuses on parent-caregivers’ roles and attitudes in children's 

language learning. It discusses how parent-caregivers serve as sources of guidance, 

monitoring, and support in children's learning activities. It then reviews current research 

on parent-caregivers’ acceptance of educational technology and willingness to use it, and 

further analyse key influencing factors, such as educational beliefs, digital literacy, and 

cultural background, thereby providing sociocultural support for subsequent intervention 

recommendations. 
 

In summary, this chapter establishes an interdisciplinary theoretical foundation for the 

research by integrating language learning theories, cognitive psychological processes, 

educational technology development trends, user experience research, and family support 

factors, while also providing a reference for the subsequent research design and empirical 

analysis. 

 

2.2 Early L2 Learning in Children 

Early childhood is a critical stage of language development and cognitive growth, with 

unique advantages for SLA (Flege et al., 1999; Lenneberg, 1967). Compared with adults, 

children show greater plasticity in speech imitation, language input processing, and 

motivation for social interaction, which places them in a stronger position to internalise 

language through natural input and interaction (Birdsong, 2006; Oliver & Azkarai, 2017). 

However, their language development is also significantly influenced by vocabulary 

growth and cognitive abilities. 
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2.2.1 Developmental Features of Children's SLA 

A second language typically refers to any language learned after the acquisition of a first 

language. It may be learned as a foreign language in a native-language environment, or 

acquired for communication, survival, or education in a second-language context (Ellis, 

2008). First language (L1) acquisition is generally regarded as a natural, unconscious 

process that relies on immersion and social interaction within a language-rich 

environment, rather than formal instruction (Chomsky, 1986). Chomsky's Language 

Acquisition Device (LAD) hypothesis proposes that humans are biologically predisposed 

to acquire language, which enables children to grasp complex grammatical structures 

without explicit instruction. Although this hypothesis emphasises the implicit and rapid 

nature of language acquisition, providing an important theoretical foundation for related 

research, it has been criticised for neglecting these environmental and social influences 

(Tomasello, 2003). To fully understand lexical development, one must consider that 

vocabulary is not merely "triggered" by innate mechanisms but is built through social 

activities. Specifically, children learn words through joint attention and intention-reading 

during meaningful dialogues with others (Tomasello, 2003) , where the quality of 

linguistic input and the social context provide the necessary scaffolding for a child’s 

expanding lexicon. 

 

Building on theories of L1 acquisition, scholars have also begun to explore the unique 

characteristics of second language learning. In comparison, SLA is typically more 

intentional, supported by structured input, teacher guidance, and explicit rule learning 

(Brown, 2000). Krashen (1982) in their Acquisition Learning Hypothesis proposed that 

L1 acquisition happens through implicit absorption, whereas L2 learning often involves 

the conscious construction of language rules. They also introduced the Affective Filter 

Hypothesis (Krashen & Terrell, 1983), which highlights the significant influence of 

motivation, self-confidence, and levels of anxiety on language input processing. This 

theory is particularly relevant to children's L2 learning. 

 

Numerous studies have demonstrated that children possess several unique advantages in 

SLA, particularly in phonological development, language imitation, and expressive 
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fluency (Birdsong, 2006; Doughty & Long, 2008). The Critical Period Hypothesis, 

proposed by Lenneberg (1967) suggests that there is a biologically optimal window for 

language acquisition, with childhood considered an especially advantageous period for 

acquiring complex language structures. Although its applicability to vocabulary and 

grammar acquisition remains debated (Gass & Selinker, 2008), it has received substantial 

empirical support in the phonological aspect. 

 

To further examine this advantage, researchers often compare child and adult language 

learners to observe differences in acquisition when starting from the same level. In other 

words, although both are beginners at the start, children usually learn language more 

naturally and efficiently and are more likely to pick up language structures without 

needing clear instruction (Birdsong, 2016). For example, Flege et al. (1999) found that 

children performed significantly better than adult learners in imitating speech and 

approximating native pronunciation. Birdsong (2016) also noted that child L2 learners 

generally outperform adults in terms of language processing speed, pronunciation 

naturalness, and communicative fluency. 

 

In addition to their cognitive advantages, children also show notable characteristics in 

terms of emotional states and learning motivation. Compared to adults, children typically 

demonstrate a greater willingness to express themselves and experience less affective 

pressure when learning a language (Oliver & Azkarai, 2017; Wells, 1985). They accept 

mistakes more easily and tend to express themselves with less anxiety, which allows them 

to experiment with language output more freely (Oliver & Azkarai, 2017). In contrast, 

adult learners often experience anxiety and self-consciousness due to fear of making 

mistakes, which can negatively impact their fluency and self-confidence (Krashen, 1982). 

 

Children and adults also differ significantly in how they process language input and 

select learning strategies. As children's cognitive control systems are not yet fully 

developed, they have shorter attention spans and are still developing metacognitive 

strategies (Birdsong, 2016; Spada & Lightbown, 2019). This could make it more 

challenging for them to maintain consistent progress in mastering language forms 

(Gathercole & Baddeley, 1993). However, children are more effective at acquiring 

language through immersion and meaningful experiences in real- world contexts rather 

than relying on explicit rule-based instruction (Birdsong, 2016). A longitudinal study of 



 

 

16 

children in bilingual families by Hoff et al. (2014) shows that children tend to acquire 

language use gradually and naturally through activities such as playing games, talking with 

peers, listening to stories, or watching animated content. These rich and authentic language 

environments provide abundant input, allowing children to refine and construct their 

linguistic knowledge through repeated social interactions (Tomasello, 2003). In contrast, 

adults often rely on structured methods, such as grammar instruction and vocabulary 

memorisation. Although their analytical skills are strong, their learning paths tend to be 

more structured and less flexible (Lenneberg, 1967). 

 

Furthermore, children are generally less affected by exam pressure and fear of error 

correction, which encourages them to express themselves more actively in relaxed settings 

(Krashen, 1985). This willingness to express themselves provides a foundation for the 

effectiveness of feedback. With appropriate guidance from teachers or parents, children 

can receive timely feedback and support through scaffolding, helping them gradually 

develop language proficiency, self- confidence, and cross-linguistic transfer abilities 

(Vygotsky, 1978). It is worth noting that parents tend to be relatively tolerant when 

correcting children's grammatical errors. As a result, children are often able to develop 

fluency first before gradually refining their linguistic accuracy. Such feedback is typically 

more positive and supportive rather than strictly corrective, which plays a key role in 

sustaining learning motivation and emotional comfort (Indriati, 2016). 

 

The reviewed literature indicates that children show significant strengths in SLA, 

particularly in speech imitation, language processing, emotional engagement, and 

learning motivation. Therefore, based on children's diverse strengths in language learning, 

this study focuses on them as the primary research participants to examine the effects 

of AI-based learning applications on their SLA. In the process of children's language 

development, receptive vocabulary growth is considered a key indicator of language 

comprehension and input processing ability. The following section will focus on the 

role of  receptive vocabulary within the context of SLA and further explain its theoretical 

and practical significance in research on children's language learning. 

 

2.2.2 The Importance of Receptive Vocabulary in Children’s SLA 
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As a fundamental element of language, vocabulary plays a crucial role in all stages of 

language learning (Schmitt & Schmitt, 2020; Susanto, 2017). Numerous studies have 

shown that vocabulary knowledge is not only a key indicator of language proficiency but 

also a significant predictor of learners' academic achievement and literacy (Alqahtani, 

2015; Qian, 2002). Vocabulary development is essential in both first and SLA. In L2 

learning, vocabulary knowledge forms the foundation for language comprehension and 

production. It also serves as a prerequisite for effective acquisition and use of the target 

language (Nassaji, 2004). According to Input Hypothesis (Krashen, 1985), vocabulary is 

considered a core element of comprehensible input and an important way to support 

language development. 

 

In vocabulary acquisition theory, Nation (2001) classifies vocabulary into receptive and 

productive types. Receptive vocabulary refers to words that learners can recognise and 

understand through listening or reading, even if they do not actively use them in 

speaking or writing (Bialystok et al., 2010). It typically precedes productive vocabulary 

development and is crucial in the early stages of language acquisition. Webb and Nation 

(2017) pointed out that a key aspect of children's language development is the steady 

growth of receptive vocabulary, which reflects improvements in their language 

comprehension skills. Therefore, given the central role of receptive vocabulary in language 

input comprehension, within the current thesis it is a key variable to evaluate children's 

L2 comprehension and processing abilities, and measures vocabulary recognition ability 

to reveal the developmental stages and potential of their language acquisition (Bialystok et 

al., 2010). 
 

In empirical studies, receptive vocabulary is often assessed using standardised tests (such 

as the Peabody Picture Vocabulary Test, PPVT; Dunn , 2019) or computer-assisted 

recognition tasks (Vatalaro et al., 2018). By requiring learners to match images with 

spoken words, these tools indirectly reflect their level of understanding of language input 

and offer a quantitative measure for the objective assessment of L2 proficiency. However, 

other studies have noted that such tools present limitations in capturing vocabulary depth, 

ensuring cross-cultural validity, and representing authentic language contexts (Mancilla-

Martinez & Lesaux, 2010). Therefore, it is important to take potential limitations into full 

consideration when interpreting the relevant data. 
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From the perspective of developmental psycholinguistics, children in the early stages of 

SLA typically show a developmental pattern in which comprehension comes before 

expression. Lesaux et al. (2006) and Oliver and Azkarai (2017) noted that children's 

language comprehension often precedes their productive abilities, a developmental 

pattern that follows the natural path of language learning and lays the foundation for 

the emergence of  productive language. From a cognitive standpoint, this phenomenon 

can be explained by the fact that language comprehension demands fewer cognitive 

resources, whereas language production involves greater information integration and 

expressive control (Baddeley, 2003). Studies have shown that children's limited WM 

and underdeveloped attentional control may limit the fluency and complexity of their 

language production (Gathercole & Baddeley, 1993). 
 

At this stage, receptive vocabulary plays an essential role in evaluating children’s early 

understanding of language, as it forms a core part of comprehensible input. Sun and Yin 

(2022) suggested that for young learners, the development of receptive vocabulary not 

only reflects their ability to process input but also serves as an observable indicator of 

their ongoing language development. Empirical evidence supports this perspective 

(Paribakht & Wesche, 1997). Furthermore, their research found that children typically 

follow a developmental sequence in which vocabulary reception precedes production. In 

this sequence, learners first acquire the ability to recognise and understand new words 

within context, and only later are they able to use these words in speaking or writing. This 

progression highlights the essential role that receptive vocabulary plays in the early 

stages of children’s SLA. 
 

In summary, receptive vocabulary plays a central role in children's SLA, and its 

development is closely linked to language comprehension, internalisation, and subsequent 

productive language skills. Therefore, this thesis considers receptive vocabulary as a 

key indicator to examine the developmental features and pathways of children's early 

SLA. The section 2.3 will further explore how different instructional interventions, 

particularly AI-based learning tools, influence the acquisition and development of 

children's receptive vocabulary. 

 

2.2.3 Early childhood vocabulary acquisition 
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Early childhood vocabulary acquisition is not simply about memorising words. Rather, it 

is a developmental process supported by neural, cognitive, and social–linguistic 

mechanisms (Kuhl, 2004; Tomasello, 2003). To understand how technology-mediated 

interventions such as Zebra AI may support children’s receptive vocabulary learning, it is 

important to examine how children process speech sounds, construct meaning, and 

integrate new words into the mental lexicon. 

 

Previous research broadly agrees that vocabulary learning involves several related but 

distinct mechanisms that develop over time (Bloom, 2000; Hirsh-Pasek & Golinkoff, 

2006; Hoff, 2006). This process can be described as progressing through a series of stages 

(Werker & Curtin, 2005), including phonological perception and segmentation, short-term 

maintenance and encoding (Gathercole & Baddeley, 1989), meaning construction through 

referential inference (Bloom, 2000), and long-term consolidation in the mental lexicon 

(Davis & Gaskell, 2009). 

 

Vocabulary acquisition begins with children’s ability to process continuous speech. 

Before understanding meaning, children must first identify individual words within the 

speech stream, a challenge known as the segmentation problem. Research suggests that 

the learning brain is not a passive listener but uses rhythmic and prosodic cues, such as 

stress patterns and syllable boundaries, to support speech segmentation (Goswami, 2019). 

This phonological sensitivity provides a foundation for the initial encoding of new word 

forms. Once word forms have been segmented, the ability to temporarily maintain these 

unfamiliar sound patterns becomes crucial. A substantial body of research has shown that 

phonological short-term memory (PSTM) is a strong predictor of vocabulary development 

(Gathercole, 2006; Gathercole & Adams, 1993; Service, 1992). For example, 

Chrysochoou et al. (2013) found that vocabulary size in Greek-speaking children was 

significantly associated with PSTM at ages 7.5 and 8.5, highlighting the importance of 

PSTM in early vocabulary growth. 

 

Taken together, these findings indicate that PSTM acts as a key constraint in vocabulary 

acquisition. If children cannot temporarily rehearse and retain new phonological forms, 

their consolidation into long-term memory is likely to be limited. 
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Once phonological forms have been segmented and temporarily maintained, children face 

a further challenge in vocabulary learning: determining what a new word refers to. This 

issue is often illustrated by Quine’s “Gavagai” problem, which highlights the difficulty of 

deciding whether a novel word refers to a whole object, its parts, or its properties (Quine, 

1960). 

 

Research suggests that children resolve this referential uncertainty through a combination 

of cognitive constraints and social–pragmatic inference. One well-established mechanism 

is fast mapping, which refers to children’s ability to form an initial guess about a word’s 

meaning after minimal exposure (Carey & Bartlett, 1978). This process is guided by 

cognitive biases rather than chance. In particular, the whole-object assumption leads 

children to interpret a new label as referring to an entire object, rather than to one of its 

features (Markman, 1990; Saxton, 2017). 

 

Together, these constraints allow children to establish early links between word forms and 

likely referents, even in highly ambiguous learning situations. 

 

However, research consistently shows that word knowledge formed through fast mapping 

is often unstable (Horst & Samuelson, 2008). Biemiller and Boote (2006) found that for 

children aged 5–8, a single exposure to new words through story reading is not sufficient 

for durable vocabulary learning. Instead, stable lexical knowledge develops through slow 

mapping, a process in which repeated exposure to the same word across different contexts 

allows children to confirm and refine their initial interpretations (Henderson et al., 2013). 

This distinction highlights the difference between early encoding and later consolidation 

in vocabulary acquisition. While cognitive constraints help initiate learning, long-term 

retention depends largely on repeated and varied input. 

 

Beyond consolidation over time, the quality of early word learning also depends on the 

learning context. Meaning construction is not an isolated cognitive process but is 

embedded in social interaction. Research shows that passive language exposure, such as 

television viewing, is insufficient for typical language development, whereas interactive 

contexts support learning through social contingency (Roseberry et al., 2014; Saxton, 

2017). 
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Vocabulary learning therefore relies heavily on interactive settings involving joint 

attention, in which children infer word meanings by interpreting speakers’ communicative 

intentions (Tomasello, 2003). Clark and Casillas (2015) further emphasise that physical 

and conversational co-presence plays a central role in meaning construction, with 

everyday feedback and shared activities supporting language development. Gestures, 

including pointing and showing, are particularly important in this process. Studies indicate 

that gesture–word combinations facilitate early word learning and predict later language 

outcomes (Capirci et al., 1996). 

 

Moreover, gestural cues remain important even in digital or non-present contexts, as they 

reduce working memory demands and provide cognitive scaffolding for novice learners 

(Ping & Goldin‐Meadow, 2010). Together, these findings suggest that children integrate 

auditory input with visual and gestural information to form multimodal social–pragmatic 

inferences during vocabulary learning (Kelly et al., 2010). 

 

As children gain more lexical experience, newly learned words are gradually integrated 

into the mental lexicon. The mental lexicon is not a simple list of words, but a dynamic 

system that organises and retrieves lexical knowledge (Levelt, 1989). Saxton (2017) 

suggests that children’s lexical knowledge is structured mainly through semantic networks, 

where words are linked by meaning and sound similarity. For example, the word dog may 

activate related concepts such as cat or bone. During early development, the well-known 

vocabulary spurt is thought to occur when new labels are mapped onto existing concepts, 

leading to the expansion and refinement of these semantic networks (Aitchison, 2012). 

 

For L2 learners, the integration of new words differs from L1 acquisition. Research 

suggests that early L2 lexical representations rely more on phonological form than on 

semantic organisation (Jiang, 2000; Singleton, 1999). Beginner learners often link new 

L2 words directly to existing L1 concepts, rather than forming new conceptual categories. 

This reliance on L1 mediation is consistent with the Revised Hierarchical Model (Kroll & 

Stewart, 1994). 

 

For young L2 learners, such as children aged five to seven, vocabulary learning therefore 

involves two closely related processes: establishing stable phonological forms and linking 

these forms to existing conceptual knowledge. Clark (1993, 2016) distinguishes between 
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two stages of vocabulary development: encoding and consolidation. Encoding 

corresponds to fast mapping, while consolidation depends on repeated exposure, use 

across contexts, and input from multiple speakers. Through consolidation, connections 

within semantic networks are strengthened, allowing word forms to become stable and 

easily retrievable (Clark, 2017). In SLA, this process is especially important, as learners 

require stronger and more sustained input to convert fragile phonological representations 

into long-term lexical knowledge (Jiang, 2000). 

 

In summary, research suggests that children's vocabulary learning depends on two closely 

linked processes. First, the development of the mental lexicon requires repeated and varied 

language input that supports consolidation. Second, meaning construction depends on the 

integration of cognitive constraints and social-pragmatic cues. Together, these processes 

form the cognitive basis of vocabulary acquisition, while also placing demands on 

children's limited cognitive resources. 
 

From this perspective, the key question in technology-mediated learning is not simply 

whether digital tools can present new words, but whether they can support phonological 

encoding, referential inference, and long-term consolidation. Building on this framework, 

the next section examines the role of cognitive resources, such as working memory, in 

vocabulary learning and explains how these factors are operationalised in the present 

study. 

 

2.2.4 Cognitive Factors in Children's SLA 

In recent years, children's cognitive development and its influence on SLA have received 

increasing attention. According to cognitive psychology, children aged 5 to 7 are in a 

critical developmental transition from the pre-operational to the concrete operational stage 

(Piaget & Cook, 1952). During this period, the cognitive focus moves from simply 

retaining separate items to actively connecting multiple pieces of information (Cowan et 

al., 2006; Gathercole, 1998). At this stage, foundational cognitive abilities fundamentally 

shape how children receive and internalise language input (Paradis, 2011; Unsworth, 

2016). 
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As a core cognitive system, WM provides the essential mental workspace for language 

processing. While Baddeley (2000) model identifies the phonological loop and 

visuospatial sketchpad as key subsystems, their role in SLA extends beyond mere storage. 

Specifically, phonological short-term memory is widely posited to play a crucial role in 

the initial encoding of unfamiliar L2 words. Research by Service (1992) and Cheung 

(1996) established that the capacity of the phonological loop to temporarily hold 

unfamiliar sound traces significantly predicts long-term vocabulary learning success. 

Furthermore, Engel de Abreu (2011) confirmed showed that WM capacity limits 

children's ability to process unfamiliar phonological inputs. These established findings 

provide the general cognitive framework for understanding how children process 

linguistic information. 

 

However, it remains debated whether storing and connecting information are the same 

process. While some theoretical models suggest associative processes as embedded within 

the broader WM system (Oberauer, 2002), other research argues for the functional 

separability of the binding mechanism from simple maintenance capacity (Page & Norris, 

2009). Adopting this perspective, throughout this thesis, the term WM will be adopted to 

maintain theoretical consistency. However, it must be explicitly stated that within the 

context of this study, WM refers to a narrower aspect of this construct, which is 

responsible for relational binding and distinct from mere temporary maintenance. 

 

In the specific context of L2 vocabulary acquisition, WM plays a more important role. 

Unlike L1 acquisition, which is typically supported by rich contextual input, L2 learning 

requires learners to link unfamiliar phonological forms to meanings which are not 

naturally connected (de Saussure, 1959). WM is the primary cognitive tool available to 

children to bridge this arbitrary gap. Furthermore, receptive vocabulary performance 

largely reflects retrieval efficiency (Nation, 2001). Stronger WM supports clearer sound–

meaning links, allowing the appropriate concept to be activated rapidly when a word is 

heard. 

 

This mechanism is particularly important for children aged 5–7. At this stage, logical 

analytical abilities are still developing and cognitive resources are limited (Gathercole, 

1999; Piaget, 1964). Efficient WM enables young learners to form sound–meaning 
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bindings with fewer cognitive resources, thereby supporting learning (Verhagen & 

Leseman, 2016). Accordingly, given that Zebra AI adopts a Visual–Auditory Paired-

Associate Learning paradigm (Hulme et al., 2007), WM was selected as the primary 

cognitive predictor rather than general storage capacity. The AI’s multimedia input, 

consistent with the Cognitive Theory of Multimedia Learning (Mayer, 2005), places direct 

demands on this binding process, making WM a more essential and task-relevant predictor 

of intervention outcomes. 

 

In addition to core cognitive factors, social cognition also plays a significant role in 

language acquisition. ToM as an important part of social cognition, refers to the ability to 

understand that others hold beliefs, intentions, knowledge, and emotions that differ from 

one's own (Wellman, 2018). According to the developmental stage model by Wellman 

and Liu (2004), children aged 5 to 7 are in a critical period for the development of ToM 

abilities. At this stage, children not only begin to recognise that others may have different 

perspectives, but they are also able to predict behaviour based on false beliefs. 

Furthermore, they can form second-order mental representations, such as “I know that he 

knows something” (Wellman & Liu, 2004). 

 

As ToM develops, children demonstrate enhanced social reasoning skills during language 

acquisition. Instead of depending only on surface-level linguistic signals, they can 

interpret the speaker’s communicative intentions and identify potential pragmatic 

meanings. This allows them to acquire word meanings more accurately from complex 

contexts (De Villiers, 2014; Milligan, 2007). This ability is particularly critical in SLA, 

especially when dealing with polysemy, contextual ambiguity, and indirect referential 

expressions (Matthews et al., 2006). Research has shown that the development of ToM is 

closely linked to children’s sensitivity to pragmatic cues, which helps them to grasp the 

speaker’s intended meaning and effectively decode implicit information in language (De 

Villiers, 2007). Therefore, in L2 learning, ToM not only facilitates vocabulary 

comprehension but also enables children to use language more flexibly in real-life 

communication, thereby enhancing their communicative competence and contextual 

adaptability. Building on this connection between ToM and language development, 

Bloom (2002) further pointed out that vocabulary acquisition is, at its core, a process of 

“mind reading” : learners must understand the speaker’s intention to correctly associate 

new words with specific referents or concepts. Studies suggest that bilingual children may 
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outperform monolingual children on ToM tasks, possibly due to their increased need to 

monitor interlocutors’ perspectives across languages (Berguno & Bowler, 2004; Javor, 

2016). This relationship suggests that L2 learning may also contribute to the refinement 

of ToM abilities. 

 

Empirical studies further support the close relationship between ToM and language 

comprehension. Nguyen and Astington (2014) assessed English monolingual, French 

monolingual, and French-English bilingual children using tasks measuring false belief 

understanding, WM, and inhibitory control. Their findings showed that bilingual children 

outperformed both monolingual groups on the false belief and WM tasks, though no 

significant advantage was observed in the inhibition task. Milligan et al. (2007) conducted 

a meta-analysis of 104 studies involving 8,891 children under the age of seven and found 

a significant positive correlation between children’s performance on false-belief tasks and 

their language ability. This association showed a moderate to large overall effect size, 

which remained significant even after controlling for age. This suggests that ToM serves 

as a central cognitive component supporting verbal reasoning and word comprehension. 

 

These findings further support the close connection between both first and L2 experience 

and the development of ToM. Although most studies support the positive influence of 

ToM on language acquisition, some researchers have suggested that the relationship may 

be bidirectional, with language ability also contributing to the development of ToM 

(Astington & Jenkins, 1999). 

 

In summary, WM and ToM represent core components of information processing and 

social reasoning in language learning. Given the potential influence of WM and ToM on 

children's L2 receptive vocabulary acquisition, this study included WM, ToM, and 

receptive vocabulary in the research model as primary measurement variables. This 

integration not only helps to better understand the AI-supported development process of 

children’s language learning but also provides theoretical and cognitive support for 

evaluating the effectiveness of technology-based interventions. 

 

2.3 Artificial Intelligence in L2 Learning 
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This section reviews the evolution of language learning technology from traditional 

CALL to Intelligent ICALL, highlighting the limitations of traditional CALL systems in 

providing personalised support and effective human-computer interaction (HCI), which 

hinders their ability to meet the increasingly diverse and contextualised needs of today's 

learners. To cope with these limitations, researchers and developers have gradually 

integrated AI technologies, such as natural language processing, speech recognition, and 

adaptive recommendation systems into language learning environments, facilitating the 

development of more intelligent, interactive, and adaptive tools, and thus contributing to 

the emergence of ICALL. This section also examines the broader application of AI in 

education, particularly its innovative uses in language learning, with a focus on the 

adoption, key features, and potential challenges of AI-based applications in the context 

of basic education in China. 

 

2.3.1 From CALL to ICALL 

With the rapid development of information technology, CALL has gradually become an 

important means of associating language education with digital technology, and 

continues to generate widespread interest in the field of SLA (Rasekh Eslami & Zohoor, 

2023; Zhang, 2021). Since its emergence in the 1960s, CALL has undergone significant 

theoretical and technological evolution and is generally divided into three stages: 

behaviourist CALL, communicative CALL, and integrated CALL (Bax, 2003; Warschauer 

& Healey, 1998). 

 

Rooted in behaviourist theory, early CALL emphasised repetitive drills and programmed 

instruction, such as grammar gap-fill and vocabulary matching exercises (Gündüz, 2005). 

These approaches helped beginners practice language forms but lacked contextual support 

and interactivity (Gündüz, 2005; Skinner, 1957). The communicative CALL of the 1980s 

shifted the focus to functional language use, emphasising role-play activities, task-based 

learning, and multimedia integration (Chapelle, 2001). These methods significantly 

improved learners' fluency and expressive abilities (Chapelle, 2001). However, the 

interaction remained largely predetermined and lacked dynamic responsiveness to learner 

input (Zhang, 2021). 
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With the emergence of integrated CALL, computer-mediated communication promoted 

cross-cultural collaboration and social interaction, further enhancing the social and 

contextual dimensions of language learning (Warschauer et al., 1996). However, systems 

at this stage were often text-dominated and lacked effective support for spoken interaction. 

This text-oriented nature limited its potential to integrate multimodal language input, 

especially in task-based instructional settings that require authentic communication and 

contextual support (Blake, 2016). In addition, integrated CALL systems often required 

advanced technological skills from educators, creating a high entry threshold for practical 

implementation (Hampel & Stickler, 2005). 
 

Although CALL continues to incorporate emerging technologies, it still faces 

challenges in offering personalised support, interactive negotiation, and age-appropriate 

adaptability (Bax, 2003; Smith & Mccurrach, 2021). These limitations are particularly 

evident in child-centred learning contexts, manifesting in limited individualised 

feedback, restricted interaction types, and a lack of age-appropriate content. These issues 

hinder both the comprehensibility of language input and the motivation to learn (Levy, 

2006). 
 

In response to these persistent limitations of conventional CALL, researchers have 

increasingly turned to ICALL as a more sophisticated paradigm for supporting language 

learning (Heift & Schulze, 2007) In academic discourse, ICALL represents a significant 

conceptual and technological advancement within the broader field of CALL. While early 

generations of traditional CALL systems predominantly relied on drill-and-practice 

formats based on pre-programmed responses, ICALL is distinguished by its explicit 

integration of AI techniques. Scholars such as Heift and Schulze (2007) characterise 

ICALL as the incorporation of NLP technologies into the architecture of Intelligent 

Tutoring Systems (ITS). Amaral and Meurers (2011) further refine this definition, arguing 

that ICALL systems combine linguistic intelligence (e.g., semantic analysis of learner 

output) with pedagogical intelligence (e.g., feedback generation and path adaptation). This 

integration enables systems to analyse learner input in a principled manner and to provide 

personalised support, rather than relying on simple string matching. The operational 

framework of ICALL can be examined across three interrelated dimensions: core 

technologies, system architecture, and pedagogical capabilities. 
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The foundational distinction of ICALL lies in its capacity to process natural language in 

ways that approximate human-like understanding. NLP constitutes a core component, 

enabling systems to perform sophisticated operations such as automated error diagnosis 

(Heift, 2022). In the domain of oral language acquisition, ASR plays a critical role by 

converting spoken learner input into representations that can be evaluated for 

pronunciation accuracy and fluency (Ehsani & Knodt, 1998). 

 

In recent years, the scope of these technologies has expanded significantly. The 

integration of Generative AI, such as GPT-based language models, has enhanced the 

adaptability of ICALL systems, enabling them to simulate human-like communication 

patterns and create more immersive environments (Law, 2024). For instance, adaptive 

writing systems powered by Large Language Models can now provide detailed feedback 

on semantic coherence and discourse structure, fostering metacognitive reflection (Su et 

al., 2023; Yan, 2023). Alongside these linguistic technologies, Machine Learning 

algorithms enable the analysis of large-scale interaction data, supporting the prediction of 

learning trajectories. 
 

At a theoretical level, ICALL systems are commonly grounded in the canonical triadic 

architecture of Intelligent Tutoring System (ITS). This framework typically comprises 

three interacting components. First, the Expert Model encapsulates expert knowledge of 

the target language, including lexical items, grammatical rules, and permissible variations 

in learner responses. Complementing this, the Learner Model is widely regarded as the 

locus of system intelligence. This component dynamically represents the learner’s current 

state by tracking proficiency levels, identifying recurring error patterns, and, in some 

systems, incorporating cognitive variables such as learning trajectories or forgetting-

related processes to personalise instructional decisions (Bull & Kay, 2010). Finally, the 

Tutoring Model draws upon the Learner Model to make instructional decisions. The 

development of this component relies not only on technological integration but also on 

insights from educational psychology. Vygotsky’s (1978) sociocultural theory, which 

emphasises that language ability is constructed within the Zone of Proximal Development 

(ZPD) through scaffolding, provides a theoretical foundation for the Tutoring Model 

(Alkhudiry, 2022). Systems such as AutoTutor (Graesser, 2016) exemplify this by using 

NLP to simulate educational dialogues that scaffold learners’ ability to negotiate meaning. 
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The integration of advanced technologies gives rise to distinct pedagogical capabilities, 

primarily Intelligent Feedback and Adaptivity. From a SLA perspective, when these 

functions are consistent with concepts like ‘comprehensible input’ (Krashen, 1985), 

‘negotiated interaction’ (Long, 1996), and ‘noticing’ (Schmidt, 1990), they may 

significantly enhance the depth of language learning (Amaral et al., 2011). However, 

researchers caution that current implementations of these mechanisms remain preliminary 

and require further evaluation (Felix, 2008). 

 

Furthermore, there is a growing emphasis on the affective dimension of pedagogy. The 

integration of emotion-aware computing has opened new avenues for support, particularly 

for young learners. Applications embedded with emotion recognition algorithms, trained 

on datasets like EmoReact (Nojavanasghari et al., 2016), can dynamically adjust feedback 

strategies based on voice tone or facial expressions. This affective adaptation involves 

modifying the tone or pacing of feedback to reduce anxiety and maintain motivation 

(Valagkouti et al., 2022). Such features are especially critical in early childhood education, 

where emotional regulation is key to sustained participation. 
 

Having established the theoretical foundations and technical structure of ICALL, it is 

essential to examine how these mechanisms are implemented in specific learning domains. 

Among the various sub-skills of language acquisition, vocabulary learning has emerged 

as a major field for AI integration, particularly within the context of Mobile-Assisted 

Language Learning (MALL). Consequently, to understand the pedagogical potential of 

these tools, we must examine the frameworks guiding their development. The following 

section reviews the core design principles behind state-of-the-art AI vocabulary 

applications, analysing how theoretical principles are translated into specific functional 

features and practical applications. 

 

2.3.2 Design Principles for AI-Driven Vocabulary Apps 

Vocabulary learning begins with the formation of stable form–meaning links, and 

Multimodal Input Integration is widely recognised as a core principle in the design of 

contemporary vocabulary learning applications (Lin & Lin, 2019). Rather than relying on 

text alone, this approach combines orthographic input, auditory input, and visual 
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representations to create a multi-channel learning environment. This design principle 

draws on Dual Coding Theory (Paivio, 1986) and the Cognitive Theory of Multimedia 

Learning (Mayer, 2020), both of which propose that learning is enhanced when verbal and 

non-verbal information are processed in parallel. 

 

The central assumption is that coordinated verbal and visual input supports stronger 

associative mappings than the mere addition of multiple information sources. Empirical 

research suggests that multimodal input can facilitate semantic processing by providing 

multiple retrieval pathways and by supporting the associative binding of new lexical items 

(Hulstijn, 2001; Montero Perez et al., 2014; Plass et al., 1998). This mechanism is 

particularly important for young learners aged 5–7 with limited L2 proficiency. For this 

age group, studies show that pedagogically designed dynamic animations offer effective 

scaffolding for form–meaning mapping and are more beneficial than static input alone 

(Uchikoshi, 2006; Verhallen et al., 2006). 

 

Taking Duolingo as an example, the application applies the theoretical principles outlined 

above through a highly synchronised interactive design(Moreno & Mayer, 2007). When 

a new word is introduced, the system usually presents the written form, a related image, 

and standard target-language pronunciation at the same time (Chun & Plass, 1996; Mayer, 

2020; Sweller, 2011). Rather than simply combining multiple media, this design aims to 

create a perceptual basis for associative encoding by aligning information across different 

channels(Clark & Paivio, 1991). It should be emphasised that such examples are used here 

to illustrate how design principles may be implemented, rather than to serve as direct 

evidence of learning effectiveness. 

 

However, input alone is not sufficient for durable memory retention. A large body of 

research shows that Retrieval Practice, often referred to as the Testing Effect, plays a 

central role in long-term memory consolidation. This principle suggests that learning 

should go beyond repeated exposure and require learners to actively retrieve information 

from long-term memory. Compared with passive reading or repeated presentation, such 

active retrieval has been shown to produce stronger retention and better transfer effects 

(Barcroft, 2007; Roediger & Karpicke, 2006). From an associative learning perspective, 

retrieval strengthens the links between word forms and meanings by repeatedly 

reactivating these associations. As highlighted by Nation (2022) and formalised in the 
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Involvement Load Hypothesis (Laufer & Hulstijn, 2001), this effortful retrieval process 

is critical for stabilising associative bonds and reducing forgetting. 

 

In practical terms, many AI-based vocabulary learning applications organise retrieval 

activities along a hierarchy from low to high difficulty, reflecting different depths of 

vocabulary knowledge (Henriksen, 1999; Laufer & Goldstein, 2004). Recognition-based 

retrieval typically functions as an entry-level activity, such as multiple-choice or image–

text matching tasks, where learners identify target items among distractors. These tasks 

mainly involve associative recognition and relatively weak retrieval demands (Joe, 1998; 

Nation, 2022), supporting beginners in forming initial form–meaning links. The image–

text matching feature in Baicizhan provides a clear example of this approach. 

 

By contrast, production-based retrieval places greater cognitive demands on learners, as 

it requires the reconstruction of form–meaning associations without direct cues. The 

spelling mode in Shanbay illustrates this type of retrieval: learners must produce the full 

word based on L1 definitions, which encourages deeper associative consolidation. This 

process reduces the illusion of competence (Bjork, 1999) and has been shown to improve 

retention, particularly among young learners (Goossens et al., 2014; Karpicke et al., 2014). 

 

Since retrieval is central to memory consolidation, its timing and frequency are key factors 

in strengthening memory traces. Drawing on the spacing effect, contemporary vocabulary 

applications commonly adopt spaced and distributed practice by spreading learning 

activities over time to reduce forgetting and support long-term retention (Cepeda et al., 

2006; Rohrer & Pashler, 2007). 

 

In L2 vocabulary learning, this principle is typically implemented through algorithm-

driven spaced repetition systems (SRS). Research consistently shows that SRS is more 

effective than massed learning in supporting vocabulary acquisition, for both adults and 

young learners (Nakata, 2011; Vlach & Sandhofer, 2012). At a basic level, SRS adjusts 

review intervals based on learner performance, so that retrieval occurs when form–

meaning associations are close to decay, thereby maximising consolidation (Settles & 

Meeder, 2016). 
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Some AI applications, such as Momo, further use learning data to model individual 

forgetting patterns and schedule reviews more efficiently. It should be noted that these 

systems do not directly predict memory decay, but instead apply heuristic optimisation of 

review timing based on learners’ performance data. 

 

Even so, research broadly agrees that adaptive scheduling can improve learning efficiency 

by targeting weaker associative links, illustrating an effective integration of cognitive 

psychology principles with educational technology (Godwin-Jones, 2011; VanLehn, 

2011). 

 

To improve the effectiveness of the practice and scheduling mechanisms described above, 

many systems also incorporate dynamic feedback and adaptive designs. Feedback is 

carefully structured in both timing and form to support error correction while sustaining 

learning motivation. 

 

Research shows that immediate corrective feedback helps learners refine form–meaning 

mappings at early learning stages (Long, 1996). In addition, affective feedback helps 

reduce anxiety and maintain engagement, aligning with Krashen (1982) Affective Filter 

hypothesis. 

 

For example, Duolingo creates a positive reinforcement environment through gamified 

features such as instant audio-visual rewards and progress feedback. This provides 

affective scaffolding for young learners and supports sustained attention and continued 

use over time (Reinders, 2012). 

 

Taken together, these elements suggest that adaptive learning systems function as an 

overarching design framework that integrates the mechanisms described above. Unlike 

SRS, which mainly adjusts review timing, adaptive systems also modify task difficulty 

and activity type in response to learners' ongoing performance (Vandewaetere et al., 

2011). 
 

This approach is grounded in Vygotsky’s concept of the ZPD (Vygotsky, 1978), which 

has been applied in educational technology to provide context-sensitive scaffolding 
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(Luckin, 2010). Learning tasks are therefore designed to be slightly beyond the learner’s 

current level but still achievable. 

 

Research indicates that matching task difficulty to learner ability supports associative 

encoding and helps maintain engagement (Dede, 2014). For example, Lingvist adapts the 

order of vocabulary presentation by monitoring form–meaning association strength and 

retrieval errors, reducing the risk of disengagement caused by tasks that are too easy or 

too difficult (Kickmeier‐Rust & Albert, 2010). 

 

2.3.3 AI Apps in China: Growth and Implementation 

In recent years, the development of mobile learning has promoted a transformation in 

language learning methods. As an important subfield, MALL integrates mobile devices 

with language teaching resources, focusing on learners’ autonomy over time and location. 

It supports flexible language input and output in authentic and varied contexts (Kukulska-

Hulme & Shield, 2008). With portability, personalisation, and interactivity, MALL offers 

an innovative learning experience for second language learners, especially in an 

individualised and fragmented learning scenario. 
 

With the rapid evolution of artificial intelligence technology, language learning tools are 

gradually transitioning from traditional ICALL systems to more lightweight, portable, 

and interactive AI-based learning apps. These applications integrate core functions such 

as NLP, ASR, and adaptive recommendation algorithms. Powered by mobile platforms, 

they provide immersive, real-time feedback and a highly responsive learning experience, 

gradually becoming an important medium for L2 learning (Fitria, 2021; Woo & Choi, 

2021). From the perspective of sociocultural theory (Vygotsky, 1978) and immersive 

learning theory, this technological integration enhances contextual engagement and 

supports learners’ self-regulation in the learning process. 
 

In the Chinese context, the implementation of the "double reduction" policy, along with 

the growing maturity of online education technologies, has jointly contributed to the rapid 

rise of AI-based language learning applications. These tools have demonstrated 

particularly promising potential in the K-12 stage of children’s English learning. Yang et 
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al. (2021) argue that the popularity of such apps is driven not only by advances in core AI 

technologies but also by the widespread use of mobile internet, shifting parent-caregiver’s 

attitudes toward education, and the growing demand for personalised and efficient 

learning experiences. 
 

Several local educational technology platforms, such as Zebra English, VIPKID, Youdao 

Kids English, and Companion Fish English, have launched AI-powered learning tools 

designed for children. These applications typically integrate features such as voice 

evaluation, adaptive exercises, and real-time feedback. Some platforms further enhance 

learner engagement by incorporating animated content, multimodal input, and gamified 

designs (Du & Daniel, 2024). For example, Bamma English offers phased speech training 

and vocabulary instruction through AI-driven personalised learning pathways and 

picture-book-based materials. VIPKID has also promoted a blended model of “AI + 

foreign teachers,” providing a supplementary solution for regions facing teacher 

shortages (Miao & Holmes, 2021). 
 

Empirical studies suggest that AI-assisted language learning tools have a positive impact 

on increasing learning frequency, extending study duration, and enhancing learner 

autonomy (Shortt et al., 2023). Compared with traditional textbooks and live courses, 

these tools offer greater flexibility in fragmented time utilisation, more timely correction 

of spoken errors, and better adaptation to individual learning paths (Qassrawi et al., 2024). 

In addition, some platforms integrate emotion recognition and voice interaction 

mechanisms that can dynamically adjust task difficulty based on learners’ intonation and 

emotional responses. These systems provide positive reinforcement, thereby improving 

learners’ motivation and emotional self-regulation (Yang & Zhao, 2024). 
 

Beyond the Chinese context, international research has also confirmed the instructional 

adaptability and user-friendly nature of AI-based language learning apps. For instance, 

Woo and Choi (2021) examined studies published between 2017 and 2020, highlighted 

that app-based AI tools, such as Google Assistant, pronunciation training software, and 

vocabulary games that effectively enhance learners’ listening and speaking proficiency, 

vocabulary acquisition, and pronunciation accuracy. Tai and Chen (2023) recruited 112 

eighth-grade EFL learners, found that using Google Assistant helped increase learners’ 

motivation and reduce anxiety in English language learning after a two-week 
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intervention. Similarly, several pronunciation training apps evaluated by Fouz-González 

(2020) was found to significantly improve learners’ fluency and articulation. Moreover, 

Rachels and Rockinson-Szapkiw (2018) reported that gamified mobile apps had a 

positive influence on Spanish vocabulary acquisition among elementary school students. 

Meanwhile, platforms such as Duolingo have further improved vocabulary learning 

efficiency through adaptive learning paths and game-based mechanics (Shortt et al., 2023). 

 

In the Chinese context, AI-assisted language learning applications have also attracted 

increasing attention from researchers. Empirical studies have examined various aspects 

such as English speaking, writing, vocabulary acquisition, and collaborative interaction. 

A 20-week experiment conducted by Wang and Han (2021) with college students showed 

that AI-driven mobile applications significantly improved learners' linguistic complexity, 

accuracy, and fluency in English monologue production. In the area of collaborative 

learning, Wu and Miller (2020) found that mobile apps like PeerEval facilitated 

cooperative communication and high-quality peer feedback among Hong Kong university 

students, thereby fostering a positive learning community. Additionally, platforms such 

as IELTS Liulishuo demonstrate strong adaptability in exam-oriented English instruction 

by providing real-time feedback and personalised reports aligned with the four IELTS 

scoring criteria: grammar, vocabulary, fluency, and pronunciation (Li, 2020). 

 

However, the pedagogical effectiveness of current AI language learning applications 

remains a subject of debate. On the one hand, most platforms still rely on pre-

programmed options and speech-matching mechanisms, lacking deep semantic 

understanding and dynamic negotiation capabilities, which restricts their ability to 

simulate authentic communicative scenarios (Fitria, 2021). On the other hand, assessment 

mechanisms based primarily on algorithmic recognition and quantitative metrics may 

overlook learners’ cognitive processes and pragmatic comprehension (Bulut et al., 2024). 

 

It is worth noting that although many studies have confirmed the positive impact of AI-

based language learning tools among Chinese learners, the target population remains 

largely concentrated in higher education. Zhou (2021) reviewed 15 empirical studies on 

oral English MALL in China from 2017 to 2021 and found that the majority of the research 

focused on university students, with limited attention given to primary and secondary 

school learners. Similarly, Woo and Choi (2021) systematic review of 53 international 
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empirical studies on AI-based language learning revealed that more than 60% of the 

participants were college-level learners, further highlighting the narrow demographic 

scope of this research field. 

 

It is important to recognise that child learners differ significantly from adults in terms of 

language acquisition mechanisms, cognitive development, and technology acceptance. 

However, this group remains largely underrepresented in existing studies. This 

structural gap not only limits our understanding of the pedagogical suitability and 

effectiveness of AI-based language learning applications but also constrains their 

refinement and application in K–12 educational settings. Therefore, this thesis focuses 

on child learners and explores the applicability and potential value of AI language 

learning apps in children’s SLA, aiming to enrich both theoretical perspectives and 

practical insights in this emerging field. 

 

2.4 Children's Hedonic Experience in AI-Based Language Learning 

With the growing integration of AI-based language learning applications in early 

childhood education, learner experience, particularly hedonic experience has become an 

increasingly important focus of research. Unlike pragmatic dimensions such as usability 

or task efficiency, hedonic experience emphasises the overall enjoyment and emotional 

engagement learners experience when interacting with technology. For young children, 

who are still in the process of  cognitive and emotional development, hedonic experience 

plays a particularly crucial role in sustaining attention, enhancing learning enjoyment, 

and fostering long-term motivation. 

 

This chapter aims to provide a comprehensive overview of children's hedonic experience 

when using AI-assisted language learning applications. It begins by reviewing the 

theoretical foundations of hedonic experience, drawing on key concepts from user 

experience design, HCI, and educational psychology. It then introduces the main tools 

and frameworks currently used to measure hedonic experience in children, analysing 

their methodological strengths and limitations. Finally, the chapter explores key factors 

that may influence children’s hedonic responses. Through this review, the chapter seeks 
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to offer both theoretical grounding and empirical insight into the role of hedonic 

experience in the effectiveness of AI-based language learning tools. 

 

2.4.1 Definition and Theoretical Foundations of Hedonic Experience 

The term hedonic originates from the ancient Greek philosophy of hedonism, which 

posits that positive emotions and pleasure are central motivators of human behaviour 

(Moore, 2004). With the rise of the information society and the rapid development of 

digital technologies and human- computer interaction, UX research has shifted from a 

primarily functional focus to an emotional orientation. Increasing attention is now given 

to whether technical products can evoke users' emotional responses and psychological 

satisfaction, in addition to fulfilling basic task-oriented needs (Alhussayen et al., 2015; 

Mispa et al., 2019). 

 

In this context, Hassenzahl et al. (2000; 2003) proposed an influential model of UX, which 

serves as one of the core theoretical frameworks for the present study. This model divides 

the perceived quality of user experience into two fundamental dimensions: Pragmatic 

Quality (PQ) and Hedonic Quality (HQ). Within the broader UX model, PQ refers to the 

task-oriented attributes of a product and highlights its effectiveness as a tool for helping 

users achieve specific goals. This dimension focuses on whether users are able to complete 

their intended tasks in an efficient, clear, and controllable manner during interaction. In 

essence, PQ addresses the question: “Does this application enable me to carry out my 

learning tasks smoothly and effectively?” 

 

HQ, by contrast, introduces emotional and experiential dimensions into the traditional 

evaluation framework that had previously emphasised efficiency and usability. 

According to their view, high-quality products should not only be easy to use and provide 

clear information, but also elicit positive emotions, reinforce users’ sense of identity, and 

evoke affective resonance tied to personal life experiences, ultimately fostering deeper user 

connection and encouraging sustained use. In a follow-up study, Hassenzahl (2018) further 

categorised hedonistic into three dimensions: stimulation, referring to a product’s ability 

to offer novelty and cognitive challenge that fosters personal growth; identification, 

concerning whether users can express their personal style and sense of belonging through 
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the product; and evocation, involving the triggering of emotional associations or 

memories. These non-instrumental product characteristics are considered key to 

enhancing pleasure and increasing user engagement. In contrast to PQ, which 

emphasises utility and task efficiency, HQ highlights the influence of emotional value 

and subjective experience in shaping user behaviour (Hassenzahl,2018). 

 

PQ and HQ together form the core dimensions of user experience. The key distinction 

between them lies in the fundamentally different user goals they address. PQ (also referred 

to as “instrumental quality”) highlights task efficiency and utility, focusing on “Do-Goals”, 

that is, supporting users in achieving clear, externally oriented objectives (Hassenzahl, 

2018). In contrast, HQ emphasises non-instrumental emotional value and subjective 

experience, centring on “Be-Goals”, which aim to satisfy users’ internal psychological 

needs, such as feeling engaged, entertained, or proud. 

 

Although these goals differ, the two dimensions are closely interconnected and jointly 

shape a complete user experience. Pragmatic aspects form the foundation of the 

experience. An application that lacks practicality, for example one that frequently crashes 

or contains functional errors, cannot deliver meaningful hedonic value regardless of how 

visually appealing it may be, and will instead lead to user frustration. However, hedonic 

aspects support long-term use. An application that is only practical, powerful in function 

yet monotonous in experience, may be effective in the short term but is unlikely to 

maintain continued use and engagement in contexts such as language learning, which 

require long-term effort and strong motivation. To understand how product quality 

translates into these long-term behavioural outcomes, it is essential to examine the user’s 

psychological dynamics before and after interaction. To understand how product quality 

translates into these long-term behavioural outcomes, it is essential to examine the user’s 

psychological dynamics before and after interaction. 

 

To understand how product quality leads to these long-term behavioural outcomes, it is 

necessary to examine the user’s psychological changes before and after the interaction. 

Building on this concept, scholars have proposed two closely related constructs: hedonic 

motivation and hedonic experience. The former refers to users’ pre-use expectations 

whether a product appears enjoyable or entertaining and is often a predictor of behavioural 
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intention (Venkatesh et al., 2012). The latter focuses on the positive affective responses 

generated during use, such as enjoyment, satisfaction, and engagement, and is frequently 

treated as a core outcome variable in user experience research (Diefenbach et al., 2014; 

Hassenzahl et al., 2003). The relationship between the two can be likened to that between 

expectation and experience: hedonic motivation reflects the starting point, while hedonic 

experience reflects the emotional outcome. 

 

Directly assessing hedonic motivation often presents challenging when the participants 

are child users. Particularly among preschool children or early-stage language learners, 

children have not yet developed clear personal goals or strong language expressive 

abilities (Borgers, 2000). Their use of technology is often driven by external arrangements 

from parents or teachers rather than by intrinsic motivation (Neumann, 2015; Plowman et 

al., 2010). Therefore, compared to measuring motivation directly, a more realistic and 

feasible approach is to focus on children's emotional responses during hedonic 

experiences with technology. This variable is not only consistent with children's 

developmental characteristics but also more accurately reflects the immediate impact of 

technological products in real usage contexts. 

 

From the perspective of developmental psychology and sociocultural theory, children's 

cognitive and language development is highly influenced by emotional states (Beitchman 

& Brownlie, 2005). Piaget’s stage theory of cognitive development suggests that 

children’s cognitive activity during the concrete operational stage is significantly 

influenced by emotional engagement (Piaget & Cook, 1952). Building on this view of 

development, Vygotsky’s sociocultural theory (1978) emphasises that social interaction 

and emotional resonance are key factors that facilitate language construction and the 

negotiation of meaning. Extending this emotional perspective, Fredrickson (2001) 

broaden-and-build theory proposes that positive emotions help broaden attention and 

cognitive flexibility, thereby enhancing children's engagement in learning and memory 

retention. Pekrun (2006) also emphasised that positive emotions during learning support 

the maintenance of motivation and the construction of knowledge. 

 

 Therefore, hedonic experience can be viewed as an important mediating variable linking 

technology use to language learning outcomes (Moorthy et al., 2019). It not only affects 

children's continued use and engagement but also promotes language comprehension and 
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internalisation through emotional regulation mechanisms (Beitchman & Brownlie, 2005). 

Especially in AI-supported language learning applications, focusing on children’s 

enjoyable interactive experiences helps to uncover the potential mechanisms through 

which technological interventions influence learning (Khlaif et al., 2019). 

 

Although some studies have affirmed the positive role of hedonic experience in children's 

use of  educational technology (Read & MacFarlane, 2006), relatively few have focused 

on evaluating children's hedonic experience, particularly in the context of AI-based 

applications for L2 learning. Empirical research in this area remains limited. To address 

this research gap, it is necessary to review existing measurement tools for assessing 

children’s hedonic experience to provide a theoretical and practical foundation for the 

development and selection of future instruments. The following section will 

systematically review several categories of evaluation tools commonly used in children's 

user experience research, with a focus on their structure, advantages, and examples of 

their application in educational contexts. 

 

2.4.2 Evaluating Children's Hedonic Experience: Tools and Model Applications 

With the growing diversity of children's technology products and their expanding 

application in educational contexts, researchers have begun to pay more attention to 

children's subjective experiences and willingness to adopt these technologies, in addition 

to product usability. In the study of hedonic experience, the methods used to assess 

children's experiences have become increasingly diverse and integrated. Existing 

methods primarily include self-reporting, observation, physiological measurements, and 

data mining (Read & MacFarlane, 2006; Yarosh et al., 2011). Self-reporting has become 

the most widely used approach in children's user experience research due to its simplicity, 

low cost, and suitability for large-scale surveys. Common formats include structured 

questionnaires, image-assisted scoring, and semi-structured interviews (Read & 

MacFarlane, 2006; Zaman et al., 2013). 

 

Compared to adults, children differ significantly in terms of cognitive development, 

language expression, and self-reporting ability, which poses substantial challenges for the 

applicability of  traditional questionnaires and interview methods in child-focused research 
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(Read & MacFarlane, 2006). To address these limitations, researchers have developed 

a range of evaluation tools specifically designed for children. Among them, the Fun 

Toolkit (Read & MacFarlane, 2006) has been widely adopted in fields such as education, 

gaming, and child-computer interaction, and is considered one of the most representative 

instruments for assessing children's hedonic experience (Looije et al., 2008; Read et al., 

2002; Zaman et al., 2013). This tool was specifically designed for children to address the 

limitations of traditional questionnaires among children with limited cognitive and 

linguistic abilities. It consists of three core modules: the Smiley-o-meter (a facial 

expression rating scale), the Again Table (a measure of willingness to engage again), 

and the Fun Sorter (an activity ranking tool). These components use visual methods 

such as images, rankings, and tables to significantly reduce the cognitive burden of self-

expression for children, thereby improving the comparability, reliability, and validity of 

the data.  
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Table 2-1. Components of the Fun Toolkit (Read & MacFarlane, 2006). 

  

Smiley-o-meter 
 

Again table 

 

Fun Sorter 
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Although the Fun Toolkit performs well in capturing children's hedonic experiences, it 

primarily focuses on children's immediate emotional responses and perceived enjoyment 

during the usage process. The measurement results largely rely on subjective impressions, 

such as "Is it fun?" and "Would you like to use it again?” and lack a systematic explanation 

of the underlying motivational mechanisms, acceptance pathways, and deeper 

experiential structures involved in children's technology use. While its emotion-oriented 

and graphical format is suitable for assessing young children, it presents limitations in 

constructing causal models and predicting behavioural tendencies. Therefore, building 

on this foundation, this study introduces two well- established theoretical models in 

educational technology, the UX model (Hassenzahl, 2003) and the TAM (Davis et al., 

1989) to enhance the theoretical depth and interpretive validity of the measurement 

framework. 

 

The UX model focuses on users' emotional responses, perceived value, and overall 

experience quality during technology use, particularly emphasising the role of HQ in 

shaping subjective experiences. Its integration facilitates a more systematic 

understanding of children's emotional engagement, sense of relatedness, and satisfaction 

in language learning applications, particularly addressing the lack of attention to hedonic 

experience in previous function-oriented models. 

 

In complement to the UX model, although the TAM model originated in adult 

information systems research, its core constructs, including PU and PEoU have also 

showed predictive validity in children (Karisma & Gui, 2023). To make the classic TAM 

model more applicable to younger children, the materials used within the current thesis 

simplify the language and adapts the core constructs to suit child users. 

 

Within the current thesis, PEoU is expressed through simplified items such as “Is it easy 

to use?” and “Is it easy to understand?” Meanwhile, PU is reflected through child-

friendly expressions based on task interest and functional feedback, such as “Do you 

think the game is interesting?” and “Did the pictures help you understand?” These 

expressions not only preserve the core meaning of the original model but also align more 

closely with the cognitive development level and linguistic habits of children aged 5 

to 7, thereby improving the child-appropriateness and validity of the measurement tool. 

For more details, please see Section 4.4.3.2 on questionnaire design. Therefore, in this 
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study, the UX model is integrated with the TAM framework and supplemented by the 

practical instruments of the Fun Toolkit to construct an evaluation model encompassing 

both functional acceptance and emotional experience. This theoretical integration not 

only enhances the conceptual soundness and child-appropriateness of the questionnaire 

design but also provides theoretical and methodological support for a deeper 

understanding of children’s behavioural tendencies and emotional mechanisms in their 

use of AI-based language learning applications. 

 

The UX model, proposed by Hassenzahl (2003), emphasises users’ emotional responses 

and overall subjective experience during their interaction with technology. This model 

divides the user experience into two core dimensions: PQ and HQ. PQ relates to the 

practicality and efficiency of a product in task completion, whereas HQ emphasises the 

user’s enjoyment, interest, aesthetic experience, and sense of personal significance while 

using it (Hassenzahl, 2003). 

 

In research on children's educational technology, HQ has been widely used to explain 

children’s subjective evaluations of interactive features such as interface design, 

gamification elements, and animation feedback (Alhussayen et al., 2015; Mispa et al., 

2019). Specifically, Mispa et al. (2019) employed the User Experience Questionnaire, 

based on the UX model, to evaluate the user experience of children aged 5 to 8 with the 

mobile application FantasyLand. The results showed that the tool effectively captured the 

emotional responses and engagement motivations of preschool children in gamified 

contexts. Yarosh et al. (2011) also compared children’s perceptions of “functional 

efficiency” and “emotional pleasure” during interactions with social robots, using the UX 

framework, further supporting the model’s applicability in child-specific contexts. 

 

Unlike the UX model, which focuses on subjective emotional experience, the TAM 

originated in information systems research and emphasises how users form behavioural 

intentions. It suggests that PU and PEoU are the two core factors influencing a user’s 

willingness to adopt a technology (Venkatesh & Davis, 2000). 

 

In recent years, the TAM has been increasingly applied in educational technology 

research, particularly in evaluating mobile learning and children's educational 

applications. Although the model was originally developed to predict adult users’ 
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intention to adopt technology, its core constructs, namely PEoU and PU have shown 

broad applicability in explaining technology use behaviour (Venkatesh & Davis, 2000).. 

 

As digital tools become increasingly integrated into children's learning, researchers have 

begun to simplify the TAM structure and adapt its language to enhance its usability 

and predictive validity with children. For instance, Karisma and Gui (2023) conducted an 

empirical study with 330 primary school students to examine the applicability of a 

simplified TAM model in assessing e-learning platform acceptance. The results showed 

that PU and Attitude toward Using (ATT) significantly predicted intention to use, while 

PEoU indirectly influenced children's overall attitude toward technology. These findings 

suggest that, when children possess basic metacognitive abilities, a suitably adapted 

version of TAM can serve as an effective tool for understanding how they accept and 

engage with technology. 

 

Building on this foundation, this study integrates the TAM and UX models as the 

theoretical framework for questionnaire construction. Specifically, the TAM model 

helps illustrate how users perceive related to functional usefulness and ease of use in 

children's AI language learning applications, while the UX model emphasises subjective 

experiences such as pleasure, aesthetic perception, and emotional engagement during 

technology use. 

 

By introducing the two key aspects of functional acceptance and emotional experience, 

this thesis seeks to establish an assessment framework aligned with children's cognitive 

development and to systematically analyse which design elements and interaction 

features in AI language learning applications influence children's hedonic experience 

and motivation to continue using the application. This theoretical integration not only 

addresses the lack of attention to the emotional engagement in traditional single-

model approaches to children's learning but also offers theoretical and methodological 

support for improving future AI-assisted language learning tools. 

 

2.4.3 Potential Influences on Children’s Hedonic Experience 
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In the preceding sections, it has been established that user experience assessment tools 

for AI- based language learning apps for children typically encompass two core aspects: 

PQ and HQ. However, empirical research further suggests that children’s user experience 

with these applications is influenced not only by these assessment factors, but also by a 

range of design-related factors embedded within the applications themselves (Alhussayen 

et al., 2015). Previous research has broadly categorised the design factors influencing 

children’s user experience into several key aspects, often related to interface design, 

content presentation, interaction modalities, and reward features (Cheng & Tsai, 2019; Sun 

et al., 2022). The remainder of this section will explore how these interrelated elements 

contribute to children's overall experience. 

 

Interface design, as a fundamental component of children's AI language learning 

applications, directly influences PEoU and the quality of initial user interaction. Studies 

have shown that children's interface preferences differ significantly from those of adults. 

They tend to prefer interface styles featuring a simple layout, bright colours, and intuitive 

controls (Alhussayen et al., 2015; McKnight & Fitton, 2010). Such designs can effectively 

enhance children’s confidence in navigation and improve their understanding of on-screen 

information (McKnight & Fitton, 2010; Yan, 2017). Icon recognisability, button size, and 

layout clarity have all been shown to directly affect interaction efficiency and learning 

performance (Papadakis & Kalogiannakis, 2017). Druin et al. (2001) pointed out that 

graphical and animated interfaces are better aligned with children’s cognitive 

development and can enhance both attention and emotional engagement. However, 

Papadakis and Kalogiannakis (2017) cautioned that interfaces that are either too 

simplified or too complex may undermine children’s motivation to explore and reduce 

task performance, ultimately leading to negative user experience (Chiasson & Gutwin, 

2005). 

 

Beyond the influence of interface structure on initial user interaction, the way information 

is shown often shaped how users feel during the experience. Multimedia elements (such 

as images, animations, and audio) serve as key channels for stimulating emotional 

responses and play a central role in children’s user experience (Verhallen & Bus, 2010). 

Rosas et al. (2003) pointed out that appealing visual design can enhance sustained 

attention and motivation to participate, while Verhallen and Bus (2010) found that 

dynamic images support vocabulary acquisition and story immersion. Teng (2023) 
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through a mixed-methods study, further demonstrated that multimodal input integrating 

images and audio can significantly improve memory retention and enhance emotional 

engagement during vocabulary learning. 

 

Building on multimedia content, multimodal design further enriches the immersive 

dimension of user experience. Multimodal interaction not only integrates multiple sensory 

channels such as vision, hearing, and touch, but also enhances interactivity and realism 

through synchronous input and feedback (Moreno & Mayer, 2007). Guo and Lan (2023) 

investigated the impact of  multimodal and virtual environments on young EFL learners' 

reading performance. Using an action research approach, they divided 38 Taiwanese 

primary school students aged 10-12 into two groups. The control group engaged in picture 

storybook reading and word games, while the experimental group, in addition to the 

activities of the control group, incorporated a 3D virtual construction task using the 

Omni-immersion Vision online VR construction tool. The results showed that students 

using the VR tool made significant improvements in their English reading ability and 

showed greater improvement in learning motivation and anxiety levels. This suggests that 

multimodal input, integrating visual, auditory, and interactive elements, can effectively 

enhance children's learning motivation, reduce anxiety, and foster stronger emotional 

engagement and immersion. Li et al. (2023) reached similar conclusions in their study. 

Through a pilot survey of Learning through Play implemented in several first-tier cities 

in China, which included questionnaires and interviews, they found that multimodal 

gamified environments effectively reduced cognitive load disparities faced by children 

during learning and significantly enhanced their engagement and emotional 

responsiveness. The research indicated that such environments, by integrating multiple 

sensory experiences and interactive elements, encouraged greater involvement in learning, 

improved emotional responses, and thus boosted both learning motivation and outcomes. 

Furthermore, studies by Cerezo et al. (2019) and Lan (2020)Lan  indicate that virtual 

interaction, XR technology, and multimodal holographic systems can boost children’s 

confidence in language expression and strengthen learning motivation. 

 

However, Mayer and Moreno (2003) points out that humans have separate systems for 

processing visual and verbal materials (Dual-channel assumption), with each channel 

having a limited capacity to process information at one time (limited-capacity 

assumption). Therefore, using too many sensory modes incorrectly may lead to 
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"modality redundancy" and "sensory overload." Multimodal design should focus on 

moderation and alignment with learning goals to ensure that each modality supports a 

balance between learning objectives and emotional regulation (Noroozi et al., 2020). 

 

Building on immersive experiences, gamification mechanisms further help engagement 

into intrinsic motivation for learning. Typical gamification elements include point 

systems, task challenges, badge rewards, and leader boards, which can enhance 

learning engagement and enjoyment through achievement incentives and feedback loops 

(Smiderle et al., 2020). When game elements align with learners’ personal traits, their 

motivational impact tends to be more enduring (Li & Chu, 2021). 

 

Chapman and Rich (2018) also highlighted the positive impact of immediate feedback 

and task guidance on cognitive processing and emotional regulation. Plass et al. (2015) 

further pointed out that the positive emotions prompted during gameplay not only enhance 

hedonic engagement but also promote deeper processing and better retention of language 

input. 

 

However, Nicholson (2015) and Smiderle et al. (2020) warned that when game 

mechanisms rely too heavily on external rewards or create excessive competitive pressure, 

they are tend to causing "goal shift" (where learners focus more on rewards than on the 

actual learning content). This shift may disrupt the process of autonomous motivation. 

 

In addition to task-based motivational strategies, HCI plays a crucial role in shaping 

children's learning experiences. Speech recognition technology improves the fluency of 

children's expression and response by facilitating more natural input and output, 

thereby helping establish an emotional connection with the system (Xu & Warschauer, 

2020). Bai et al. (2021) found that automatic speech recognition based personalised 

reading feedback can enhance reading fluency, sense of control, and self-confidence. 

However, issues such as recognition errors, feedback delays, and semantic mismatches 

in ASR systems may lead to misunderstandings and user frustration (Mazouz & 

Maatallaoui, 2025). 

 

For young children, such negative experiences are more likely to lead to reduced 

motivation or engagement to continue participating. Therefore, ASR systems should 
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emphasise emotional sensitivity and error tolerance, and, when combined with 

multimodal feedback and human-like language prompts, aim to create a stable, 

trustworthy, and inclusive emotional interaction environment. 

 

From the perspective of emotional support in user experience, reward mechanisms and 

virtual character design represent two key pathways which are motivational mechanism 

and social identification that play an important role in fostering children's learning 

motivation and sense of  social belonging (Ryan & Deci, 2017). 

 

Reward mechanisms stimulate a sense of achievement and task persistence through features 

such as adaptive progression and phased incentives (Sun & Hsieh, 2018). However, if 

poorly designed, they may lead to motivation externalisation and overreliance on 

quantifiable rewards (Ryan & Deci, 2017). Virtual characters, as personified interface 

agents, serve dual functions of language scaffolding and emotional regulation. Studies 

have shown that characters with approachable appearances, expressive features, and 

warm vocal tones are more likely to foster emotional connections with virtual 

characters, thereby enhancing immersion and promoting a sense of psychological safety 

(Breazeal et al., 2016; Calvert et al., 2014). However, if character design does not align 

with children's aesthetic preferences, cultural backgrounds, or gender identities, it may 

lead to emotional detachment or even user disengagement (Nass & Moon, 2000; Turkle 

et al., 2006). Furthermore, overly personified characters may cause confusion or 

discomfort, particularly during early stages of cognitive development (Breazeal et al., 

2016). Therefore, the design of rewards and character roles should consider children's 

developmental psychology and cultural background, using motivation and emotion 

theories to balance technical incentives with emotional connection. 

 

In conclusion, interface design, multimedia elements, multimodal interaction, 

gamification mechanisms, speech recognition, reward systems, and virtual characters 

are key factors that influence user experience in contemporary children's AI language 

learning applications. These elements not only shape children's motivation, attention, 

and cognitive engagement during learning but also significantly impact their hedonic 

experience. In this thesis, these design factors serve as key variables influencing 

children’s hedonic experience and provide an empirical foundation for the 
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development of the questionnaire, the design of interview outlines, and subsequent 

empirical analysis. 

 

However, although existing studies have extensively explored the positive effects of these 

design elements on children’s learning engagement, emotional involvement, and 

motivation maintenance, most discussions remain situated within the context of general 

educational technology. There remains a lack of systematic and empirical research on 

how these factors specifically affect children's hedonic experience in AI-based language 

learning applications. 

 

Addressing this theoretical and empirical gap, the present thesis focuses on the real-world 

usage of AI language learning applications among Chinese children and explores how 

these design factors shape children's hedonic experience within specific AI environments. 

By integrating Hassenzahl’s (2003) UX model, this study aims to identify key design 

features that foster positive emotional responses and sustained learning motivation in 

children, thereby providing both theoretical guidance and empirical evidence for 

improving AI language learning tools. 

 

2.5 Parental Roles in Children's Digital Language Learning 

Parents have consistently played a key role in children's language development, both in 

traditional learning contexts and in the digital age. Based on sociocultural theory 

(Vygotsky’s ,1978), their influence is evident not only in early language input and 

emotional support but also, with the rise of AI applications in education, in their 

increasingly complex and multifaceted roles. This is particularly evident in the SLA 

process of  children aged 5 to 7 who are learning with the aid of technology, where 

parental involvement significantly affects both the nature and effectiveness of learning 

(Harris & Goodall, 2008). 

 

Therefore, understanding the evolution of parental roles and the factors that influence 

them, as well as exploring parents’ decision-making processes and attitudes toward AI-

assisted language learning, is essential for comprehensively evaluating the applicability 

and effectiveness of such tools for children. Section 2.5.1 focuses on two key aspects: 
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the evolving role of parents in supporting children’s language learning through 

technology, and their attitudes toward AI language learning applications, including 

acceptance, trust, and willingness to use them. 

 

2.5.1 Parents’ influence on children’s using digital tool 

Language acquisition, as a core aspect of human cognitive development, is influenced by 

social and cultural factors. Among these factors, the family environment, as the primary 

context for children's language input and social interaction, plays a crucial role in early 

language development (Harris & Goodall, 2008). According to sociocultural theory 

(Vygotsky, 1978), children's language development is gradually constructed through the 

ZPD during interactions with more experienced individuals (such as parents). In this 

process, parents not only provide language stimulation but also shape the trajectory of 

children's language development through emotional regulation, feedback, and other forms 

of support (Safwat & Sheikhany, 2014; Topping et al., 2013). 

 

Existing studies have consistently shown the positive impact of parental involvement on 

children's language abilities, including vocabulary accumulation, phonological awareness 

development, and language comprehension (Wasik & Hindman, 2011). In addition, a 

positive home language environment has been shown to enhance children's learning 

motivation, self- confidence, and academic achievement (Goodall, 2018). It is important 

to note that children aged 5–7 years are in a stage of rapid cognitive language development. 

Therefore, family language practices play an especially important role during this stage 

of early cognitive language development. 

 

With the widespread adoption of AI technologies and smart mobile devices, the 

landscape of  children's language learning is experiencing significant changes. The 

traditional model of human interaction, based on home and school environments, is 

gradually giving way to a model mediated by technology, consisting of educational 

applications, speech recognition systems, and virtual characters (Plowman, 2015). The 

American Academy of Pediatrics (Pediatrics, 2016), while highlighting the educational 

potential of digital tools, also emphasises that children should be accompanied and guided 
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by parents during their use to ensure proper understanding and critical engagement 

with the content. 

 

In this context, the role of parents in language education is no longer limited to the 

traditional language input and emotional support but has further evolved into that of 

"media gatekeepers" (Livingstone & Blum-Ross, 2020). They need to assess and 

regulate the selection, use, and frequency of technological tools, thereby indirectly 

determining the type and quality of language resources that children are exposed to 

(Chaudron et al., 2018). This role change not only reflects the digitisation of family 

education practices but also highlights the dual functions of  technological guidance and 

value mediation that parents perform in the process of supporting and regulating 

children's language learning. 

 

Although existing studies have emphasised the influence of parents' attitudes towards 

technology on children's learning, most of them focus on the usage behaviours related to 

general educational technology, and systematic discussion of the underlying mechanisms 

of parental involvement in AI-based educational applications remains insufficient. Some 

studies have preliminarily shown that if parents actively select high-quality language 

learning applications and encourage children to use them in an exploratory way, children 

may not only perform better in the domains of  language and cognition but also develop 

a stronger sense of learning autonomy (Brito & Dias, 2020; Griffith & Arnold, 2019). In 

addition, parents’ attitudes towards technology are considered a mediating factor 

influencing children's learning outcomes (Kong & Li, 2009). 

 

Parents' attitudes towards educational technology are often influenced by their 

educational beliefs, digital literacy, and cultural values, leading to significant individual 

differences. Family media ecology theory Nikken and Jansz (2014) suggests that parents' 

media use is influenced by their education level, value systems, and media experience. 

Studies have found that parents with higher levels of education and digital literacy are 

more likely to actively guide their children to explore technological tools with 

educational value and emphasise their cognitive and developmental benefits (Banić & 

Orehovački, 2024; Kalaycı & Ergül, 2020). Children growing up in such environments 

tend to demonstrate higher levels of technological confidence, motivation for exploration, 

and tendencies toward self-directed learning (Papadakis et al., 2019)(Papadakis et al., 



 

 

53 

2019). Conversely, parent-caregivers with lower digital literacy may adopt hesitation 

or restriction strategies that indirectly limit children's developmental opportunities in 

technology-assisted learning environments (Kalaycı & Ergül, 2020). 

 

In addition, parenting style has also been shown to be significantly related to parents’ 

choices regarding educational technology. According to a survey conducted by (Broekman 

et al., 2016), involving 316 parents of children aged 3 to 7, authoritative parents tend to 

choose educational applications with clear structure, well-defined functions, and 

features that support children's independent exploration. Authoritarian or permissive 

parents are more likely to choose tools that are entertaining, soothing, or serve as less 

constructive substitutes for parent-child interaction, which reflects the value-oriented 

differences that underlie media selection. 

 

In conclusion, parents not only play a fundamental role in traditional language acquisition, 

but also, as AI technology becomes increasingly embedded in educational practices, their 

technological attitudes, digital literacy, and parenting concepts more profoundly affect the 

quality, frequency, and ways of using digital resources that children are exposed to. 

Especially for 5 to 7 years old children during the critical period of language development, 

parents' decision- making practices play an important role in shaping their second 

language learning path. Therefore, this thesis explicitly includes parents in the research 

perspective, aiming to explore their attitudes towards the use of AI educational 

applications in children's SLA. 

 

2.5.2 Parent-caregivers’ Perspectives on Children’s Use of Digital Technologies 

Based on a preliminary discussion of parents’ roles regarding children’s use of technology 

in the previous section, Section 2.5.2 focusses on parents’ attitudes and perceptions of 

technology- assisted language learning itself. Studies have shown that parents' views 

on children's early exposure to digital technology, especially their judgment of the 

potential benefits and risks of  technology, significantly affect the frequency of children’s 

exposure, usage patterns, and ultimate learning outcomes of language learning tools 

(Plowman et al., 2011). A large body of literature reveals that parents’ attitudes are 

complex in nature, often demonstrating a mix of acceptance and skepticism. 
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Current research on parents’ attitudes has predominantly focused on their views regarding 

the use of digital tools in children's English learning (Chen et al., 2019; Gjelaj et al., 2020; 

Mikelic Preradovic et al., 2016). A more consistent finding is that parents' attitudes are 

significantly polarised (Neumann, 2015; Vaala & Takeuchi, 2012). On the one hand, some 

parents strongly acknowledge the potential of such tools in stimulating learning 

motivation and improving learning outcomes (Akgun, 2023; Zakaria et al., 2022). On the 

other hand, some studies have pointed out that parents are generally concerned about the 

frequency of use, content quality, distraction, and the risk of media dependence (Gjelaj et 

al., 2020). 

 

Among parents with positive attitudes, many studies have shown that they often regard 

educational apps as tools for both "learning" and "entertainment", which are believed to 

improve children's cognitive development and language skills. For example, Zakaria et al. 

(2022) found that parents particularly value educational apps as tools to extend classroom 

learning, develop vocabulary, and improve children's spoken expression. Saraswati (2021) 

cited Duolingo as an example of gamification and interaction that promotes children's 

initiative in learning, confidence, and vocabulary development. Neumann (2018) further 

found that children can spontaneously use words learned from apps in daily 

communication, reflecting the positive role of such tools in language transfer and 

authentic expression. 

 

Regarding user experience, parents are also generally positive about the design of 

educational apps, particularly in terms of interface friendliness, visual appeal, sound 

feedback, and animation rewards, which are believed to help enhance the fun of the learning 

process and extend children's attention span (Papadakis, 2021; Sergi et al., 2017). Among 

these, apps that include "instant rewards" or target-based incentives are especially 

favoured by parents and are considered effective in enhancing children's learning 

persistence and engagement (Read & MacFarlane, 2006). 

 

Parental enthusiasm towards the digital learning apps can be partially explained by the 

TAM. The model suggests that when parents perceive a technology as having perceived 

usefulness (PU) and perceived ease of use (PEoU), their willingness to promote it and use 

it in a collaborative way with their children is significantly enhanced (Tsuei & Hsu, 2019). 
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While existing research broadly affirms the potential of technological products for 

children's learning and development, a growing body of studies also indicates that parents 

have many concerns about the potential risks of technological interventions in real-world 

use. 

 

While existing research widely acknowledges the potential of technological products for 

children's learning and development, a growing body of research also indicates that parents 

have many concerns about the potential risks of technological interventions in real-world 

use. First, concerns about children's physical development and social skills have been 

repeatedly raised in multiple studies. Kabali et al. (2015) pointed out that ages 3 to 6 

represent a critical period for children's physical activity and the development of social 

skills, and excessive reliance on touchscreen devices may reduce opportunities for 

real-world interaction, thereby inhibiting outdoor activity, which is essential for 

developing peer interaction skills. For example, Ma et al. (2021) have shown that high 

levels of recreational app use by children are associated with risk factors for obesity. It 

is worth noting that this concern does not arise from a complete rejection of technology 

itself, but rather from parents’ anxiety about the “substitution effect” of technology use, 

namely the fear that it may replace parent-child interaction and peer play. As shown by Sergi 

et al. (2017), some parent-caregivers began to reflect on whether digital device use was 

encroaching upon family time, and this reflection revealed a subtle shift caused by 

technological intervention in family relationships. 

 

Second, the discussion of media dependence and addictive tendencies lead to further 

concerns that parents may have regarding the digital learning tools. Although there is 

no conclusive evidence that short-term use of high-quality educational apps directly leads 

to addiction, the lack of certainty has nonetheless triggered ongoing anxiety among parents 

about the "use boundary”, that is, how to establish a boundary-setting strategy between 

functional and potentially addictive use that can be understood and consistently 

implemented by the caregivers (Livingstone & Blum-Ross, 2020). 

 

In addition, concerns about content quality and external distractions are key reasons for 

parents' reservations about digital products. Sergi et al. (2017) pointed out that prolonged 

immersion in low-quality apps that lack educational value may result in decreased attention 

span and increased media dependency. Palaiologou et al. (2019) further noted that parents 
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are also concerned about the presence of uncontrolled pop-up ads and inappropriate 

content for children in apps, which not only undermines parents' trust in technology 

products, but also challenges their media dominance within the family. 

 

Interestingly, even among parents who are open to technology, the idea that technology 

must be used with regulation still dominates (Moorhouse & Beaumont, 2020). This shows 

that parents’ attitudes are not strictly polarised but are instead based on a dynamic 

balance between the perceived benefits and potential risks of technology use. This 

strategic response reflects the flexibility and complexity of family education practice. 

 

In conclusion, parents' attitudes towards children's use of technological tools for 

language learning are complex and multifaceted. While affirming the potential of 

educational apps, they also express ongoing concerns about screen time, content quality, 

the substitutive effects of  media, addiction risks, and the challenges of supervising 

technology use within the family. For this study, these views not only provide an empirical 

basis for exploring parents' acceptance and evaluative criteria for AI language learning 

applications but also highlight the importance of  considering parents' active role in 

technology use and their specific perspectives when designing and evaluating AI 

educational tools. Understanding parents' perspectives can shed light on whether AI 

applications can be effectively adopted in children's language learning, as well as on the 

family's supportive and decision-making roles. 

 

2.6 Summary 

This chapter reviewed the key literature informing the current study, focusing on the 

intersection of early SLA, AI, hedonic user experience, and parental influence in 

children's digital learning. Section 2.2 examined the developmental and cognitive 

foundations of children’s SLA, highlighting the importance of receptive vocabulary, WM, 

and ToM. Section 2.3 traced the evolution of AI in language education, from CALL to 

ICALL, summarised the key design principles of modern AI vocabulary apps, and 

explored the growth and implementation of AI-based applications in the Chinese context, 

especially for young learners. Section 2.4 discussed the concept of hedonic experience, 

its theoretical foundations, and evaluation models, focusing on the need to incorporate 
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emotional engagement into the design of AI learning tools. Finally, Section 2.5 explored 

the critical role of parent- caregivers in mediating access to and perceptions of digital 

language learning. 

 

Across these sections, a key research gap was identified: empirical research remains 

limited regarding the impact of AI-based language learning applications on Chinese 

children's SLA, the design-related factors that influence their hedonic experience, and 

parental perspectives on children’s use of such technologies. This review provides a 

theoretical and contextual foundation for the research framework and methodology 

presented in the following chapter. 
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Chapter 3. THEORETICAL FRAMEWORK 

The theoretical framework of this thesis draws on multiple interrelated models. These 

include the Input Hypothesis (Krashen, 1985) and the Interaction Hypothesis (Long, 1996) 

from SLA theory; MLT (Mayer ,2001); SDT (Deci & Ryan, 2013); the UX Model 

(Hassenzahl et al., 2003); and the TAM (Davis et al., 1989). The comprehensive 

integration of these theoretical frameworks provides essential support for the design, 

analysis, and interpretation of this thesis. 

 

Specifically, based on Input Hypothesis (Krashen, 1985) and Interaction Hypothesis 

(Long, 1996), this study explores how AI-based language learning applications promote 

receptive vocabulary development in children aged 5 to 7 years by providing 

comprehensible input and opportunities for interaction. In order to further understand the 

impact of design and function in AI applications on children's learning enjoyment (i.e. 

hedonic experience), this thesis combines MLT (Mayer ,2001) and SDT (Deci & Ryan, 

2013) to analyse how the relevant design features in AI applications can align with the 

cognitive characteristics of children at this developmental stage while also fulfilling their 

needs for autonomy, competence, and relatedness, thereby enhancing their enjoyment 

during the learning process.  

 

At the methodological level, the questionnaire developed within the current thesis is 

based on the UX model and aims to evaluate how the functions and design features 

of AI language learning applications influence children's hedonic experience. The 

questionnaire content was structured around the core dimensions of the UX model and 

TAM to capture children’s subjective perceptions and emotional responses during actual 

use. In addition, TAM3 is used to inform the design of parent interview questions, aiming 

to explore factors such as their attitudinal acceptance, behavioural intention, and 

perceived social norms regarding AI language learning tools. Table 3-1 outlines the 

connections between the study’s research questions and the theoretical frameworks that 

guided the study. 
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Table 3-1. Research questions, theories, methods of this study. 

 

Research 
Question Theory Method Data  

Type 

RQ1 

Input Hypothesis (Krashen, 1985) 

Interaction Hypothesis (Long, 1996) 

MLT (Mayer ,2001) 
Quasi-experiment Quantitative 

RQ2 UX model TAM Questionnaire Quantitative 

RQ3 TAM3 Semi-structured interview Qualitative 

 

3.1 SLA Theories 

In the field of SLA, the Input Hypothesis (Krashen, 1985) and the Interaction 

Hypothesis (Long, 1996) are two widely recognised and influential theories. Both 

emphasise the central role of comprehensible input in language learning and have had a 

significant impact on technology-assisted language learning. Although the two theories 

focus on different mechanisms, with the Input Hypothesis stressing the comprehensibility 

and contextual presentation of language input (Krashen, 1985) and the Interaction 

Hypothesis highlighting the role of negotiation of meaning during communicative 

exchanges (Long, 1996), they are highly complementary in explaining the processes of 

language acquisition. 

 

This thesis adopts these two theories at its foundation, based on two key considerations: 

first, their strong explanatory power for early childhood language development, 

particularly in the domain of receptive vocabulary acquisition (Krashen, 1985); and 

second, their clear theoretical guidance for the design of input delivery and interaction 

mechanisms in AI-based language learning applications (Y. L. Chen et al., 2022). 
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The following sections will elaborate on each theory in turn, discussing their relevance 

and application within the context of this study. 

 

3.1.1 Input Hypothesis 

The Input Hypothesis, proposed by Krashen (1985), is one of the core components of 

Krashen’s “Monitor Model” . This theory asserts that language acquisition does not 

rely on explicit instruction or language output, but rather emphasises the importance of 

understanding comprehensible input (Krashen, 1985). Comprehensible input refers to 

linguistic material that is slightly above the learner's current language level, namely i+1, 

where i represents the learner’s current level of language competence, and 1 represents 

the next level of language input that is just beyond their current understanding but still 

accessible with the help of context or prior knowledge. Exposure to such input in 

appropriate contexts can activate learners' subconscious language acquisition 

mechanisms and promote the natural development of the language system (Krashen, 

1982). Especially for children in the early stages of language learning, this view 

contrasts sharply with behaviourist and other traditional models that emphasise language 

output (Swain, 1985). 

 

Krashen further proposed that, in order to promote effective acquisition, language input 

should possess several key characteristics: (1) the input should be comprehensible and 

moderately challenging (i.e., i+1); (2) learning should occur in a state of low affective 

filter, meaning an environment characterised by low anxiety and high motivation; and 

(3) language should be presented repeatedly in natural contexts to enhance the potential 

for meaning-making and long- term retention (Krashen, 1982). These principles provide 

a theoretical basis for the design of  learning environments and hold particular 

significance for guiding practices in children's language education. 

 

According to the Input Hypothesis (Krashen, 1985), language acquisition is an implicit 

and subconscious process, emphasising understanding before output as its core 

mechanism. For children, the early stage of language development is typically 

characterised by the accumulation of receptive vocabulary, referring to words that children 

can comprehend but are not yet able to actively produce (Nation, 2001). Based on this 
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theoretical perspective, and to explore the role of  AI-based applications in children's SLA, 

this thesis focuses on the development of English receptive vocabulary in children aged 5 

to 7 years. 

 

To operationalise these theoretical concepts within a technological context, this thesis 

employs Chapelle’s (1998) framework for CALL, which translates abstract concepts like 

‘comprehensible input’ into concrete design principles for multimedia learning 

environments. With the development of AI technology, an increasing number of AI 

language learning applications have been designed to support children's vocabulary 

learning. These applications are consistent with what Chapelle (1998) defines as "Input 

Salience" and "Input Modification" in multimedia CALL. By combining multimodal input 

formats such as animated stories, voice prompts, and visual highlighting, these 

applications make linguistic forms more noticeable and "salient" to learners (Chapelle, 

1998; L. J. Chen et al., 2020; Piech et al., 2015).  

 

More importantly, many AI systems incorporate adaptive features that dynamically 

modify input difficulty based on the learner’s performance. This technological capability 

realises the "Learner Fit" criterion proposed by Chapelle (1998), ensuring the input 

remains at the optimal i+1 level in actual practice (Fitria, 2021). At the same time, such 

applications often employed gamification elements to reduce learners’ anxiety, enhance 

learning motivation, and indirectly create a learning environment characterised by a low 

affective filter (L. J. Chen et al., 2020). These features are highly consistent with the 

core principles of the Input Hypothesis and offer theoretical grounding for research on 

the effectiveness of AI applications in children's L2 receptive vocabulary acquisition. 

 

Although the Input Hypothesis emphasises the central role of language input, some scholars 

have argued that it underestimates the role of language output in linguistic production 

and syntactic processing, particularly at more advanced stages of language development. 

They argue that output also plays an important role in the overall process of language 

acquisition (Swanson & Berninger, 1995). However, in research on early SLA in children, 

the Input Hypothesis continues to provide an important theoretical foundation for 

understanding their developmental trajectory and informing instructional design. 
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In conclusion, the Input Hypothesis not only provides theoretical support for 

understanding the underlying mechanisms of children's language acquisition but also 

establishes a conceptual foundation for this study to examine the effect of AI applications 

in promoting receptive vocabulary development. 

 

3.1.2 The Interaction Hypothesis 

The Interaction Hypothesis, proposed by Long (1996) on the basis of Krashen's (1985) 

Input Hypothesis, emphasises that language acquisition not only depends on 

comprehensible input, but also relies on the interactional processes that shape and refine 

such input. More critically, it is the negotiation and dynamic adjustment of input within the 

interactional process that facilitates acquisition (Long, 1996). Although Krashen (1985) 

argues that language acquisition is primarily achieved through one-way exposure to i+1 

input, Long contends that in real communication, comprehensibility is not inherent at the 

outset. Rather, it is constructed through ongoing negotiation between learners and their 

interlocutors, using interactional strategies such as questions, clarification requests, 

repetition, and correction. This process is known as the "negotiation of meaning." In this 

process, learners can not only receive input that is more closely aligned with their current 

language level, but are also prompted to notice the linguistic forms themselves, thereby 

enhancing their cognitive processing of language input (Long, 1996). 

 

The Interaction Hypothesis does not negate the fundamental assumptions of the Input 

Hypothesis but instead builds upon them by proposing that interaction serves as a 

mechanism to “process and customise” input through social engagement. In contrast to 

the Input Hypothesis, which emphasises the comprehensibility of language materials, 

the Interaction Hypothesis highlights the importance of accessibility and adaptability 

in shaping language input (Krashen,1985). Studies have shown that interaction can 

improve the immediacy, relevance, and contextual appropriateness of language input, 

and contribute to language internalisation by guiding learners to attend to language forms 

(Loewen & Sato, 2018). Particularly in the context of children's language acquisition, the 

contextual support and immediate feedback provided by interaction can help alleviate 

learning anxiety, lower cognitive load, and create a more conducive environment for 

natural language acquisition (C. H. Chen et al., 2022). 
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In the AI-supported child language learning environment examined in this thesis, 

interactional features continue to play a key role, even though learners are not 

interacting with human communicators. Specifically, many AI systems are equipped with 

ASR and instant feedback modules that can adjust input forms in real time. Chapelle (1998) 

describes this process as "Interactional Modification," where the computer acts as a 

participant in the negotiation of meaning. By simplifying sentence structures, repeating 

keywords in response to the learner's actions, the AI system moves beyond static delivery 

to dynamic engagement. According to Chapelle's CALL framework, this computer-

mediated negotiation is critical because it provides opportunities for comprehensible 

output and corrective feedback, which are essential for driving language development 

(Chapelle, 1998). 

 
In this way, the process of “modified input” and “negotiation of meaning” found in 

natural communication is effectively simulated (Dennis, 2024). Such automated 

meaning-negotiation mechanisms are particularly critical for children in the early stages 

of language development. Studies have shown that instant feedback through HCI is more 

effective in supporting vocabulary comprehension and retention than passive input 

(Arifani et al., 2021). In this process, the AI system not only improves the 

comprehensibility of the input, but also enhances its contextual relevance and 

accessibility, thereby providing a more supportive environment for children's language 

acquisition. 

 

However, the application of the Interaction Hypothesis in children's language learning 

remains controversial. Some studies have pointed out that young children may have 

difficulty participating in complex interactive structures due to their cognitive and 

linguistic immaturity, thereby limiting the depth and effectiveness of meaning negotiation 

(Mackey, 2013). Therefore, when designing an AI language learning system based on 

the Interaction Hypothesis, factors such as children's cognitive load capacity, the 

appropriateness of feedback frequency, and the complexity of interactive tasks should be 

fully considered to achieve a balance between the level of cognitive development and the 

difficulty of interaction (Mackey, 2013). 
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In summary, the Interaction Hypothesis not only expands the social-interactional 

dimension of  the Input Hypothesis but also provides a theoretical basis for the design and 

functional implementation of interaction mechanisms in AI language learning applications. 

Compared with traditional teaching methods, the more responsive and context-sensitive 

interactive features in AI systems may be more conducive to children's deeper 

understanding of receptive vocabulary and the formation of long-term memory within 

authentic learning contexts. 

 

3.2 Multimedia Learning Theory 

MLT was systematically developed by Mayer (2001, 2009, 2021). Mayer (1997, 2021) 

explains multimedia learning as the process by which learners construct mental 

representations from the combination of words (such as spoken narration or on-screen text) 

and images (such as videos, animations, or static illustrations). Since the 1990s, empirical 

research exploring the specific effects of multimedia instruction has increased 

significantly (Li et al., 2019), and numerous studies have confirmed the positive impact 

of multimedia environments on learning outcomes (Akçayır & Akçayır, 2017; Mayer, 

2017; Wang et al., 2011). Building on this, Mayer (2009) further developed the Cognitive 

Theory of Multimedia Learning (CTML), emphasising that the focus of the theory is not 

the technology itself, but the limitations and possibilities of human cognitive architecture 

in processing information. 

 

From the perspective of MLT, learning is regarded as an active process of knowledge 

construction, requiring learners to actively select, organise, and integrate information 

through both auditory/verbal and visual/pictorial channels. Compared with single-mode 

representations (e.g., reading text alone), MLT suggests that well-designed multimedia 

materials can apply the human dual-coding mechanism to promote deeper cognitive 

processing, thereby significantly enhancing learning outcomes. 

 

Based on these theoretical characteristics, MLT was selected as the core analytical 

framework for this study. The research object, the Zebra-AI application, essentially 

constitutes a typical multimodal learning environment. As the application integrates not 

only text input but also dynamic images (such as contextual animations) and auditory 
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input (such as instructional narration and songs), Mayer’s theoretical model provides a 

framework for analysing how such multi-source information contributes to children’s 

language learning outcomes. 

 

Mayer’s CTML (2005, 2009) further clarifies the mechanisms of information processing 

in multimedia learning environments. The theory is built on three core assumptions of 

human cognitive architecture: dual channels, limited capacity, and active processing, 

which form the cognitive psychological basis for analysing the instructional effectiveness 

of Zebra-AI. 

 

Firstly, the Dual-Channel Assumption integrates Paivio (1986, 1991) dual-coding theory, 

stating that humans possess two independent systems for processing information: a 

visual/pictorial channel (including on-screen text) processed through the eyes, and an 

auditory/verbal channel processed through the ears. This assumption suggests that 

learners can process information from different modalities in parallel. Zebra-AI apply this 

mechanism by simultaneously presenting dynamic animations (visual) and instructional 

narration and songs (auditory), aiming to fully engage children’s dual-channel processing 

capacity for more efficient information encoding compared to a single modality. 

 

Secondly, the Limited-Capacity Assumption draws on Baddeley’s (1986) WM model and 

Miller’s (1956) information-processing theory, emphasising that each channel can only 

process a limited amount of information at a time. When the complexity of instructional 

content exceeds WM capacity, cognitive overload occurs, hindering learning (Chandler 

& Sweller, 1991; De Jong, 2010). This assumption is particularly relevant for the target 

population of this study. Given that children’s executive control systems are not yet fully 

developed and their WM resources are considerably lower than adults’ (Gathercole et al., 

2004), they are highly vulnerable to cognitive overload in digital learning contexts. Using 

CTML as a framework allows this study to evaluate whether Zebra-AI reduces 

unnecessary mental effort (like removing extra information), thereby matching children’s 

limited processing ability. 

 

Thirdly, the Active-Processing Assumption proposes that meaningful learning is not 

passive reception of information, but an active process in which learners construct 

coherent mental representations. Mayer (2009) further breaks this process down into three 
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key steps: selecting relevant words and images from sensory input, organising them into 

logical models in WM, and integrating them with prior knowledge stored in long-term 

memory. In the Zebra-AI learning context, this assumption highlights the importance of 

interactive design: the application must provide sufficient scaffolding (e.g., interactive 

feedback and prompts) to guide children to engage in deep processing of language and 

images, rather than engaging with the content at a surface level. 

 

Based on the above cognitive architecture, Mayer (2021) proposed a series of empirically 

supported multimedia design principles. These principles not only serve as practical 

guidelines for enhancing learning outcomes but also provide a theoretical basis for this 

study to assess how Zebra-AI can improve cognitive experiences and foster children’s 

hedonic experience. 

 

Firstly, the Multimedia Principle suggests that combining words and images works better 

than presenting text alone. This study examines how Zebra-AI applies this principle by 

presenting contextual animations and spoken narration at the same time. For children, 

such multimodal design goes beyond simple information delivery: vivid animations 

inherently offer playfulness (Rieber, 1991), and combining visual and auditory 

information significantly enhances processing fluency (Reber et al., 2004). Theoretically, 

this cognitive fluency can reduce boredom and provide children with a more enjoyable 

learning experience. 

 

Secondly, the Coherence Principle emphasises that visual or auditory elements unrelated 

to the learning goal should be removed to prevent unnecessary cognitive load. Although 

children’s applications often include rich decorative elements, this study examines 

whether Zebra-AI avoids “seductive details” to protect children’s limited attentional 

resources (Harp & Mayer, 1998). From an emotional perspective, following the 

Coherence Principle can reduce frustration caused by cognitive interference and remove 

potential barriers to learning. 

 

Thirdly, the Personalization Principle and the Voice Principle jointly highlight the social 

aspect of learning. The former suggests that conversational language enhances social 

presence, while the latter demonstrates that natural, human-like voices promote learning 

more effectively than synthetic voices. These principles provide a theoretical foundation 
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for analysing anthropomorphic interaction features in Zebra-AI, such as “Zebra Call.” 

This study hypothesises that simulating real interpersonal communication with expressive 

human voiceovers can reduce foreign language learning anxiety and, through emotional 

contagion (Hatfield et al., 1994), stimulate children’s trust and positive emotional 

engagement with the learning agent. 

 

In summary, Mayer’s MLT and the previously discussed SLA theories form a 

complementary theoretical framework. The SLA framework defines the “linguistic 

conditions” necessary for Zebra-AI to facilitate language acquisition, such as 

comprehensible input and interaction, while MLT establishes the “cognitive conditions” 

required for children to effectively process this information in digital environments. The 

sense of competence and autonomy generated by cognitive fluency provides a 

psychological foundation for fostering children’s intrinsic motivation. To further explore 

the mechanisms of motivation and its relationship with hedonic experience, this study will 

introduce SDT in the next section. 
 

3.3 Self-Determination Theory  

SDT, proposed by Deci and Ryan (2013), is an important theoretical framework for 

explaining the mechanisms underlying the formation and maintenance of learning 

motivation. The theory proposes that the quality of learners' motivation depends on the 

extent to which three basic psychological needs; autonomy, competence, and relatedness 

are satisfied. 

 

When the learning environment effectively supports these three needs, individuals are 

more likely to develop intrinsic motivation and demonstrate greater and more sustained 

engagement in learning (Ryan & Deci, 2000b). This theory has been widely applied in 

educational research, particularly in the fields of digital learning and child development, 

gradually demonstrating its theoretical significance and practical applicability. 

 

For children aged 5 to 7, the formation of language learning motivation is influenced 

not only by external rewards or task goals, but also by whether the learning 

environment can evoke emotional interest, provide immediate feedback, and generate 
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positive emotional experiences (Ryan & Deci, 2000a). In the early stages of SLA 

particularly during the period of receptive vocabulary accumulation, children's learning 

motivation not only determines their willingness to engage in learning tasks, but also 

directly influences their sustained exposure to language input, attention to linguistic 

forms, and the development of deeper processing pathways for comprehension and 

memory (Gass & Selinker, 2008). In recent years, studies in educational psychology have 

shown that enjoyment, immersion, interest, and emotional satisfaction constitute the key 

dimensions of children’s digital learning experiences, collectively referred to as “hedonic 

experience” (Hassenzahl et al., 2003; Riconscente, 2013). From a theoretical perspective, 

hedonic experience can be regarded as an important emotional driving force for intrinsic 

motivation, and the positive emotional states it fosters can help satisfy the three 

psychological needs proposed by SDT, thereby enhancing learners’ engagement, and 

learning outcomes. 

 

With the rapid development of educational technology, an increasing number of AI 

language learning applications incorporate gamified learning combined with a hedonic-

focused interface design. For example, Duolingo uses animated characters, task-based 

rewards, and playful sound effects in its design, with the aim of stimulate children's 

intrinsic motivation and enhance both learning continuity and emotional engagement. 

These systems significantly increase enjoyment and engagement in the learning process 

through various elements, such as virtual rewards, quest completion, narrative context, 

character interaction, and instant feedback (Hamari et al., 2014). At the level of 

practical implementation, the three psychological needs proposed by SDT are 

operationalised in the following ways: autonomy is supported through personalised task 

selection and pathway control; the sense of competence is enhanced through immediate 

feedback, task progression, and visualised indicators of achievement; relatedness is 

fostered through emotional interaction with virtual characters or simulated peer 

collaboration (Ryan, 2017). 

 

Previous studies have shown that children are more likely to experience positive 

emotions in hedonic learning environments, thereby enhancing their ability to sustain 

attention, remain focused, and deepen the processing of language input (Plass et al., 

2015). This emotionally driven model of learning engagement is particularly well-suited 
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to the early stages of language development and helps children internalise vocabulary 

knowledge and retain it over time through the combined support of cognition and emotion. 

 

However, applying SDT to early childhood language learning also presents several 

notable challenges. On the one hand, children aged 5 to 7 have not yet developed full 

self-regulatory capacity and often rely on external guidance and adult intervention when 

making choices about tasks and learning paths, which constrains the development of ‘true 

autonomy’ (Reeve, 2006). On the other hand, the extent to which virtual interaction 

provided by AI systems can evoke a stable sense of relatedness is often constrained 

by individual differences and technological limitations. Therefore, when applying SDT 

to the design of AI language learning systems, the psychological characteristics of 

children at this developmental stage should be fully considered. For children or younger 

learners, the autonomy component of SDT may fail to function effectively when system 

features are not developmentally appropriate or cognitively aligned (Jeon, 2022). 

 

In conclusion, SDT provides a solid theoretical basis for understanding the underlying 

mechanisms of children's motivation in language learning. By integrating the emotional 

perspective of hedonic experience, this thesis will analyse how functional design in AI-

based language applications addresses children's motivational needs to further explore 

how the satisfaction of these needs influences children’s reception, attention, and cognitive 

processing of language input. This theoretical integration provides a key explanatory 

framework for exploring the mechanisms of child language acquisition in AI-supported 

environments. 

 

3.4 User Experience Model  

Based on the SDT discussed above, the UX model offers a design-oriented perspective 

for understanding the mechanisms underlying the generation and maintenance of 

motivation in children's technology-enabled language learning. SDT emphasises that 

learning motivation comes from the satisfaction of three basic psychological needs, 

autonomy, competence, and relatedness (Jeon, 2022) while the UX model further focuses 

on how technical systems can support these needs through interaction, interface design, 

and feedback mechanisms, thereby stimulating users' positive emotional responses and 
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encouraging them stay interested in using technology (Hassenzahl, 2018; Hassenzahl et 

al., 2003). 

 

From a pragmatic perspective, the UX model can be regarded as the technical 

implementation pathway of SDT at the level of system design and user behaviour. 

By optimising the user interface and interaction processes, it indirectly facilitates the 

satisfaction of learners’ psychological needs, thereby driving the formation and 

maintenance of intrinsic motivation (Hassenzahl et al., 2003). These two frameworks 

are theoretically highly complementary. The UX model not only emphasises the role of 

emotional experience during system use but also provides an empirical framework for 

measuring the effectiveness of motivational support and is therefore integrated as an 

essential component of the theoretical framework in this study. 

 

The UX model, proposed by Hassenzahl (2003) is one of the foundational theories in the 

field of educational HCI and technology-enhanced learning design. 

 

The model divides the user experience into two primary dimensions: PQ and HQ. 

Specifically, PQ focuses on whether the system is easy to operate and efficient in task 

completion, such as whether the interface is clear, the process is streamlined, and the 

feedback is timely. HQ emphasises the emotional satisfaction elicited by the system, 

including fun, immersion, emotional connection, and self-expression. Hassenzahl (2003) 

defined “HQ” as the self-related emotional satisfaction and psychological value 

obtained by users during system use, emphasising the emotional significance that goes 

beyond mere functional accomplishment. Building on this foundation, he further proposed 

that an effective system should not only be usable, but also easy to use, desirable to use, 

and enjoyable to use (Hassenzahl, 2010). 

 

For children aged 5 to 7, hedonic experiences play an especially critical role. At this 

stage, children have not yet formed a stable structure of learning motivation, and their 

learning behaviour is often significantly influenced by the appeal of external environments 

and immediate emotional feedback (Riconscente, 2013). If AI language learning 

applications are designed to effectively induce positive emotional experiences, such as 

pleasure, interest, a sense of accomplishment, and a sense of belonging has been shown 
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to increase children’s willingness to engage in language tasks and maintain prolonged 

participation in language tasks and prolong their engagement, thereby enhancing 

sustained attention and deeper processing of language input. In addition, previous studies 

have shown that UX-oriented design can significantly improve children's acceptance of 

and willingness to engage with language learning apps (Read & MacFarlane, 2006), which 

provides empirical support for the applicability of UX theory in children's language 

learning contexts. 

 

In addition, the UX model is widely applied to evaluate system functionality and user 

acceptance. In terms of PQ, the system should ensure that the task flow is concise, the 

verbal or visual instructions are clear, and the mode of operation is consistent with the 

child’s cognitive level and behavioural habits. In terms of HQ, immersive and 

emotionally rich learning experiences are typically created through contextual 

storytelling, virtual companion characters, dynamic animation, sound feedback, and 

reward mechanisms. Such a design not only enhances children’s sense of engagement in 

learning but also helps satisfy their psychological needs throughout the learning process, 

particularly autonomy, competence, and relatedness as emphasised by SDT. 

Consequently, children are more likely to remain intrinsically motivated. 

 

In summary, the user experience model not only provides an analytical foundation for 

understanding children's emotional engagement and motivation in AI-based language 

learning but also serves as a structured analytical tool for system design and evaluation. 

Based on this, the UX model is introduced in this thesis to analyse how AI application 

interfaces, interaction mechanisms, and feedback designs influence children's 

processing of language input. At the same time, the UX model also serves as a 

dimensional foundation for the hedonic experience questionnaire developed in this thesis. 

The relevant questionnaire items are constructed around the two core dimensions of PQ 

and HQ, with the aim of quantitatively evaluating the effectiveness of AI language 

learning applications in supporting children's autonomous motivation. 

 

3.5 Technology Acceptance Model  
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TAM, proposed by Davis (1989), is a widely used framework for explaining how users 

accept and use information systems. Based on the Theory of Reasoned Action (Fishbein 

& Ajzen, 1975), TAM suggests that a person’s intention to use a system is mainly 

influenced by two beliefs: PU and PEoU. PU refers to the extent to which a user believes 

that a system can improve performance, while PEoU refers to the extent to which the 

system is perceived as easy to use and requires little effort (Davis, 1989). 

 

Although TAM was originally developed to explain adults’ acceptance of workplace 

technologies, it has since been extended and refined. For example, TAM3 (Venkatesh & 

Bala, 2008) provides a more detailed account of the factors shaping PU and PEoU. More 

recently, research in Child–Computer Interaction has shown that TAM can also be applied 

to children and young learners (Bourgonjon et al., 2010; Shih et al., 2011). 

 

However, when TAM is used with children, their cognitive development needs to be taken 

into account (Read, 2008). Unlike adults, who tend to focus on usefulness and outcomes, 

children’s acceptance of technology is often driven by intrinsic motivation, particularly 

enjoyment (Van der Heijden, 2004). This aligns with the hedonic motivation construct 

highlighted in TAM3. 

  

Therefore, when TAM is applied in child-centred contexts, researchers have commonly 

adapted the framework to account for children’s cognitive capacity. In previous studies, 

PU has often been operationalised as children’s perceived learning support, while PEoU 

has focused on the absence of physical or cognitive difficulty during interaction 

(Bourgonjon et al., 2010; Read, 2008). In addition, research consistently highlights the 

central role of hedonic motivation, as enjoyment is frequently the primary factor 

sustaining children’s engagement with educational technologies (Heidig et al., 2015). 

These adaptations allow TAM to remain theoretically grounded while being accessible 

and meaningful for young learners (Read, 2008). 

 

The TAM3, developed by Venkatesh and Bala (2008), builds upon its predecessors, TAM 

(Davis, 1986) and TAM2 (Venkatesh & Davis, 2000) , by providing a more 

comprehensive framework for understanding the psychological mechanisms underlying 

individuals’ acceptance of new technologies. Central to TAM3 are two foundational 

constructs inherited from earlier models: PU, which refers to the extent to which an 
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individual believes that using a particular technology will enhance their performance, 

and PEoU, which reflects the degree to which the technology is perceived as easy to 

operate and free of effort (Davis, 1986). Beyond these core elements, TAM3 expands the 

model by incorporating a wide range of  influencing variables that shape these perceptions. 

Factors affecting PU include subjective norm, job relevance, output quality, and result 

demonstrability, while determinants of  PEoU encompass computer self-efficacy, 

perceived external control, computer anxiety, and cognitive load (Venkatesh & Bala, 

2008). In addition, TAM3 introduces emotional and experiential components through the 

inclusion of hedonic motivation, such as enjoyment during technology use and considers 

the moderating role of users’ prior experience in shaping their perceptions and acceptance 

behaviours (Venkatesh & Bala, 2008). This enriched framework enables a more holistic 

analysis of how cognitive, social, and emotional variables interact to influence 

technology adoption. 

 

In the present thesis, TAM3 is primarily used to analyse parents’ attitudes toward their 

children’s use of AI-based language learning applications. Through semi-structured 

interviews, this thesis explores how parents perceive the usefulness of such tools in 

supporting children’s language development, whether they consider these applications 

easy to use for young learners, and whether they are willing to support continued use. 

TAM3 provides the theoretical foundation for structuring the interview questions, such 

as: “Do you believe this app helps your child learn English effectively?” “Is it easy 

for your child to operate?” “Are there any concerns about technological difficulty or 

negative side effects?” 

 

These questions reflect the perception pathways outlined in the TAM3 framework. A 

more detailed explanation of how TAM3 informs the interview design will be provided 

in the following chapter. 

 

One of TAM3’s key strengths lies in its ability to uncover not only behavioural intentions, 

but also the underlying cognitive, emotional, and social factors that shape technology 

acceptance (Faqih & Jaradat, 2015). In the context of this study, PU corresponds to whether 

parents believe AI tools can enhance their child’s language proficiency; PEoU reflects 

whether they think the child can navigate the tool independently or whether usability 

presents a challenge. Furthermore, the inclusion of subjective norms in TAM3 is 
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particularly relevant, as it enables the study to examine how parental attitudes are shaped 

by influences from teachers, other parents, or broader societal discourse. More importantly, 

the hedonic motivation construct in TAM3 reflects the hedonic experience aspect within 

UX models, providing a theoretical connection between cognitive acceptance and 

affective evaluation. This connection allows the study to analyse how parents consider 

their child’s enjoyment, immersion, and emotional engagement when assessing the value 

of AI learning tools. 

 

In summary, TAM3 serves as a foundational framework in this study for guiding the 

design of  interview instruments and interpreting parental responses. By applying TAM3, 

the study systematically examines the cognitive beliefs, emotional responses, and social 

influences that work together to impact how parents support or resist their children’s use 

of AI-based language learning technologies. Consequently, informs a deeper 

understanding of the feasibility and sustainability of such tools in early childhood 

education. 

 

3.6 Theoretical Framework and Hypotheses 

To summarise, this study establishes a comprehensive theoretical framework integrating 

instructional design, cognitive mechanisms, and affective experience. It aims to 

systematically explain the potential mechanisms through AI-assisted vocabulary learning 

and the sources of individual differences. 

 

First, regarding the instructional design dimension, this study draws on Krashen’s (1985) 

Input Hypothesis and Mayer’s (2005) MLT to provide learners with comprehensible input 

via multimodal scaffolding. This design aims to optimise learners' cognitive processing, 

thereby supporting the effective encoding of new vocabulary items. Specifically, the 

synergistic presentation of visual and auditory stimuli is hypothesised to enhance the 

salience of linguistic forms, enabling learners to more easily notice and process key 

linguistic information. At a mechanistic level, this multimodal input is considered more 

effective to facilitating the initial acquisition of receptive vocabulary than traditional 

single-mode methods. These theoretical assumptions provide an important foundation for 

evaluating the instructional effectiveness of the AI tool in vocabulary teaching. 
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Second, regarding the cognitive mechanism dimension, the learning effectiveness of the 

tool is assumed to be moderated by individual learner differences. This study identifies 

WM and ToM as key predictors, as they likely perform complementary cognitive 

functions during vocabulary acquisition, with WM supporting the formation of robust 

form–meaning connections and ToM facilitating perspective-taking in interactive learning 

contexts (e.g., understanding usage or contextual cues).  

 

The effective operation of this associative aspect of WM draws directly upon the 

mechanisms described in Baddeley’s (2000) model. In particular, the episodic buffer is 

viewed as a temporary, multimodal information integration system capable of linking 

phonological and semantic information, thus providing essential cognitive support for the 

formation of sound–meaning bindings. In the context of vocabulary learning, this 

integration process is considered critical for constructing representations of new 

vocabulary. Meanwhile, although the Interaction Hypothesis emphasises the facilitative 

role of feedback in language acquisition, its actual effectiveness depends on the learner's 

specific social-cognitive capabilities. In this study, ToM is regarded as a crucial 

prerequisite for effective HCI: it enables children to interpret the AI agent’s behaviours 

as interactive cues with communicative significance and, on this basis, infer the 

‘communicative intent’ presented. This transforms surface-level, procedural HCI into a 

more meaningful communicative experience for the learner. Consequently, differences in 

learners' cognitive resources regarding working memory and ToM may, to some extent, 

predict individual variations in receptive vocabulary learning outcomes. 

 

Finally, at the level of affective experience, this study emphasises that cognitive 

mechanisms do not operate in isolation but are embedded within specific affective and 

motivational contexts. 

 

Drawing on the TAM and UX design principles, the application aims to elicit positive 

emotional responses from learners by enhancing the system’s HQ. Furthermore, 

incorporating SDT, when the learning context satisfies learners’ needs for competence 

and relatedness, their intrinsic motivation is expected to be strengthened. This, in turn, 

may encourage learners to invest a higher degree of cognitive effort and engage in greater 
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usage behaviour (i.e., a higher usage dose). Theoretically, this process may foster a 

virtuous cycle of affective experience, learning engagement, and language acquisition. 

 

Based on the theoretical deductions above, this study proposes the following research 

hypotheses: 

 

Hypothesis 1a (H1a): Children in the experimental group (using the Zebra AI) will 

demonstrate significantly higher gains in receptive vocabulary (PPVT-5 scores) 

compared to the control group. 

 

Hypothesis 1b (H1b): WM and ToM will serve as significant positive predictors of 

vocabulary learning outcomes. 

 

Hypothesis 2a (H2a): Children will report a generally positive hedonic experience. 

 

Hypothesis 2b (H2b): Children's reported hedonic experience will be significantly 

and positively correlated with two indicators: actual usage dose and receptive 

vocabulary learning gains. 

 

The hypotheses outlined above require an experimental research design. To assess the 

efficacy of AI-driven tools, this study compares the learning outcomes of the Zebra AI 

with a non-educational alternative. In early childhood education, digital engagement is 

becoming widespread. Therefore, it is crucial to distinguish the educational impact from 

simple digital exposure. The research design includes both an experimental intervention 

and a control condition, resulting in two distinct groups: 

 

Experimental Group: Intervention using Zebra AI 

 

Control Group: Engagement with a non-educational entertainment app 

 

This setup leads to the following two RQs. RQ 1 is intended to address H1a and H1b, 

while RQ 2 can be linked to H2a and H2b. 

 



 

 

77 

RQ 1: To what extent does the AI-based app improve children’s receptive vocabulary, 

and how are these outcomes predicted by their WM and ToM? 

 

RQ 2: Which functions and design interface influence children’s hedonic experience with 

the AI-based language learning app? 

 

Furthermore, the perceptions of parents and caregivers regarding the utility of such apps 

for language acquisition have not been fully explored. In this study, it is essential to 

contextualise the quantitative results through the lens of those who facilitate the children's 

learning. Therefore, a mixed-methods research design (see Chapter 4) was adopted to 

combine qualitative insights with experimental findings. 

 

Based on this qualitative perspective, the final RQ is proposed: 

 

RQ 3: What are parent-caregivers’ views regarding the effectiveness of using AI-based 

learning apps for learning a second language? 
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Chapter 4. METHODOLOGY 

This thesis aims to investigate the impact of AI-based language learning applications on 

SLA in Chinese children aged 5 to 7, with a specific focus on receptive vocabulary 

development, W M, and ToM. In addition, it explores the design and functional factors 

influencing children's user experience, as well as parent-caregivers’ perspectives on the 

use of AI in early language education. To address these diverse research questions, the 

study adopts an embedded mixed methods design (Creswell & Creswell, 2017). 

 

Mixed Methods Research is a methodological approach that combines quantitative and 

qualitative methods, aiming to make use of the strengths of each to provide a more 

comprehensive understanding of complex research problems (Creswell & Clark, 2017). 

Depending on the sequencing, emphasis, and integration of data collection and analysis, 

mixed methods research typically falls into one of six basic designs: convergent parallel 

design, explanatory sequential design, embedded design, transformative design, and 

multiphase design. This thesis adopts an embedded mixed methods design, in which 

qualitative data collection and analysis are embedded within a primarily quantitative 

framework. The qualitative data aims to enhance and situate the findings of the 

experimental intervention, offering insights that may not be fully captured through 

quantitative measures alone. This design is particularly well-suited for intervention-based 

research, as it helps maintain statistical validity while enhancing the understanding of 

participants’ subjective experiences and the social context of the study (Creswell & 

Creswell, 2017). 

 

In this thesis, quantitative data were collected through standardised pre- and post-tests to 

evaluate the causal effects of AI intervention on children’s cognitive and language 

development. In the meantime, qualitative data were collected via questionnaires and 

semi-structured interviews, guided by TAM and UX models, to capture children’s hedonic 

experience and parent-caregivers’ technology acceptance. Through an embedded mixed 

methods design, this research ensures the validity of quantitative findings while also 

capturing children’s subjective learning experiences and the perspectives of their 

families, thereby providing a comprehensive evaluation of the educational value of AI-

based language learning applications in young children’s L2 learning. 
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4.1 Research Questions 

The purpose of this thesis is to evaluate the effectiveness of AI-based language learning 

applications in supporting L2 learning among Chinese children aged 5 to 7. The thesis 

focuses on children's receptive vocabulary development, cognitive outcomes (including 

WM and TOM), as well as their user experience and parent-caregivers’ acceptance of the 

technology. To address these aims, the following research questions were formulated: 

 

RQ1: To what extent does the AI-based app improve children’s receptive vocabulary, and 

how are these outcomes predicted by their WM and ToM? 

 

RQ2: Which functions and design interface influence children’s hedonic experience 

with the AI-based language learning app? 

 

RQ3: What are parents’ views regarding the effectiveness of using AI-based learning 

apps for learning a second language? 

 

To ensure a robust alignment between the RQs and the methodology, this study follows a 

structured design logic as summarised in Table 4-1. 

 

Table 4-1. Links between Research Questions, Measures, and Analytical Methods. 
 

RQ Measure(s)  Analysis  

RQ1 PPVT-5 (Section 4.3.3.1.2) 
WM Task (Section 4.3.3.1.3) 

ToM Tasks (Section 4.3.3.1.4) 

Mixed-measures ANOVA to test 
intervention effects (Section 
5.1.1.3; Section 5.1.1.4.1; Section 
5.1.1.4.2) 
Multiple linear regression to 
explore cognitive predictors of 
gains (Section 5.1.1.4.3)  

RQ2 Children’s Hedonic experience 
questionnaire (Section 4.3.3.2.2) 

Descriptive statistics about 
questionnaire data (Section 5.1.1.5) 
Descriptive statistics about 
adherence and the usage dosage 
(Section 5.1.1.6.1) 
Pearson correlation analyses 
(Section 5.1.1.6.2) 
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RQ3 Semi-structured interview 
(Section 4.3.3.3) 

Thematic Analysis (Section 5.2.1) 

 

4.2 The Pilot Study 

The main aim of the pilot study was to test the feasibility of the selected design, materials, 

and procedures in the target sample population. It was also important to evaluate the data 

collection methods and make any necessary adjustments before the main data collection 

phase. Based on the feedback from participants and the results of the pilot study, slight 

modifications were made to the materials and to the way the tasks were presented to 

participants. 

 

4.2.1 Design 

The main study employed a repeated-measures intervention design, where participants 

were randomly allocated to either a control group (no intervention) or an experimental 

group (AI- based intervention). Their performance was assessed at baseline and after a 12-

week intervention period. The pilot study tested the randomisation procedure and assessed 

the suitability of selected materials for measuring the target outcomes. It also evaluated 

the feasibility of the intervention, including participants’ engagement with the AI-based 

language learning application. 

 

4.2.2 Participants 

A total of 80 participants (33 males, 47 females, Mage (month) =73.66, SD =9.302) took 

part in the pilot. 40 participants were recruited from the urban area (15 males, 25 females, 

Mage (month) =73.6, SD =9.134), while 40 participants were recruited form the rural area 

(18 males, 22 females, Mage (month) =73.72 , SD =9.584). 

 

During the pilot phase, participants were allocated using a basic randomisation method: 

the first 40 were assigned to the experimental group and the next 40 to the control group. 

In the main study, this was improved by using a ping-pong ball draw method (see Section 

4.4. 1), in which children drew coloured balls to determine their group assignment. This 
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method enhanced the fairness and randomness of group allocation and reduced potential 

bias. 

 

4.2.3 Materials 

The primary outcome measure selected for the study was the early L2 learning assessed 

using the PPVT. The secondary outcome measures were WM and ToM. 

 

The primary outcome measure was children's early second receptive vocabulary 

development, assessed using the Chinese revised version of the PPVT. This version 

contains 120 items, each presented in PowerPoint format with four black-and-white 

images. However, in the main study, the latest fifth edition of the PPVT was adopted, 

featuring updated items and coloured illustrations to enhance children's attention and 

better reflect real-world visual stimuli. 

 

The WM measure remained unchanged between the pilot and the main study, with the 

WM task used as the assessment tool. 

 

To assess ToM, the pilot study used a basic false belief task developed by (Wellman & Liu, 

2004) in order to test one of the young children's ToM skills tasks. In this task, children 

listened to a simple story involving a character whose object was moved without their 

knowledge. The children were then asked to predict where the character would look for 

the object. The task was repeated twice, each comprising one false belief question and 

two control questions. Given the limited variability in responses during the pilot, the main 

study adopted a more comprehensive approach, incorporating the full five-step 

developmental scale by Wellman and Liu (2004), as well as a sarcasm comprehension 

task developed by Filippova and Astington (2008) to capture a broader range of ToM 

skills. 

 

4.2.4 Procedure 

Before data collection, informed consent was obtained from the headteacher, teachers, 

and parents or caregivers of the children. The researcher visited the participating schools 
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and verbally reminded participants of their rights before the data collection began. Each 

child also gave verbal assent before participating in the tasks. 

 

All data were collected in classrooms. Before the experiment, the researcher explained 

each step of the task in detail to ensure that the children understood how to participate. 

Each child was tested individually in a one-on-one session. After the test, the children were 

not informed of their results and were accompanied back to class by their teacher. Each 

test lasted no more than 15 minutes. 

 

There were no significant differences in procedures between the pilot and main studies; 

both were conducted in school classrooms. However, in the main study, a warm-up 

conversation was added before testing to help create a relaxed atmosphere and reduce 

anxiety. 

 

4.2.5 Results 

The data obtained in the study were analysed with descriptive statistics based on the 

normality test results. Shapiro-Wilk Test was used to assess the normality test since 

the study group included 80 subjects. 

 

Table 4-2. Descriptive statistics and Normality tests of Peabody Picture-Vocabulary Test, As 
sociative Working memory test, and Theory of mind test. 

 

 N  Mean SD Median Range Shapiro- 
Wilk 

PPVT 80 22.49 8.38 23 4-43 .900 

WM task  80 6.16 2.49 6 0-11 .814 

ToM Tasks 80 4.89 1.09 5 2-6 <.001 

 

Table 4-2 indicates that the PPVT and WM scores were normally distributed (p > 0.05), 

justifying the use of parametric statistical methods for these variables. In contrast, ToM 
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scores significantly deviated from normality (p < 0.01), suggesting that non-parametric 

approaches maybe more appropriate for analysing this measure. 
 

Based on the analysis of standard deviation and score range, it can be inferred that the 

results of  the PPVT and WM task showed relatively high variability. This reflects a wide 

distribution of  scores among participants, thereby providing sufficient variance for 

meaningful statistical comparisons and inferences. In contrast, ToM scores showed a more 

limited distribution, indicating that most participants achieved similar results on this 

task. This reduced variability maybe attributed to the use of a single ToM tasks as the 

assessment criterion, which likely limited the ability to capture a broader range of ToM 

competencies. 
 

To address this limitation, the main study adopted a more comprehensive assessment 

approach, incorporating the five-step developmental scale proposed by Wellman and 

Liu (2004) and the sarcasm comprehension task developed by Filippova and Astington 

(2008), in order to more accurately evaluate multiple dimensions of children's ToM 

performance. 

 

4.2.6 Discussion 

In summary, the results of the pilot study confirmed the feasibility of the selected 

materials, methods, and procedures for measuring children’s early L2 learning in both 

rural and urban contexts. Specifically, based on the data analysis, the recruitment strategy 

and sample selection methods were found to be effective. Based on children's 

performance during the experimental process, the adopted PPVT was found to be a 

suitable tool for measuring children's English receptive vocabulary proficiency. 

Furthermore, the WM task and ToM tasks assessments were shown to effectively 

evaluate children's cognitive abilities. Although most of the materials and procedures 

were appropriate, several adjustments were made during implementation to improve 

overall effectiveness. Details of these modifications are presented in Table 4-3. 

 

Table 4-3. Details of Improvements in Pilot Study. 
 

 



 

 

84 

 Pilot Study Main Study Enhancement 
Description 

Grouping process 1-40: Experimental 
group 
41-80: Control 
group 

Each child 
participated in 
drawing differently 
coloured balls to 
determine their group 

Aimed to ensure 
randomness and 
fairness of group 
assignment while 
mitigating bias 
influences 

Before the 

experiment begins 

 Added a warm-up 
chat section 

Engaged children in 
casual conversation to 
create a comfortable, 
relaxed atmosphere and 
alleviate potential 
anxiety 

PPVT The Chinese revised 
edition (black and 
white images) 

Latest 5th edition 
(colour images) 

Enhance children's 
attention and better 
reflect real-world 
visual information 

ToM 

test 

The false beliefs 
task (Wellman & 
Liu, 2004). 

Five-step 
developmental scale 
(Wellman & Liu, 
2004) 
Sarcasm (Filippova 
& Astington, 2008) 

Enhance Assessment 
Accuracy: by 
introducing more 
assessment tools and 
tasks, the researcher can 
more accurately assess 
children's cognitive 
performance, leading to 
more comprehensive and 
in- depth research results 

 

4.3 The Main Study 

4.3.1 Participants 

To ensure transparency and reliability in participant selection, a structured recruitment 

procedure was applied. Participants were recruited from Nanyang City, Henan Province, 

China. The following section sets out the recruitment and sampling procedures in detail. 

 

Two primary schools in Nanyang were selected to represent both rural and urban 

contexts. Although the study did not aim to compare rural and urban populations, the 

inclusion of  participants from both contexts was intended to ensure diversity in the 
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sample and to enhance the generalisability of the findings. Children from different 

educational and sociocultural backgrounds were included to provide a more 

comprehensive understanding of the potential applicability of the intervention. 

 

The rural school, located approximately 30 minutes from the city centre, has six classes 

(one per grade). The recruitment targeted students from Grades 1 and 2. The urban school, 

located in the city centre, serves a larger population with six classes per grade and 

approximately 60 students per class. Similarly, recruitment in the urban school focused on 

two randomly selected classes from Grades 1 and 2 to ensure a manageable and comparable 

pool of potential participants. 

 

To ensure that children and their parent-caregivers were well informed about the study, 

the researcher prepared a Child Information Sheet and a Parent Information Sheet (see 

Appendix 1). In the rural school, these sheets were distributed to all Grade 1 and 2 teachers, 

who then passed them on to parents and caregivers. In the urban school, the information 

sheets were randomly distributed to two classes in each of Grades 1 and 2. The 

dissemination process was supervised by teachers to ensure that all families received 

accurate and comprehensive information about the research. 

 

Participation in the study was entirely voluntary. After reviewing the study information, 

parents or caregivers returned signed consent forms to the class teachers, who then 

forwarded the forms to the researcher. All participants were informed that they had the 

right to withdraw from the study at any time without providing a reason. 

 

4.3.2 Sample Selection and Grouping 

In the main study, 85 participants were selected from a total of 182 returned consent forms 

using a systematic recruitment procedure to ensure fairness and representativeness (see 

Figure 4-1). 

 

Figure 4-1. Recruitment process. 
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All consent forms were first reviewed to confirm that participants met the study’s 

inclusion criteria, particularly being between 5 and 7 years of age. From the eligible pool, 

85 participants were randomly selected using a computer-generated random number 

system. Among them, 40 were from rural schools and 45 from urban schools. 

 

An a priori power analysis was conducted using G*Power 3.1 (Faul et al., 2007) to 

determine the necessary sample size for the primary regression analysis. A medium effect 

size (f 2 = 0.15) was anticipated based on Cohen’s (1988) guidelines. With an α error 

probability of .05, a statistical power of .80, and four predictors included in the model, the 

calculation indicated that a total sample size of N = 85 was required. Consequently, 85 

participants were recruited to ensure the study was adequately powered. 

 

To further validate the robustness of this sample size N = 85, a post-hoc sensitivity 

analysis was performed to ascertain the smallest effect size the study could reliably detect. 

With the significance level set at α = .05 and power at .80, the analysis confirmed that the 

change-score regression model (with four predictors) was sensitive to a minimum effect 

size of f 2 = 0.149. This value aligns closely with the standard definition of a medium 

effect size (f 2 = 0.15; Cohen, 1988). Collectively, these analyses demonstrate that the 

study is robustly powered to detect meaningful statistical relationships. 

 

To assign these 85 participants into the experimental and control groups, a ping-pong ball 

draw method was employed. A total of 85 balls were prepared in advance: 43 of one 
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colour (representing the experimental group) and 42 of another colour (representing the 

control group). All balls were placed in an opaque container and thoroughly mixed. Each 

child was invited to draw a ball without knowing its colour. The colour of the ball 

determined the participant’s group assignment. The drawing sequence was not associated 

with any demographic variables such as gender or school type, and children drew in the 

order of their registration. 

 

This approach constitutes a form of constrained random assignment, designed to 

preserve the fairness of randomisation while ensuring balanced group sizes. Although not 

a fully unrestricted random process, it minimises researcher interference and maintains 

equal assignment probability for each participant. Additionally, the method is child-

friendly and ethically transparent, as it allows for active, voluntary participation in group 

allocation. 

 

As a result, 43 children (25 males, 18 females) were assigned to the experimental group, 

and 42 children (20 males, 22 females) to the control group. Demographic details for 

both groups are presented in Table 4-4. 

 

Table 4-4. Detailed data descriptions: Experimental Phase. 

 

Group Male (n) Female (n) Age Range MAge (SD) 

Experimental 25 18 61-94 78.09 (7.32) 

Control 20 22 60-95 80.21 (8.18) 

Note. Age data measured in months. SD in brackets. 
 

 

All allocated participants received the intended intervention and completed both pre- and 

post-intervention assessments. Consequently, data completeness was 100% across all 

outcome measures (PPVT-5, working memory task, and ToM tasks). This zero-attrition 

rate is attributable to the study design, as the intervention sessions were integrated into the 

children’s regular school timetable. This structural arrangement ensured consistent 

attendance and avoided the dropout often associated with voluntary after-school 

programmes. Accordingly, the final analysis was conducted on a complete-case basis with 

all 85 randomised participants. 



 

 

88 

 

To support the qualitative data of the study, parent-caregiver participants were recruited 

from both rural and urban primary schools. Eleven parents and caregivers’ volunteers 

submitted their contact details through a questionnaire. Due to time constraints and 

analytical considerations, eight individuals were selected using a computer-generated 

random number system to reduce selection bias. Efforts were made to ensure diverse 

representation from both school contexts. 
 

The selected parents and caregivers were contacted to confirm their participation and to 

schedule interview times. The remaining three were thanked for their interest and placed 

on a waiting list in case any selected participants withdrew. In the end, all eight 

interviews were successfully completed. The final group included one grandfather, two 

rural mothers, two urban fathers, and three urban mothers. 
 

This recruitment process aimed to enhance the diversity and contextual depth of the 

qualitative data while ensuring ethical research standards through transparent 

communication and informed consent. The inclusion of participants from different school 

settings enabled the study to reflect a broader range of parent-caregivers’ perspectives 

on children’s L2 learning experiences. 
 

4.3.3 Data Collection Instruments 

This research employed six research instruments to conduct an in-depth investigation 

of the research questions. Four instruments were used to assess the learners, including the 

PPVT, WM task, ToM tasks, and a child-friendly questionnaire designed to assess their 

hedonic experience with the AI-based language learning app. The PPVT, WM task, and 

ToM tasks were conducted before and after the intervention to allow for comparison 

between baseline and post-test performance. This methodological approach enabled the 

evaluation of the effectiveness of the learning and intervention strategies applied to the 

participants over a set period. In addition, parents and caregivers completed two 

instruments: a demographic questionnaire and semi-structured interviews. In the 

following section, each instrument is described in detail to ensure transparency and 

replicability. 
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4.3.3.1 Instruments for the Quasi-Experimental Study Data Collection 

4.3.3.1.1 Description of Intervention and Control Applications 

In this study, Zebra AI (https://banmaapp.com) was selected as the digital tool for a 

vocabulary intervention experiment in the context of Chinese children's English learning. 

Developed by the educational technology unicorn Yuanfudao, Zebra AI is currently one 

of the largest online learning platforms for children in China, with over 20 million users. 

Zebra AI, launched with investment from Tencent in 2017, has become a leading online 

English education brand in China. 

 

Zebra AI is specifically designed for children aged 3 to 8. Its curriculum covers three core 

areas: language literacy (English and Chinese), STEM, and art. This study focuses 

specifically on its English language learning module. The platform integrates multiple AI 

technologies and design features customised for children's cognitive development, aiming 

to enhance language learning outcomes and user experience. Specifically, when learning 

new words, Zebra AI facilitates multimodal interactions by integrating images, animations, 

and touch-based responses. Its human-like virtual characters (e.g., "Zebra Teacher"; see 

Figure 4-2) support engaging and immersive interaction through voice, facial expressions, 

and actions, creating an emotionally supportive environment that facilitates language 

acquisition in a social context. 

 

Figure 4-2. Screenshot of Zebra Teacher. 
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At the core of the system is the ASR function, calibrated specifically for young children’s 

speech. It evaluates the learner’s oral production by comparing the acoustic features of 

their utterances with native-speaker models, providing immediate and developmentally 

appropriate feedback. Accurate pronunciation results in positive reinforcement, such as 

the animated ‘Three Stars’ reward (see Figure 4-3), whereas significant phonological 

deviations trigger corrective scaffolding, such as ‘Try Again’ message. Progression 

through the learning pathway is similarly governed by mastery: the system controls pacing 

by requiring repetitions if the learner fails to meet the predefined acoustic threshold.  

 

Figure 4-3. Screenshot of Three Starts. 
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Furthermore, within the Quiz module, Zebra AI incorporates an adaptive remediation 

mechanism known as the 'AI-Customised Review' (see Figure 4-4). Unlike static feedback 

systems, this feature leverages algorithms to analyse learner performance in real-time, 

identifying specific knowledge gaps based on error patterns during the assessment. 

Consequently, the system dynamically generates a personalised review sequence that 

targets the user's individual weaknesses. This approach facilitates precision learning by 

shifting the focus from generalised repetition to targeted reinforcement, thereby 

optimising the efficiency of the revision process. 

 

Figure 4-4. Screenshot of AI-Customised Review. 
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Regarding to the conversational interface, it is important to note that although the broader 

Zebra AI includes generative NLP chatbots at higher proficiency levels (e.g., Level S4; 

see Figure 4-5), the children in this study were beginner learners aged 5–7 who had not 

yet reached this stage. Consequently, these generative features were not used.  

 

Figure 4-5. Photo of Zebra AI Chatbot. 
 

 
 

In addition, in the weekly Friday video lessons, Zebra AI employs a hybrid multimodal 

interface, which integrates a real-human instructor within a dynamic virtual narrative 

environment. This is complemented by the simultaneous presentation of animated 

imagery and target vocabulary (Figure 4-6). Such a design adheres to the Coherence 

Principle and the Signaling Principle of multimedia learning. Through the embodied 

guidance provided by the human instructor, the system effectively reduces the cognitive 

load on young learners when processing complex visual information, whilst significantly 

enhancing the sense of immersion.  

 

Figure 4-6. Screenshot of multimodal interface. 
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Finally, the system includes a background learning-analytics engine that collects 

performance data, such as phonetic accuracy, task completion times, and vocal output 

frequency (speaking counts). These data are automatically compiled into daily summary 

reports accessible to parents, providing a visual overview of each child’s lexical mastery 

and overall learning trajectory (see Figure 4-7). 
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Figure 4-7. Screenshot of Learning-analytics. 
 

 
 

The English course was divided into six progressive learning stages from S1 to S6, each 

lasting 48 weeks. Given that the participating children were aged 5 to 7  and most of 

them with no previous knowledge of English, the research selected a 12-week course 

comprising three units from the S2 stage as the instructional material. Each weekly 

module consisted of five daily classes from Monday to Friday. New content was 

introduced from Monday to Wednesday, followed by review sessions on Thursday to 

help consolidate the learners’ understanding. On Friday, learners were invited to 

participate in a hybrid multimodal video lesson. Each class lasted approximately 15 minutes 
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and could be accessed at any time via mobile devices. Each class consisted of seven parts: 

a) video, b) word, c) story, d) speaking, e) quiz, and f) report g) zebra call (see Figure 4-

8). 

 

Figure 4-8. Structure of a single Zebra AI English lesson. 
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a) Video: This part introduces the topic of the lesson through an animated teaching video, 

usually hosted by a virtual teacher character (such as “Zebra Teacher”). The content 

includes core vocabulary, basic sentence patterns, and contextual situations, aiming to 

stimulate children’s interest and attention. 
 

b) Word: Key vocabulary is presented through a combination of text and images, 

supplemented by standard pronunciation and contextual examples, to reinforce 

understanding through dual- channel (visual and auditory) input. 

 

c) Story: This part strengthens language input through short and engaging stories while 

guiding children to follow and read aloud sentence by sentence. The story content is 

consistent with the lesson’s core vocabulary and grammar structures, as well as 

incorporates daily life contexts and basic social interactions to support contextual 

understanding. 
 

d) Speaking: This part guides children to practice pronunciation of target language 

items introduced in the video. The system adopts ASR technology to provide real-time 

feedback on pronunciation accuracy, thereby enhancing children’s speaking skills. 
 

e) Quiz: This part provides immediate assessment through mini-games, multiple-

choice, or matching tasks to evaluate children’s mastery of key vocabulary and listening 

and speaking skills. The system gives instant feedback after each response and rewards 

‘little stars’ as positive reinforcement to promote motivation and sustained engagement. 
 

f) Report: At the end of each class, the system generates a personalised learning report, 

including task completion, accuracy rate, pronunciation score, and system 

recommendations, enabling parent-caregivers or teachers to track progress and make 

timely instructional adjustments. 
 

g) Zebra Call: This feature mimics the visual and auditory cues of an incoming video 

call (e.g., the ringing tone and answer button). Upon 'accepting' the call, the learner enters 

a pseudo-synchronous interaction with a pre-recorded native English speaker. While the 
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content is pre-scripted, the first-person camera angle and direct address are designed to 

create an authentic communicative scenario. 

 

It is important to note that the Zebra AI used in this research was a commercial 

language learning product that required an annual subscription. A subscription was 

normally required to gain full access to its content. During the intervention phase of the 

study, the three learning units assigned to children in the experimental group were 

selected from the free trial content offered by the application at that time. These units 

covered core functions such as vocabulary learning, pronunciation practice, and speech 

recognition feedback. Although the application was a paid system, this study did not 

involve any paid features or financial transactions. All participants were able to 

complete the intervention tasks without financial burden, thereby ensuring consistency 

in experimental conditions and comparability of the data. 

 

In contrast, children in the control group played Candy Crush Saga, a widely used non-

educational mobile game. This application was selected as a time- and engagement-

matched control activity to avoid any exposure to language-related content. Children in 

the control group used the application on the same schedule as the experimental group, 

for 10 to 15 minutes per session, three to five times a week. This arrangement ensured 

that both groups had comparable digital usage time, while isolating the educational effect 

to the specific content of the intervention tool. 
 

However, it should be noted that this control-group design primarily accounted for screen 

time and exposure to non-educational content, but it was unable to effectively isolate the 

specific technological mechanisms within the Zebra AI (e.g., AI-driven immediate 

feedback) from the application's core educational content. Consequently, the present 

design is better suited to examining the overall content effect of the Zebra AI learning 

system, rather than the independent contribution of its individual technological features. 
 

4.3.3.1.2 Peabody Picture Vocabulary Test 

Vocabulary plays a crucial role in language learning (Alqahtani, 2015). As a foundation 

for reading and comprehension, vocabulary acquisition is essential for expanding 
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language knowledge and developing communicative skills. It is also strongly associated 

with learners’ overall language proficiency (August & Shanahan, 2006; Baker, 2014). 

As discussed in the previous sections, receptive vocabulary plays a particularly important 

role in the early stages of SLA, especially among young children (Poarch & Van Hell, 

2012). Compared to productive vocabulary, receptive vocabulary typically emerges 

earlier in language development. It reflects children’s ability to understand, recognise, 

and semantically process language input before they are able to produce language 

themselves (Florit et al., 2009). Therefore, it serves not only as a key indicator of language 

comprehension but is also commonly regarded as an important predictor of children's 

future language development potential (Bialystok et al., 2010; Dongsun Yim et al., 2016). 

 

Based on the above, receptive vocabulary tests have been widely used in studies involving 

young bilingual children and L2 learners, serving as an important tool for evaluating their 

language development. These assessments are employed not only to measure children's 

vocabulary comprehension in a specific language, but also to indirectly assess their 

overall language proficiency and the development of their language processing abilities 

(Bialystok et al., 2010; D. Yim et al., 2016). 

 

Among the various instruments designed to assess children’s receptive vocabulary, the 

PPVT is one of the most widely recognised and employed tools in both research and 

practice. Initially developed by Dunn (1959), the PPVT has been revised multiple times 

and is currently in its fifth edition (Dunn, 2019). It has been extensively applied in studies 

on monolingual language development, bilingualism, and SLA (Cohen et al., 2020). The 

test evaluates children’s comprehension of spoken vocabulary by asking them to select 

the corresponding image from a set of options, making it developmentally appropriate 

and accessible for young learners. 

 

The PPVT format offers several advantages for assessing young children. It does not 

require advanced literacy skills or verbal responses; children simply point to the picture 

that best represents the word they hear. This simplified format reduces the linguistic load 

and minimises test-related anxiety or fear of failure (Yim et al., 2016). Moreover, the use 

of pictures in test items enhances visual engagement and is especially effective for 

maintaining children’s attention and motivation throughout the assessment (Dahl & 

Vulchanova, 2014). In the main phase of this study, the fifth edition of the PPVT was 
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used, which features updated vocabulary items and full-colour illustrations. These 

improvements make the test more appealing and better aligned with children’s real-world 

experiences, thereby enhancing the validity of the assessment. 

 

Given that the target participants in this study were Chinese children aged 5 to 7, who are 

at an age group in which expressive language skills are still developing, the PPVT was 

selected as a suitable tool due toits standardisation, ease of administration, and 

developmental appropriateness. In addition, the test’s widespread use in international 

research provides a strong methodological foundation for ensuring comparability and 

reliability across different studies. Therefore, the PPVT served as the primary measure 

for assessing receptive vocabulary in both the pre-test and post-test stages of this 

intervention. 

 

However, it is important to acknowledge a potential limitation of the PPVT: its test 

items are rooted in Western cultural contexts (e.g., the United States and the United 

Kingdom) and may contain culturally specific content. For children from different cultural 

backgrounds, particularly Chinese children. This could lead to misunderstandings or 

unfamiliarity with certain items. For example, the word salad is common in Western 

food culture but may be unfamiliar to many Chinese children, potentially affecting their 

ability to respond accurately (Pasquarella et al., 2011). 

 

To reduce the influence of cultural differences on test validity, the researcher provided 

brief explanations in Mandarin when children showed confusion about specific items. 

These clarifications were limited to objective descriptions of the visual or situational 

context, and great care was taken to avoid giving any clues that might influence the child’s 

choice. This approach aimed to achieve a balance between maintaining the standardisation 

of the test and ensuring that participants could meaningfully engage with the assessment 

content. 

 

The experimental instrument used in this study was the PPVT-5 (Dunn, 2019), a 

standardised tool designed to assess individuals’ receptive vocabulary in English, suitable 

for participants aged 2 years and 6 months to over 90 years. The PPVT-5 demonstrates 

strong psychometric properties and has been widely applied in both monolingual and 

bilingual language research. The test has shown high levels of reliability and validity 
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across diverse linguistic and cultural contexts. According to the official manual, the 

PPVT-5 has an internal consistency reliability (Cronbach’s α) of 0.97, indicating a high 

degree of coherence among test items. Its test–retest reliability coefficients typically 

exceed 0.90, reflecting strong score stability over time (Dunn, 2019). In addition, prior 

research has reported significant positive correlations between the PPVT-5 and other 

standardised assessments of language ability, such as the CELF (Clinical Evaluation of 

Language Fundamentals) and the Verbal Comprehension Index of the WISC (Wechsler 

Intelligence Scale for Children), supporting both its construct and criterion-related 

validity (Dunn, 2019). 

 

Furthermore, the applicability of the PPVT-5 to Chinese-English bilingual children has 

been confirmed in a recent validation study. Ji et al. (2022) employed a cross-classified 

mixed effects model to analyse data from a sample of Mandarin- and Cantonese-speaking 

children. The results indicated extremely high reliability (0.99) for the test in this 

population. The study also provided multiple sources of validity evidence, including 

demographic fairness (e.g., no significant gender or language-group bias), lexical 

appropriateness, and alignment between item structure and developmental language 

acquisition patterns. These findings further support the scientific robustness and cultural 

applicability of the PPVT-5 as a measure of receptive vocabulary in children with a 

Chinese linguistic background. 

 

The full test consists of 240-word items (i.e., auditory stimuli), each provided with a set 

of four coloured illustrations. The child is asked to select the picture that best corresponds 

to the word spoken by the researcher. The test items span multiple lexical categories 

including nouns (e.g., animals, objects), verbs (e.g., actions), and adjectives (e.g., 

emotions or descriptive terms). These items are presented in order of increasing difficulty 

and organised into 13 item sets consistent with developmental age bands, allowing for a 

systematic assessment across a wide ability range. 

 

The administration of the test followed standardised procedures based on the participants’ 

ages, as recommended by the PPVT-5 manual: children aged 5 began at item 26, those 

aged 6 at item 53, and those aged 7 at item 66. This approach ensured that the starting 

difficulty level was appropriate and reduced the likelihood of presenting overly easy or 

difficult items. If a child answered three consecutive items correctly at the starting point, 
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testing continued forward until reaching the ceiling criterion, defined as six or more 

consecutive incorrect responses. Items below the established basal level (i.e., the point at 

which three correct responses occurred consecutively) were automatically scored as 

correct. Consequently, not all 240 items were administered to each child; only a tailored 

subset was presented, corresponding to the individual's comprehension level. 

 

According to the PPVT-5 administration manual, raw scores are calculated using a binary 

scoring system. All items below the basal level are assumed to be correct and awarded 

full marks, while the number of correctly answered items between the basal and ceiling 

sets is added to this total. Each administered item above the basal level is scored as 1 

(correct) or 0 (incorrect), and the raw score is derived accordingly.  

 

In terms of data analysis strategy, this study prioritised raw scores over standardised 

scores adjusted for age norms. The primary rationale for this decision lies in the sensitivity 

of the metric: while standardised scores are predominantly designed to assess an 

individual’s relative position within a peer cohort, raw scores provide a more direct 

quantification of the absolute magnitude of growth in children’s vocabulary. Particularly 

within the context of the short-term intervention and within-subject design employed in 

this study, raw scores effectively circumvent the risk of age-based corrections masking 

actual, subtle linguistic gains. This methodological approach is consistent with the 

findings of (Sullivan et al., 2014). To rigorously validate this methodological choice and 

rule out potential confounding effects of developmental maturation, a robustness check 

controlling for age and baseline proficiency was conducted (for detailed results, see 

Section 5.1.1.2). 

 

An illustration of a typical PPVT-5 test item is shown in Figure 4-9. Each page includes 

four images, and the child selects the one that matches the spoken word. 
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Figure 4-9 . PPVT-5 word example stimuli - A single image contains four objects. 

 

 

 

4.3.3.1.3 Working Memory Task 

WM supports children in forming and retaining connections between distinct 

informational units, and is therefore considered a core element of cognitive ability 

underlying language aptitude (Ellis, 1996). Within language acquisition, the associative 

aspect of WM plays a critical role as it facilitates the binding of arbitrary phonological 

forms to their visual referents. In the context of L2 learning, the relationship between 

associative capabilities and vocabulary acquisition is fundamental. Prior research 

indicates that learners with superior associative learning abilities tend to possess larger 

vocabularies and enhanced language proficiency (Baddeley, 1998). This is particularly 

relevant during the early stages of SLA, where the ability to synchronously process and 

bind unfamiliar phonological forms to meanings supports successful word learning 

(Gathercole, 2006; Nakata, 2011). 

 

To examine whether the AI-based language learning application influences children’s 

cognitive development, this study assessed WM. Given the young age of the participants 

(5–7 years) and their varied English proficiency, a non-verbal WM binding task adapted 
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from Willoughby et al. (2012) was used to specifically target this narrower associative 

capacity. Unlike simple digit span tasks, which mainly assess sequential storage, this task 

requires children to bind visual items (animals) to specific contexts (coloured houses). 

This associative form of WM binding is conceptually distinct and highly relevant to 

vocabulary learning, as word acquisition depends on forming arbitrary links between 

phonological forms and their referents (Cowan et al., 2005; Gathercole et al., 1997). In 

addition, the task reduces reliance on literacy and advanced language skills, making it 

suitable for measuring core associative memory processes in young L2 learners (Alloway 

et al., 2004). 

 

This task has been widely used and validated in previous research with preschool and 

early primary school children (Torrington Eaton & Ratner, 2016; Willoughby et al., 2012). 

Studies have reported high internal consistency and strong correlations with other 

executive function and academic outcome measures, providing evidence of both its 

reliability and construct validity. Moreover, its engaging and visually appealing format 

helps to maintain children's attention and motivation during testing. 

 

In this study, the task was administered using PowerPoint slides adapted from the original 

version developed by Willoughby et al. (2012). Prior to the test, the researcher introduced 

the children to six animal figures and six roof colours and asked them to name each item 

to ensure familiarity with the materials, thereby ensuring that the subsequent recall 

depended on the association rather than the recognition of individual items. During the 

testing phase, children were shown images of six houses, each with a different coloured 

roof and a different animal ‘living ’ inside (see Figure 4-10). They were given one minute 

to establish and memorise each animal–colour pair. The detailed testing procedure is 

described in the following section. 
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Figure 4-10. Example of the WM task – the pairings of all animals and their different coloured 
houses. 

 

 

 

4.3.3.1.4 Theory of Mind task 

ToM is a core construct in children's social cognitive development and has been widely 

recognised as a foundational element for successful social interaction (Peterson et al., 

2005). ToM is defined as the capacity to attribute mental states, such as beliefs, desires, 

intentions, and emotions, to oneself and others, and to use this understanding to interpret 

and predict behaviour (Milligan et al., 2007). Extensive research has established a 

close and complex relationship between ToM and language development, though this 

relationship is neither linear nor unidirectional (de Villiers, 2007; De Villiers & de Villiers, 

2014). On the one hand, language provides the representational tools necessary for 

expressing and reasoning about mental states; on the other hand, effective language use 

presupposes a certain level of ToM ability (Siegal, 1999). Morgan and Kegl (2006) 

further argue that language development is not merely correlated with but may scaffold 

the cognitive architecture for mental state reasoning. While meta-analyses such as 

Milligan et al. (2007) report moderate to strong correlations between language and ToM, 

the mechanisms underlying this association remain contested, especially across different 

cultural contexts. 

 

Building on these empirical insights, AI-based language learning applications which often 

simulate interactive dialogue and context-rich communication, create new possibilities to 
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examine whether technologically mediated language input can influence children's social 

cognitive development. However, empirical support for the effectiveness of AI-based 

learning tools in enhancing ToM remains limited. This research aims to address this 

gap by assessing children's ToM abilities before and after exposure to AI-supported 

language learning experiences. 

 

To examine this, the research adopted the five-step developmental scale originally 

proposed by Wellman and Liu (2004), using the Chinese version adapted by Wellman et 

al. (2006). This scale reflects a theoretically grounded developmental progression of ToM, 

beginning with the understanding of desires and moving through belief, knowledge access, 

hidden emotions, and first-order false beliefs. The tool demonstrates strong psychometric 

reliability. Wellman et al. (2011) included a longitudinal sample of 31 preschool children 

from Beijing, assessed between ages three and five. To ensure linguistic and cultural 

appropriateness, the researchers localised task materials (e.g., replacing the Band-Aid box 

used in U.S. tasks with a familiar potato chip tube) and adapted task wording to match 

Mandarin language structure. Results showed that Chinese children generally followed 

the same developmental sequence, with minor variations (e.g., earlier acquisition of 

knowledge access), confirming the scale’s cross-cultural validity. These findings provide 

a strong empirical foundation for using the Chinese version of the ToM scale in the present 

research. 

 

To enhance the sensitivity of the measure for older children within the target age range of 

5 to 7 years, the study incorporated an additional sixth task: a brief ironic vignette 

developed by Filippova and Astington (2008), in which a picnic is disrupted by unexpected 

rain. This story-based task introduces cognitive and emotional conflict, allowing for the 

assessment of more advanced ToM skills such as irony comprehension and affective 

perspective-taking. 

 

In this study, ToM is operationally defined as the child’s ability to identify and reason 

about mental states through task performance. To ensure scoring precision, coding criteria 

were differentiated based on task complexity. Specifically, the first five standard tasks 

employed a binary scoring system (0 = incorrect, 1 = correct), yielding a maximum sub-

score of 5, whilst the sixth task (irony comprehension) used a three-point scale (0 = 

incorrect/irrelevant, 1 = partially correct, 2 = fully correct) to capture nuances in 
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understanding, yielding a maximum sub-score of 2. Consequently, the total score for the 

ToM measure ranged from 0 to 7. All responses were recorded verbatim and coded by the 

researcher according to established rubrics (see Appendix 2). Regarding the statistical 

treatment, the aggregate total score was treated as an approximately interval measure in 

the subsequent analyses. This decision was supported by an inspection of the pre-test score 

distribution (N = 85), which demonstrated normality across both the experimental 

(Skewness = 0.24, Kurtosis = -0.72) and control groups (Skewness = -0.15, Kurtosis = -

0.18), thereby meeting the assumptions for parametric analyses. 

 

To further validate the sixth task, a small pilot test (N = 12) was conducted prior to 

the main study, confirming its comprehensibility and age-appropriateness. While the 

irony task has not yet been widely validated in other cultural contexts, it was treated as an 

exploratory, non-core component in the present study, with appropriate analytical controls 

applied. 

 

Taken together, this ToM assessment framework offers strong theoretical grounding, 

developmental sensitivity, and methodological rigor. It serves as a reliable tool for 

detecting nuanced changes in children’s mental state reasoning potentially influenced 

by AI-mediated language learning. 

 

The details of the five-step measurement and the sixth step of sarcasm are as follows: 

(1) Different Desires (different individuals may have different desires for the same 

things), (2) Different Beliefs (recognising that people may hold different, and possibly 

true, beliefs about the same things), (3) Knowledge Acquisition (understanding that 

certain information remains unknowable unless observed first hand), (4) Contents false-

belief (people may have formed misbeliefs as a result of misinformation) (5) Hidden 

Emotions (people may hide their true feelings and expressing emotions externally 

inconsistent with internal feelings) (6) Sarcasm (people may experience emotions that 

are inconsistent with the emotions expressed in their words). 

 

Each task followed a standardised structure and included: 

 

1.At least one ToM tasks question to evaluate the child’s level of social-cognitive reasoning. 
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2.A comprehension control question to check understanding of the literal meaning of the 

story. 
 

3.In some tasks, an additional emotional control question to assess the child’s ability to 

infer characters’ emotional states. 
 

For example, Task 6—a brief ironic vignette developed by Filippova and Astington (2008), 

and involved an illustrated short story (see Figure 4-11: Picnic in the Rain). 

 

Figure 4-11. Picnic in the Rain. 

 

 

 

 

The story describes how a little bear, and a little fox are caught in a sudden downpour 

during a picnic. The researcher read the story aloud in a neutral tone: 

 

“ The little bear and the little fox are going on a picnic. It’s the little bear’s idea. He says 

it will be a lovely sunny day. But when they take out the food, dark storm clouds appear. It 

starts raining, and all the food gets wet. The little fox says, ‘Today is really a good day for 

a picnic. ’” 
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After hearing the story, children were asked the following questions: 

 

1.Literal comprehension question: “Do you think what the little fox said is true?‘ 
 

2.ToM tasks question: “Why did the little fox say, ‘Today is really a good day for a picnic’?” 
 

3.Emotion control question: “Was the little fox happy about the rain?” 
 

Children’s responses were recorded verbatim by the researcher on a scoring sheet and were 

later coded according to pre-defined criteria. Each answer was scored on a three-point 

scale: 0 = incorrect or irrelevant, 1 = partially correct, and 2 = fully correct. All responses 

were scored by the researcher based on clearly established rubrics, which included 

detailed descriptors and representative answer examples for each task type. All scoring 

procedures were conducted strictly following standardised criteria to ensure consistency 

and comparability across participants. Detailed descriptions of each task and the related 

scoring guidelines are provided in Appendix 2. 
 

4.3.3.2 Instruments for the Questionnaire Data Collection 

Questionnaires are widely used in research due to their convenience and cost-

effectiveness, particularly because they enable quicker and more straightforward data 

collection and analysis compared to verbal methods (Marton-Williams, 1986). 

Furthermore, questionnaires can be distributed to large numbers of participants, either in 

paper format or online, at relatively low cost. 

 

There are two main types of questionnaires: closed-ended and open-ended (Taherdoost, 

2019). Closed-ended questions ask respondents to choose from pre-determined options 

provided by the researcher, such as single-choice, multiple-choice, or Likert-type scales 

indicating intensity (Reja et al., 2003). This format makes the questions easier and faster 

to complete, reduces the writing burden on participants, and facilitates efficient data 

aggregation and analysis (Willams, 2007). However, a limitation of closed-ended 

questions is that they do not allow participants to express their views freely or explore 

issues in depth and detail (Reja et al., 2003). 
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Open-ended questions address this limitation by allowing respondents to articulate their 

thoughts in their own words, offering opportunities for more nuanced and potentially 

insightful responses (Sun et al., 2018). However, such responses tend to be longer and 

more varied, which may complicate the analysis process for researchers (Taherdoost, 

2019). 

 

In this research, two questionnaires were developed incorporating both closed-ended and 

open- ended items. The Demographic Questionnaire was used to collect basic background 

information about the participants, while the Hedonic Experience Questionnaire was 

designed to assess children’s perceptions of different features of the AI-based language 

learning app. These questionnaires are described in greater detail in the following sections. 

 

4.3.3.2.1 Demographic questionnaire 

The demographic questionnaire was designed to collect background information about 

the participating children and their primary parent-caregivers, serving as an important 

component of  the research’s sample characterisation. Among the collected variables, 

children’s age, a key developmental factor and was included in the main statistical 

analysis. Other variables such as gender, home language environment, family income, and 

parent-caregivers ’occupation were not directly analysed but were used to describe the 

composition of the participant sample. Although these variables were not part of the 

formal modelling process, they provide valuable context for understanding the socio-

cultural diversity of the sample and offer a foundation for future research. 
 

In the context of child development and SLA, individual and family background 

characteristics can influence language input, access to learning resources, and levels of 

parent-caregivers’ involvement. Therefore, even if these factors are not included in 

the inferential analysis, they should still be systematically documented to ensure the 

comprehensiveness and rigour of the study. 

 

To ensure data confidentiality while enabling linkage between questionnaire data and 

experimental outcomes, each participant was asked to enter a unique identifier (e.g., a 
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combination of initials and birthdate digits). This approach allowed for secure data 

matching while maintaining participant anonymity. 

 

The questionnaire included 11 items (see Appendix 3) covering aspects such as the child’s 

gender, age, home language use, family income level, parental occupation, any special 

developmental circumstances, and parental concerns regarding the child’s growth. The 

questionnaire was distributed in paper form and completed by the children’s parents or 

primary caregivers. 

 

4.3.3.2.2 Children's hedonic experience questionnaire 

To investigate children's user experience and acceptance of the Zebra AI language 

learning application, this study developed a child-friendly questionnaire based on the 

TAM and the UX model. The questionnaire was designed to assess four core dimensions: 

PEoU, PU, hedonic experience, and behavioural intention. Given the cognitive 

characteristics of young children (ages 5–7), the questions were constructed using 

simplified language and evaluated through visual analogue formats to enhance 

comprehensibility and engagement. 

 

This study adopts Hassenzahl’s (2003) UX model as its core theoretical framework. This 

model conceptualises user experience as comprising two key dimensions: PQ and HQ. 

 

PQ refers to the product's capacity to support users in achieving 'Do-Goals' (i.e., task-

oriented objectives), which relates to its fundamental functionality and usability. Within 

the language learning context of this study, PQ is operationalised through core constructs 

from the TAM. These include: PEoU, reflecting the simplicity of operation; and PU 

alongside Comprehensibility, which serve to measure the application's effectiveness in 

supporting learning tasks (e.g., Immediate Corrective Feedback and content 

understanding). 

 

Conversely, HQ concerns the product's capacity to fulfil user 'Be-Goals' (i.e., self-oriented 

needs), emphasising non-instrumental emotional rewards, such as enjoyment, aesthetic 

appeal, and motivational experiences. 
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Furthermore, this study employs Behavioural Intention as an outcome variable to assess 

the influence of both pragmatic and hedonic qualities on the user's propensity for sustained 

use. Grounded in this framework, a total of seven questionnaire items were designed to 

measure PQ, HQ, and Behavioural Intention, respectively. The specific items, their 

corresponding application features, and their theoretical mapping are detailed in the Table 

4-5 below. 

 

Table 4-5. Theoretical Dimensions, Measured Constructs, Questionnaire Items, and 
Corresponding App Features. 

 

Theoretical 
Dimension 

Measured 
Construct 

Questionnaire Item(s) (Q#)  Corresponding 
App Feature 

PQ PEoU Q1a: “Do you think the Zebra 
AI is easy or difficult to use?” 

Overall app 
operation 

Content clarity Q5b: “Do you think the images 
and videos are easy or difficult 
to understand?” 

Visual learning 
materials 

PU Q6: “Do you think the ASR-
based feedback is useful or 
useless?” 

ASR-based 
feedback 

HQ Stimulation Q1b/c: “Do you think the Zebra 
AI is fun or boring/exciting or 
dull?” 

Overall app 

Stimulation Q4: “Do you think the games on 
Zebra AI are interesting or 
boring?” 

Gamification 
features 

Visual Appeal Q5a: “Do you think the images 
and videos are look great or look 
terrible” 

Visual learning 
materials 

Outcome 
variables 

Intention to 
continue use 

Q2: “Would you like to use it 
for a longer time or a shorter 
time?” 

N/A 

Behavioural 
intention 

Q3: “Would you like to use it 
again?” 

N/A 

 

 

In terms of measurement format, the questionnaire adopted the Smiley-o-meter, a visual 

analogue scale derived from the Fun Toolkit (Van Dijk et al., 2012). This child-friendly 
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tool is an adaptation of the traditional Likert scale and has been widely used in child–

computer interaction research due to its strong developmental appropriateness and ability 

to visually capture emotional responses. For young children, especially during early 

cognitive development, graphical rating tools, such as facial expressions are generally 

easier to understand and interact with than purely textual or numerical scales (Barendregt 

et al., 2006). 

 

In this study, the Smiley-o-meter employed a five-point scale, ranging from 1 (a 

disappointed face) to 5 (a very happy face), allowing children to express their subjective 

experiences with different app features in a simple and engaging way. 

 

To ensure cross-cultural and content validity, a rigorous, multi-stage development process 

was followed. Initially, the original English items underwent a forward-translation process 

by the researcher, followed by a review by a second bilingual colleague to ensure semantic 

equivalence. 

 

To further establish face validity and content clarity, the draft questionnaire was reviewed by 

two supervisors. Based on their feedback, revisions were made to simplify wording and 

enhance age-appropriateness. Subsequently, a pilot study was conducted with five children 

(aged 5–7) prior to the main data collection. This pilot confirmed that the pictorial smiley-

face indicators were clearly understood as representing ordinal degrees of enjoyment, and 

that the children could comprehend and respond to the items appropriately. 

 

Following data collection. The reliability of the questionnaire was evaluated using 

Cronbach’s alpha. The scale demonstrated adequate internal consistency for this age group 

(α = .66). Although item analysis indicated that excluding question 6 (“Do you think the 

ASR-based feedback is useful or useless?”) would increase the α to .73. However, this item 

was retained to ensure content validity. Given the AI-based nature of the intervention, the 

PU regarding the ASR-based feedback feature is a critical component of the children's overall 

user experience (Davis, 1989). Furthermore, in the context of exploratory research involving 

young children (aged 5–7), a reliability coefficient between .60 and .70 is widely considered 

acceptable (Hair et al., 2019).  
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Finally, regarding construct validity, although a full-scale factor analysis was not 

conducted due to the sample size constraints, the combination of a strong theoretical 

foundation, expert consultation, and successful pilot testing provides robust initial 

evidence for the questionnaire’s validity. 

 

The questionnaire was administered in paper format within a classroom setting. Children 

completed the questionnaire using pencils. To ensure full comprehension, the researcher 

read each item aloud and provided explanations as necessary. Children were 

encouraged to ask questions if they encountered any difficulties during the process. The 

entire activity typically took 5 to 10 minutes per participant. The English version of the 

questionnaire is presented in Table 4-6. It is worth noting that the version shown to 

children when completing the questionnaire was the Chinese translation. 

 

Table 4-6. Example of questions in the Hedonic experience questionnaire. 

 
1. Do you think the Zebra AI is 
 

easy to use 

 

difficult to use 

fun 

 

boring 

exciting 

 

dull 

2. Would you like to use the app 
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for a longer 
time 

 

for a shorter time 

3. Would you like to use it again? 
 

Yes / A lot 

 

No / Not at all 

4. Do you think the games on Zebra AI are 
 

interesting 

 

boring 

5. Do you think the images and videos are 
 

look great 

 

look terrible 

easy to 
understand 

 

difficult to 
understand 

6. Do you think the ASR-based feedback is 
 

useful 

 

useless 
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7. What do you like the most about the Zebra AI? 
 
[Open-response option] 

 

4.3.3.3 Instruments for the Interview Data Collection 

Interviews provide a deeper understanding of participants’ experiences and perceptions, 

thereby enabling researchers to obtain in-depth and detailed qualitative data (Rubin & 

Rubin, 2011). Therefore, interviews are considered an influential method for collecting 

qualitative data and are widely used in qualitative research (Gillham, 2001; Walliman, 

2021). Powney and Watts (1984) defined an interview as a discussion between the 

researcher and a small number of participants on a topic of interest. By recording and 

analysing this interaction, researchers are able to explore participants’ views and opinions 

on specific issues. There are three main types of interviews: structured, unstructured, and 

semi-structured (Kallio et al., 2016). 

 

Semi-structured interviews were adopted in this study. The format allows researchers to 

generate follow-up questions based on participants' responses, thereby facilitating in-

depth discussions. As a result, participants have greater opportunities to express their 

perspectives in a more detailed and meaningful way (Cachia & Millward, 2011). Given 

the significant influence of parent-caregivers on children's L2 development, this research 

considered not only the child’s perspective but also the parent-caregivers’ perspective 

regarding their child’s use of AI-based applications during the intervention. The aim was 

to gain insight into how parent- caregivers perceived their child’s learning experience, as 

well as the perceived advantages and disadvantages of using such apps for L2 learning. 

 

Semi-structured interviews were used to obtain rich and detailed responses from parent- 

caregivers. However, this method also presented certain limitations. For example, some 

interviewees spent time discussing issues unrelated to the core themes of the study, and in 

a few cases, the researcher encountered difficulties in maintaining focus during the 

conversation. These challenges may have contributed to the collection of less relevant or 

inconsistent data (Schmidt, 2004). To avoid this, the interview questions were designed 

in accordance with the themes of the study, which also served as the framework for 

conducting the semi-structured interviews. 
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Following the quasi-experiment, eight parents or caregivers from the experimental group 

were invited to participate in semi-structured interviews to examine in depth their 

perceptions of their children’s use of the AI-based application. The discussion focused on 

three key aspects: the AI- based application’s impact on L2 learning, the children's overall 

learning experience, and the perceived advantages and disadvantages of the application. 

 

To explore parent-caregivers' views on the role of AI-based language learning 

applications in children's L2 learning, this study designed a set of semi-structured 

interview questions. The questions aim to gain a comprehensive understanding of parent-

caregivers' attitudes, experiences, and suggestions regarding the use of AI-assisted 

language learning tools. 

 

This study adopts the TAM3 as the primary theoretical framework to guide the design and 

analysis of the interview component. Building upon the original TAM (Davis et al., 1989), 

TAM3 offers a more comprehensive approach by incorporating not only the core 

cognitive constructs, namely PU and PEoU, but also emotional, social, and individual 

difference factors, such as hedonic motivation, subjective norms, and prior experience. 

These factors are particularly pertinent to understanding technology acceptance behaviour. 

 

The semi-structured interview outline in this study includes 10 open-ended questions 

organised into four thematic sections. The first module, which focused on overall attitudes 

and PU, explored parent-caregivers’ general views on AI-based language learning 

applications and whether they believed these tools were effective in supporting children’s 

L2 learning. The second section, centred on observations of learning outcomes and 

behavioural changes, focused on parent-caregivers’ perceived changes in their child’s 

language learning and how previous experience with similar technologies might have 

influenced current use. The third section explored parents’ evaluations of user experience 

and app design, focusing on features, usability, and children’s emotional engagement. It 

drew on TAM3 constructs such as PEoU, output quality, and hedonic motivation. The 

final section focused on usage barriers and suggestions for improvement, aimed to identify 

practical challenges in the app’s use and gather parent-caregivers’ recommendations for 

future AI-assisted language learning applications. Each question was carefully aligned 

with key constructs from TAM3, including PU, PEoU, hedonic motivation, subjective 
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norm, prior experience, and cognitive load, to gain a comprehensive understanding of 

parent-caregivers’ acceptance and attitudes toward AI-based tools in children’s L2 

learning, as shown in Table 4-7. 

 

Table 4-7. Table of Interview Questions and Their Corresponding TAM3 Constructs. 
 

Interview Question Thematic Module TAM3 Construct(s) 

1. What do you think about using AI 
apps as a tool in children's L2 
learning? 

Overall Attitudes; 
PU 

PU; 
Subjective Norm  

2. Do you think this app is helpful for 
your child's L2 learning? 

Could you provide an example? 

Overall Attitudes; 
PU 

PU; 
Result 
Demonstrability 

3. Do you think using the app has made 
a difference in your child’s learning? 
If yes, what kind of change have you 
observed? 

Learning Outcomes; 

Behaviour Change 

Output Quality; PU 

4. Has your child used any similar 
learning apps before? 
If so, do you think that experience 
influenced how they used this one? 

Learning Outcomes; 
Behaviour Change 

Experience-Related; 
Moderators; 

PU 

5. In your opinion, what is the best 
feature of the app? 

Why do you like it? 

User Experience;  
Design Evaluation 

Hedonic Motivation; 
Output Quality 

6. Did your child face any difficulties 
when using the app? 
Did they need your help? 

User Experience;  

Design Evaluation 

PeoU; 
Computer Anxiety; 
Perceived External 
Control 

7. What do you think are the main pros 
and cons of this app? 

User Experience;  
Design Evaluation 

PU; 
PeoU; 

Hedonic Motivation 

8. Roughly how long does your child 
use the app each day? 
Do they ever feel bored, overwhelmed, 
or tired of it? 

Usage Barriers;  

Suggestions  

Cognitive Load; 

Hedonic Motivation 
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9. Would you support your child in 
continuing to use this app in the future? 

Why or why not? 

Usage Barriers; 
Suggestions 

Behavioural Intention; 
Subjective Norm 

10. What features would you like to see 
added or improved in future AI 
language learning apps? 

Usage Barriers;  

Suggestions 

Design Expectations; 

PEoU 

 
 

While TAM3 serves as the main framework, the design of the interview questions is 

also informed by relevant insights from Multimodal Learning Theory (Mayer, 2002) and 

Parental Mediation Theory (Livingstone & Helsper, 2008), which help broaden the scope 

of inquiry. For example, questions comparing AI-based applications with traditional 

learning materials draw on the importance of sensory input emphasised in multimodal 

learning, while questions related to home usage challenges and parent-caregivers’ support 

are informed by parental mediation theory, which highlights parent-caregivers’ roles in 

managing children’s digital media engagement. 

 

4.3.4. Procedure 

The data collection process in this study consisted of four main components, 

encompassing demographic profiling, pre- and post-intervention experimental tasks, an 

app-based language learning experience, and interviews with parents and caregivers. 

 

The data collection was carried out in sequential phases. The baseline phase took place 

between September and October 2023 and included the demographic questionnaire and 

the first round of experimental tasks. The intervention phase began in October 2023 

and lasted for 12 weeks. During this period, children in the experimental group used the 

Zebra AI language learning app at home on a daily basis for autonomous practice, while 

children in the control group engaged with the game Candy Crush as an equivalent non-

linguistic digital activity. The post-intervention phase was conducted between January and 

February 2024, with the same assessments administered as in the baseline phase. The 

resulting data were used for comparative analysis. Parent interviews and questionnaires 

were completed within three weeks following the post-test to gather feedback on the 

intervention process and children's performance. 
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The detailed procedures are outlined below. 

 

4.3.4.1 Demographic questionnaire 

Parents and caregivers completed a demographic background questionnaire including 

information about the child’s age, gender, home language exposure, and digital media 

usage habits. These data supported descriptive analyses and covariate control in 

subsequent modelling. 

 

A total of 85 children and their parents or caregivers participated in the filling of this 

demographic questionnaire. The questionnaire was prepared in paper format by the 

researcher and provided to the teachers at the partner schools. To ensure the uniformity of 

the questionnaire distribution process and the accuracy of the interpretation, the researcher 

provided necessary guidance and instructions to the teachers before distributing them. 

 

The teacher then distributed the questionnaires to the classes participating in the research 

and briefly explained to the students in class the purpose, importance, and operation 

method of filling them out. On the premise of obtaining the informed consent of the child, 

the student takes the questionnaire home and completes it under the assistance and 

supervision of the parents. All questionnaires are in an anonymous form, identified only 

by numbers, and do not involve any personal identity information to ensure the privacy 

and data security of participants. 

 

After filling it out, students should return the questionnaires to the school on time. The 

teachers will collect them uniformly and return them to the researcher. Each questionnaire 

consists of 10 questions. It is expected that the filling time will be within 10 minutes. The 

questions are designed based on the principles of concise language and easy understanding 

to ensure that both children and parents or caregivers can complete them smoothly. 

 

4.3.4.2 Pre- and Post-Intervention Experimental Tasks 
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All participating children individually completed three standardised tasks in a quiet 

classroom environment at their school. These tasks were designed to assess receptive 

single-word vocabulary breadth, WM, and ToM. The three tasks included: the PPVT-5, the 

WM Task, ToM Tasks. 

 

Each task was administered at two time points: pre-intervention (T1) and post-intervention 

(T2) to measure change over time. 
 

4.3.4.2.1 Peabody Picture Vocabulary Test 

One of the main instruments used was a localised version of the PPVT-5, consisting of 240 

words, each paired with four related images. The test was delivered via a standardised 

PowerPoint slideshow. Prior to the assessment, the researcher explained the procedures 

using age-appropriate language and emphasised that participation was voluntary and part 

of a fun activity. The goal was to build rapport, reduce anxiety, and foster a relaxed 

atmosphere that would support active engagement. 

 

All assessments were conducted in a quiet room within the school to minimise 

environmental distractions. Each child was tested individually under comparable 

conditions to ensure consistency. Before each session, the researcher standardised the 

testing setup to maintain procedural uniformity. 

 

During the test, each word was presented verbally by the researcher while four 

corresponding pictures were simultaneously shown on a slide. Children were asked to 

identify the picture that best matched the word, either by pointing to it or stating its 

corresponding number. The task took approximately 10–15 minutes per child. To support 

comprehension and participation, children were guided with playful, easy-to-follow 

instructions, such as: 

 

“Let’s look at some pictures together. I will say a word, and you can point to the picture 

you think matches it—or tell me the number. If you're not sure, just give your best guess.” 
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Children’s responses were recorded by the researcher using a binary scoring system, with 

correct answers coded as 1 and incorrect ones as 0. In addition to scores, the researcher also 

documented children’s behavioural responses throughout the session. Observable reactions 

such as hesitation, silence, or unusual responses to specific items were noted to provide 

supplementary qualitative data. These observations offered valuable insights into 

individual differences in engagement and emotional response. 

 

Informed consent was obtained from both the parents or caregivers and the children 

prior to participation. All data were anonymised and securely stored to ensure privacy 

and ethical compliance. 

 

4.3.4.2.2 Working Memory Task 

To ensure experimental validity and data reliability, a structured WM task was 

administered using the open-source software OpenSesame (https://osdoc.cogsci.nl) 

running on a standardised laptop. The software allowed for precise control of stimulus 

presentation and response timing, which supported consistent data collection across 

participants. 

 

The experiment consisted of three sequential phases: a warm-up phase, a familiarisation 

phase, and a recall phase. 

 

Before the task began, each child participated in a brief warm-up session with the 

researcher. This involved simple question-and-answer interactions designed to build 

rapport and reduce anxiety. The researcher also checked the child's familiarity with the 

colours and animals used in the task to minimise the risk of cognitive bias. This initial 

interaction helped the children feel relaxed, focused, and better prepared to engage with 

the subsequent testing activities. 

 

In the familiarisation phase, participants were given one minute to memorise paired 

stimuli, which consisted of cartoon animals and houses with differently coloured roofs. The 

duration was controlled by the experimental software. All stimuli and instructions were 

age-appropriate and pre-tested with children of similar age to ensure clarity and 
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engagement. This standardised exposure reduced individual differences in memory 

retention time, thereby enhancing result reliability. 

 

The recall phase was divided into two parts. In the first part, children were shown 

images of  empty houses with coloured roofs and asked to recall which animal had lived 

in each house. In the second part, they were shown animal images and asked to recall the 

colour of each animal’s house. The order of stimuli in both parts was pseudorandomised, 

meaning they were randomised while controlling for sequence and repetition effects. Each 

child completed six trials in total. 

 

Children responded verbally, and the researcher recorded their answers in real time by 

pressing predefined keys on the keyboard. These responses were automatically logged 

by the software. The entire task lasted approximately 10 minutes per child, with each 

child tested individually in a quiet room to reduce external distractions. 

 

In addition to accuracy scores, the researcher also observed and noted specific 

behaviours exhibited during the task. These included changes in facial expression, 

hesitation, or unusual verbal reactions. Such observations were documented as 

supplementary qualitative data, providing valuable insights into individual engagement 

levels and emotional responses. 

 

A visual illustration of the three-phase procedure is provided in Figure 4-12. 

 

Figure 4-12. The three steps of the WM Task. 
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4.3.4.2.3 Theory of Mind Tasks 

To assess children’s ToM abilities, this study designed and implemented six structured 

story- based tasks adapted from previous research (Filippova & Astington, 2008; 

Wellman & Liu, 2004). Each task was presented using a combination of text and 

illustrations and was designed to assess different levels of cognitive reasoning, including 

first-order and second-order beliefs, understanding of irony, and emotional attribution. 

The specific content of each story-based task is detailed in Section 4.3.3.1.4. The 

characters featured in the stories were toy animals and dolls familiar to children. The visual 

design of the figures reflected Chinese cultural features, such as black hair and East Asian 

facial characteristics, to enhance cultural relevance and familiarity. 

 

All tasks were administered individually in a quiet classroom setting to ensure that 

children completed the tasks in a relaxed and distraction-free environment. Before the 

formal testing began, the researcher introduced the children to the toys, props, and story 

settings used in the tasks, in order to reduce novelty effects and promote better 

comprehension and focus. 

 

The six tasks were presented in a fixed order, gradually progressing from relatively simple 

belief  reasoning to tasks involving more complex inferential skills, such as irony. This 

scaffolded task structure was intended to help children gradually adapt to the testing 

process and better understand the task requirements. 

 

4.3.4.3 App-Based Learning Intervention: Parent Log 

Between the pre- and post-tests, children in the experimental group continuously used the 

Zebra AI language learning application over a 12-week intervention period. Each week, 

they were required to complete one learning section, which included new lesson content, 

review tasks, and interactive activities. Children were allowed to flexibly schedule their 
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learning across 3 to 5 days per week, engaging with the app for approximately 10 to 15 

minutes per session. 

 

Given the ethical and technical constraints preventing the researcher from directly 

accessing the back-end usage data of the Zebra AI application, a structured home-

monitoring instrument, the Zebra AI App Usage 12-Week Parent Log (see Appendix 4), 

was issued to parents in the experimental group. This tool was employed to systematically 

document the children's home learning activities throughout the 12-week intervention 

period. The log served as the core instrument for monitoring the intervention’s adherence 

and dosage, and its design incorporated three complementary data modules. 

 

Firstly, the Daily Task Completion Record (Quantitative) required parents to mark, on a 

daily basis, whether the child completed the specified Zebra AI learning task (Yes/No). 

One completed task was defined as the minimum unit of usage, with the target dosage 

consequently set at five units per week, reflecting the application's five mandated usage 

days. It is important to note that although the log's original design included seven daily 

tracking slots to permit flexibility for make-up or extra learning on non-designated days 

(such as weekends), only the completion of the five specified task days was included in 

the subsequent scoring and analysis. This ensured the adherence metrics were consistent 

with the application's target dosage (five units per week). 

 

Secondly, the Weekly Adherence Summary (Quantitative) was completed by parents at 

the end of each week, serving to confirm the full completion of the five required tasks and 

allowing for the calculation of the weekly full adherence rate. 

 

Finally, the log featured a Qualitative Comments Section (Qualitative), which enabled 

parents to document the child’s learning disposition, engagement level, encountered 

difficulties, or any special circumstances that might have influenced usage and adherence. 

This provided essential contextual supplementation to the quantitative data. 

 

All record sheets were collected following the intervention. The resultant data were used 

to calculate key adherence indicators, such as the total task completion rate and the 

average weekly days completed, forming a crucial basis for the descriptive analysis 

presented in the results section. By simultaneously providing structured quantitative data 
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and explanatory qualitative insights, the Parent Log functioned as a vital source of process 

data. This enabled researchers to verify actual child participation, monitor the integrity of 

the intervention's execution, and ultimately enhance the interpretability of learning 

outcomes and the credibility of the study’s conclusions. 

 

In addition to usage monitoring, children’s subjective experience was also assessed. At 

the end of the intervention, children in the experimental group completed a Hedonic 

Experience Questionnaire, which was adapted based on the UX framework. The 

questionnaire covered key aspects such as perceived enjoyment, ease of use, and 

willingness to reuse. 

 

After the pre-test, children in the experimental and control groups installed two different 

applications on the mobile devices of their parents or caregivers and used them for the 

following 12 weeks. The experimental group used Zebra AI (https://banmaapp.com), an 

AI-based language learning application, while the control group used Candy Crush Saga 

(https://www.king.com/zh_CN/game/candycrush), a popular non-educational game. 

 

The researcher provided all parents and caregivers with detailed installation instructions 

and download links to ensure the successful setup and configuration of the apps. To 

maintain the stability and responsiveness of the intervention process, the researcher 

established real-time communication channels with teachers, allowing them to promptly 

offer technical guidance and resolve any issues reported by parents during the installation 

or usage phases. 

 

During the initial setup, teachers were invited to supervise the installation to ensure 

that all devices successfully ran the assigned applications under consistent conditions. 

Throughout the intervention, any technical difficulties reported by parents and caregivers 

were addressed in real time via phone, WeChat, or in-person support, thereby minimising 

disruptions to the intervention. 

 

During the intervention, children in the experimental group were required to complete 

one standard learning section per week. Each section was systematically distributed by the 

Zebra AI platform, consisted of three types of tasks: new lesson input, review activities, 

and interactive feedback. 
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The weekly schedule was as follows: from Monday to Wednesday, children completed 

one new lesson per day, focusing on vocabulary acquisition, sentence comprehension, and 

pronunciation practice, each lasting approximately 10–15 minutes. On Thursday, they 

engaged in a review session designed to consolidate newly learned content and reinforce 

listening and speaking skills. On Friday, they were invited to participate in an AI-guided 

“Interactive TV Live Class” or a gamified “Weekly Challenge” activity, aimed at 

enhancing language input and contextual understanding in a playful format. 

 

All children in the experimental group were required to use the application for 10 to 15 

minutes per session, at least 3 days and no more than 5 days per week. The control group 

followed the same usage schedule with the designated game application to ensure 

consistency in intervention duration and comparability across groups. To accommodate 

individual learning rhythms, flexible scheduling was permitted, allowing children to 

choose the most suitable time slots for their learning tasks. 

 

Throughout the intervention, parents and caregivers were encouraged to provide 

appropriate support during app usage and to observe their children’s engagement, including 

usage frequency, session duration, and notable behavioural patterns. 

 

As the researcher was unable to directly access the backend usage data of the Zebra 

AI app, a structured weekly log sheet (see Appendix 4) was provided to the parents in the 

experimental group. They were instructed to mark daily task completion and provide 

brief comments at the end of each week to document their child's learning progress or any 

special circumstances. These record sheets were collected at the end of the intervention 

and served as a key reference for assessing children's task completion and participation 

throughout the study. 

 

To systematically evaluate the children's subjective experience with the AI-based learning 

application, children in the experimental group completed the Hedonic Experience 

Questionnaire during the post-test phase, after the 12-week intervention. This 

questionnaire was based on the UX model proposed by Hassenzahl (2003) and 

incorporated the Smiley-o- meter from the Fun Toolkit framework. It was further adapted 



 

 

127 

with age-appropriate illustrations to align with the cognitive and expressive abilities of 

children aged 5 to 7. 

 

The questionnaire items were designed based on the content and interaction style of the 

intervention platform (Zebra AI), combining text with supportive images. All items were 

scored using a visual smiley-face scale. The final version was printed in colour on paper, 

making it easy for young children to understand and complete. 

 

The questionnaires were administered in familiar classroom settings, with both 

researcher and classroom teachers present to provide supervision and guidance. Before 

completion, researcher explained each item in simple language and showed how to 

respond using the smiley-face scale. To accommodate individual differences in 

comprehension, additional assistance was offered as needed, and children were 

encouraged to ask questions throughout the process. The questionnaire activities were 

designed in a playful, non-test format to encourage a more relaxed and enjoyable learning 

environment. 

 

Each child was given no more than 10 minutes to complete the questionnaire. Upon 

completion, all responses were collected immediately, anonymised with ID codes, and 

securely stored. The data were later entered into Excel for descriptive statistics and 

comparative analysis. These self- reported responses served as supplementary evidence 

of children's emotional engagement and user experience during the intervention, helping 

to explain observed differences in learning motivation and outcomes. 

 

4.3.4.4 Parent-caregivers’ Interviews 

Following the intervention period, semi-structured interviews were conducted with 

parents and caregivers to explore their attitudes toward AI-based learning applications, 

their observations of the child’s engagement and behavioural changes, and suggestions 

for future application development. These qualitative data complemented the quantitative 

results and offered valuable insights from the family context. 
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The interviewees were from urban and rural primary schools in Nanyang City, Henan 

Province, China. A total of eight parents and caregivers participated, including two 

mothers and one grandfather from a rural school, and two fathers and three mothers from 

an urban school. Among them, two parents were interviewed face-to-face, while the 

remaining six completed the interviews via phone or online voice messaging platforms 

such as WeChat. 

 

Each interview was based on approximately ten core questions (see Appendix 5), with 

each session lasting around 30 to 45 minutes. The interview questions were developed 

with reference to existing literature on educational technology acceptance and user 

experience, and were adjusted to suit the research context, ensuring relevance and clarity. 

 

Before the interview, researcher provided written information sheets and informed 

consent forms outlining the study's objectives, procedures, and data usage policies. 

Participation was entirely voluntary, and parents and caregivers were informed of their 

right to withdraw at any time without consequences. They were also assured that all 

interviews would be audio-recorded with their consent, and that the data would be kept 

strictly confidential and used solely for academic research purposes. These measures 

helped build trust and encouraged parents and caregivers to engage openly with the 

process. 

 

During the interviews, researcher used open-ended and follow-up questions to obtain 

parent-caregivers’ detailed opinions and emotional reflections. Their perspectives were 

respected without judgment or interference, ensuring the objectivity and reliability of the 

findings. At the end of each interview, researcher summarised the main points discussed 

to confirm understanding and strengthen participant engagement. 

 

All interviews were transcribed verbatim, and the resulting texts were analysed 

thematically following Braun and Clarke (2006) framework. The interview data served as 

a valuable qualitative supplement to the study, offering insights into children’s 

behavioural and emotional responses to AI-based language learning and providing 

important contextual support for interpreting the quantitative findings. 
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4.4 Reliability considerations 

To ensure the reliability and consistency of data collected during the pre-test and post-test 

phases, this study implemented rigorous control measures across multiple aspects. 

 

First, in terms of environmental control, both the pre-test and post-test were conducted 

in the same classroom setting, ensuring that all participating children completed the tasks 

under identical physical and environmental conditions. This approach minimised the 

influence of  external variables on participants’ performance. 

 

Second, to maintain instrument and procedural consistency, the same testing tools, 

materials, and presentation formats were used in both phases. The sequence of test items 

remained unchanged, ensuring that all children followed the same order and procedures 

when completing the tasks. 

 

The language used in instructions and prompts was standardised in advance, and no 

modifications were made to the difficulty levels or structure of the test content. To further 

avoid procedural errors, all test materials were pre-tested and reviewed to ensure clarity 

of content, precision of instructions, and developmental appropriateness for the target age 

group. 

 

In terms of procedural steps, all tests were administered only by the researcher to ensure 

a high level of consistency and standardisation in task delivery. Before the formal testing, 

the researcher prepared a comprehensive set of testing guidelines, specifying the 

execution of each step, the sequence of tasks, the wording of instructions, and time 

management. All participants in both the pre-test and post-test phases were guided and 

tested by the same researcher, thus minimising potential variations caused by different 

administrators. 

 

Additionally, for test segments requiring verbal guidance, the researcher employed pre-

scripted language to maintain consistency in verbal expression across participants. This 

not only improved the clarity of instructions but also reduced the risk of variability in 

children's responses due to differences in delivery. The entire testing process was strictly 

consistent with the pre- defined procedures, and a test log was used to systematically 
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document testing details and children’s responses to ensure that each participant 

completed the tasks under the same conditions. 

 

To assess the stability of the measurements over time, this study also prioritised the 

control of test-retest reliability. The content and structure of the pre-test and post-test 

remained highly consistent, with no changes to the measured constructs (e.g., receptive 

vocabulary, WM, and ToM). The number of items, types of questions, scoring criteria, 

and administration procedures were identical across the two testing phases, ensuring that 

the measurements targeted the same underlying abilities and were comparable over time. 

 

Moreover, the researcher maintained detailed observational records during the entire 

testing process, monitoring children's behaviour and responses in real-time to ensure 

accurate comprehension of instructions and independent task completion. For children 

who showed irregular behaviour or interruptions during the test, notes were made in the 

original records and taken into account during data analysis. 

 

In summary, by controlling environmental conditions, standardising test tools and 

procedures, maintaining consistency in administration, and adopting multiple strategies to 

enhance reliability, this study established a strong methodological foundation for the 

comparability of pre- and post-test data, thereby ensuring the validity and trustworthiness 

of the experimental findings. 

 

4.5 Ethical considerations 

Before starting any research, researchers must first obtain approval from the ethics 

committee of their institution (Guillemin et al., 2012). Therefore, to follow the rules of the 

official organisation and to better guarantee the rights of the participants, the study was 

approved by Research Ethics Committee of the College of Social Sciences at the 

University of Glasgow (See Appendix 7). Also, as my research was conducted in two 

primary schools in Nanyang, China, I applied to the Education Department of Nanyang and 

the local community and received their approval to conduct the experiments locally and 

to collect data from children and parents (See Appendix 6). 
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The research aims to provide an evaluation of an AI-based language learning app for 

potential use in support of second langue learning in primary school-aged children. 

Although the evaluation of the app itself possesses minimal risks to all the participants and 

settings, the study should be considered some important ethical issues as some of the 

participants involved children between the ages of 5-7 years old. One of the most 

important issues is the safety of the participating children. To reduce this risk, the 

children were not taken away from their normal school activities as all experiments were 

being conducted during the day in the school classrooms. 

 

And there was no scenario where the researcher was lone working/one-to-one working 

with a child. In addition to the researcher, a teacher who was familiar with the children 

was present to help deal with any emergencies that might happen. Also, public health 

recommendations were followed throughout the process. Data collected from children’s 

interactions with the app was collected by the researcher during home activities at the 

time mutually agreed with the parents and children. 

 

To reduce the stress that maybe caused to participating children, I provided children and 

parent-caregivers with a full verbal debriefing before participating in the experiment, 

including details of the methodology, the wider implications of the research questions, 

and the ability to answer any questions they may have. They were also given a written 

version of the information sheet explaining the study. When they signed the consent form 

the experiment was officially started. All experiments on children consist of fun animated 

pictures and stories and children will be asked to participate in games rather than being 

told to take tests. This is to make them feel relaxed. The format of the game will also 

avoid making them think that the results will relate to their educational outcomes. 

Furthermore, I also discussed with the teacher and the children the best time to take part 

in the quasi-experimental task to ensure that the children felt comfortable and in a good 

state of mind. They were all free to withdraw from the study at any time, either before or 

during the experiment. They were also told that this would not affect the assessment of 

their learning in any way, nor would it have any other negative impact on their 

relationships with others in the school. 

 

To ensure that all participants had equal access to learning opportunities after the 

experiment, children in the control group were also provided with training and guidance 
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on using the Zebra AI application after the post-test. This ensured that they received the 

same digital resources and support as the children in the experimental group. This measure 

was implemented to compensate for any information disparity caused by group assignment 

and to uphold the overall fairness and ethical integrity of the study. 

 

As well as the personal safety of the children being considered, the safety of the researcher 

was also considered as the experiments were conducted in China. I created a schedule of 

fieldwork activities, and this was shared with the supervisors and a close relative living 

in data collection to ensure that the supervisors were aware of the researcher’s whereabouts. 

Similarly, my contact details were known to the supervisor in case of an emergency. If the 

public health advice changes and there is any potential risk to the researcher or participants 

data collection will be terminated immediately. I familiarised myself with the area before 

fieldwork and had access to an up-to- date map of the area and avoided traveling outside 

daylight hours. If traveling at night, I should take a taxi to make sure safety. 

 

During the data collection process, all data is collected and coded numerically rather than 

by the name of the participant to protect the privacy of the participants. Meanwhile, 

experimental data will be stored in computer files that can only be accessed by 

password and will be securely destroyed after analysis. When the experiment is 

complete, the data will be organised and structured using STR and SPSS software. All 

the files containing data will be organised on the computer provided by the university. 

Another copy will be saved on OneDrive (University server). The data will be destroyed 

once the data has served its purpose. Once the analysis and any publications resulting 

from the data have been completed, the data will be securely destroyed. Assurances 

regarding confidentiality will be strictly adhered to unless evidence of wrongdoing or 

potential harm is found, and participants will be informed that in such cases the 

University may be obliged to contact the relevant statutory body/authority. All data used 

in the thesis will be reviewed by the supervisors to ensure that any identifying information 

is removed so that the risk of identifying the participant is minimised. 

 

4.6 Conclusion 



 

 

133 

This chapter presented a comprehensive overview of the research methodology employed 

in this research. It began by outlining the research questions and situating the study within 

an appropriate research paradigm. The pilot study was then introduced as an essential 

preliminary step that informed the refinement of the main study design. 

 

The main study was described in detail, including information on participants, sample 

selection, and grouping procedures. A multi-method data collection strategy was adopted, 

comprising a quasi-experimental study, child questionnaires, and semi-structured 

interviews with parents and caregivers. Each data collection instrument was carefully 

designed and justified in alignment with the research objectives. 

 

The chapter also described the research steps comprehensively, covering all key stages 

of data collection: the demographic survey, pre- and post-test tasks, the implementation 

of the AI-based learning app intervention, and the parent-caregivers’ interviews. Measures 

taken to ensure the reliability of the data collection process were explained, as well as 

ethical considerations, such as informed consent, participant safety, confidentiality, and 

post-study fairness. 

 

In conclusion, this chapter established a strong methodological foundation for the analysis 

of the collected data. The following chapter will present the results of the study, 

drawing on both quantitative and qualitative findings to address the research questions in 

depth. 
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Chapter 5. RESULTS 

 

This chapter presents the results of both quantitative and qualitative data analyses and 

integrates these findings to explore the effectiveness of AI-based learning applications 

(Zebra AI) in Chinese children’s L2 learning. It also examines parent-caregivers’ attitudes 

toward their children's use of this technology for learning English. As described in Chapter 

4, the quantitative data collection tools included the receptive vocabulary test (PPVT-

5), cognitive ability tests (including WM task and ToM tasks), and a questionnaire 

assessing children’s hedonic learning experience. The qualitative data were derived from 

post-experiment interviews with parents. This study was structured around the following 

RQs. 

 

RQ1: To what extent does the AI-based app improve children’s receptive vocabulary, and 

how are these outcomes predicted by their WM and ToM? 

 

RQ2: Which functions and design interface influence children’s hedonic experience with 

the AI-based language learning app? 

 

RQ3: What are parent-caregivers’ views regarding the effectiveness of using AI-based 

learning apps for learning a second language? 

 

Specifically, this study addressed RQ1 and RQ2 primarily through quantitative analysis, 

which evaluated the impact of AI-based learning applications on Chinese children’s SLA 

and its association with their hedonic learning experience. Additionally, qualitative 

analysis is conducted mainly to address RQ3 by exploring parent-caregivers’ perceptions 

toward their children's use of AI-based learning apps. Some qualitative insights are also 

compared with quantitative findings to complement and/or interpret the results of 

RQ1 and RQ2, thereby providing a more comprehensive understanding of the study’s 

findings. 

 

5.1 Quantitative Data Findings 
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The quantitative study involved children from two primary schools in the Nanyang region, 

with the intervention was lasted for a duration of 12 weeks (see Chapter 4 for details). The 

main focus was to examine the growth of children's receptive vocabulary, changes in 

cognitive abilities, specifically WM and ToM, and the influence of AI-based learning 

application features on their hedonic learning experience. 

 

To assess receptive vocabulary and cognitive skills, evaluations were conducted at two 

points: a pre-test before the quasi-experiment and a post-test following the 12-week 

intervention. In the experimental group, students used the AI-based application Zebra AI 

to learn English, while the control group engaged with a standard entertainment 

application, Candy Crush. The pre-test established baseline vocabulary and cognitive 

abilities between the two groups. The post-test evaluated changes in these areas within 

the experimental group, specifically as a result of using the AI-based learning application 

and identified any statistically significant differences compared to the control group. 

 

To gain deeper insights into which features of the AI-based learning application 

influence children's enjoyment and engagement during the learning process, a separate 

questionnaire was administered to the experimental group following the post-test. 

 

The data from the quasi-experiment and the questionnaire were applied to address RQ1 

and RQ2. 

 

5.1.1 Quasi-experiment Data Analysis 

 

Prior to statistical analysis, data completeness was examined. Data completeness was 100% 

across all outcome measures (PPVT-5, WM task, and ToM tasks), as all 85 allocated 

participants completed the full intervention and assessments. Consequently, no missing 

data imputation methods were required, and the final analysis was conducted on a 

complete-case basis with the full sample (N = 85). 

 

Before conducting the analysis, data were tested for normality and homogeneity of 

variance to ensure the validity of analyses. When these assumptions were not met, non- 
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parametric alternatives, such as the Mann–Whitney U test or Wilcoxon signed-rank test, 

were applied. These alternative approaches ensured that the statistical methods used were 

appropriate for the dataset, thereby enhancing the robustness and reliability of the analysis. 

 

To address the research questions, a mixed measures ANOVA was employed. This 

analytical method allows for the simultaneous comparison of within-subject and between-

subject factors while identifying interactions between these factors (Field, 2013). This 

method is particularly suitable for experimental designs involving repeated measurements 

across independent groups, as it systematically analyses time-point changes and group 

differences, improving statistical efficiency and minimising error variance (Singmann & 

Kellen, 2019). 

 

Specifically, pre- and post-test data were analysed using mixed measures ANOVA, with 

time points (pre-test and post-test) treated as within-subject variables and group 

(experimental vs. control) treated as a between-subject variable. The analysis aimed to 

evaluate the intervention effects of the AI-based learning application (Zebra AI) on 

receptive vocabulary levels and cognitive abilities in different groups of children. 

Additionally, interaction effects between time and group were examined to determine 

whether the intervention's impact varied across groups over time. 

 

Following the primary analysis, a sensitivity analysis was performed using one-way 

ANCOVA to verify the robustness of the intervention effect on receptive vocabulary. 

Specifically, post-test receptive single-word vocabulary breadth were compared between 

groups while controlling for baseline pre-test scores and age as covariates. This approach 

was adopted to account for potential pre-existing individual differences and to isolate the 

specific impact of the intervention on the primary outcome. 

 

To investigate the potential underlying mechanisms of the intervention, specifically 

whether cognitive gains drove vocabulary acquisition, a multiple linear regression 

analysis was performed using change scores (gain scores). This approach was selected to 

capture dynamic developmental changes and control for pre-existing baseline individual 

differences, thereby allowing for a direct assessment of how improvements in cognitive 

domains relate to vocabulary growth. The dependent variable was defined as the gain in 



 

 

137 

receptive vocabulary (Δreceptive single-word vocabulary breadth) (post-test minus pre-

test scores). The predictor variables included group assignment (experimental vs. control), 

age, and the calculated gains in WM (ΔWM) and ToM (ΔToM). 

 

To control for Type I error rates associated with multiple comparisons, a hierarchical 

approach was adopted by pre-specifying the outcome measures. Receptive single-word 

vocabulary breadth was designated as the primary outcome, reflecting the main objective 

of the intervention. Cognitive measures (WM task and ToM) were treated as secondary 

outcomes, serving primarily to explore underlying cognitive mechanisms. Consequently, 

statistical inference for the primary outcome was based on a standard α level of .05, while 

secondary analyses were interpreted as exploratory. 

 

All quantitative data were analysed using SPSS version 29 to ensure precision in data 

handling and the reproducibility of results. Throughout the analysis, strict adherence to 

statistical standards was maintained, with detailed reporting of significance levels (p-

values) and effect sizes. For mixed-design ANOVA, effect sizes were calculated using 

partial eta squared (ηp2) to assess the impact of both time and group effects. For non-

parametric tests, effect sizes were calculated as r (using the formula r = z / √N) to 

quantify the practical significance of observed differences. 

 

5.1.1.1 Test of normal distribution 

 

To ensure the validity of the statistical methods used in this study, the distributional 

properties of the pre-test and post-test data for all outcome measures (receptive single-

word vocabulary breadth, WM, and ToM) were examined separately for the experimental 

and control groups. 

 

Although the Shapiro–Wilk test was initially considered, it is recognised as being highly 

sensitive to minor departures from normality, particularly in moderate sample sizes and 

in datasets with discrete scoring structures (Field, 2024). This is directly relevant to the 

ToM and WM measures in the present study, both of which employ integer-based scores 

with restricted ranges. For this reason, and in line with recommended practice for General 
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Linear Models, normality was assessed primarily through the inspection of skewness and 

kurtosis values. According to George and Mallery (2024), values between −2 and +2 are 

generally regarded as acceptable indicators of approximate univariate normality. 

 

As summarised in Table 5-1, the descriptive statistics indicated normality across all 

measures. 

 

Table 5-1. Tests of normality. 

 
  

Group Mean 
(M) 

SD Skewness Kurtosis 

Pre-test Receptive 
single-word 
vocabulary 

breadth 

Experimental 21.79 6.23 .84 1.21 

Control 22.55 6.45 . 15 -.90 

WM   Experimental 6.91 2.01 .37 -.60 

Control 7.33 1.63 -.64 -.02 

ToM Experimental 3.95 1.27 .24 -.72 

Control 4.21 1.00 -.15 -.18 

Post-test Receptive 
single-word 
vocabulary 

breadth 

Experimental 36.12 11.79 .47 -.49 

Control 28.40 9.69 . 42 -.43 

WM 
Experimental 8.09 1.88 -.10 

-.76 

Control 7.36 1.61 .24 .49 

ToM 

Experimental 4.26 1.05 .24 -1.15 

Control 4.55 .97 -.14 -.88 
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The distribution of receptive single-word vocabulary breadth was approximately 

symmetrical. In the experimental group, pre-test skewness was 0.84 and kurtosis was 1.21; 

in the control group, skewness was 0.15 and kurtosis –0.90. Post-test distributions 

similarly met normality criteria, with skewness and kurtosis values remaining within the 

±0.50 range in both groups. 

 

WM scores also demonstrated good normality despite the discrete scoring scale. In the 

experimental group, pre-test skewness was 0.37 and kurtosis –0.60, while the control 

group showed skewness of –0.64 and kurtosis of –0.02. Post-test skewness and kurtosis 

values also remained within the ±1.0 range in both groups. 

 

The ToM total scores displayed acceptable distributional characteristics consistent with 

parametric assumptions. Pre-test skewness was minimal for both the experimental (0.24) 

and control (–0.15) groups, with kurtosis values (–0.72 and –0.18) respectively indicating 

a slightly platykurtic yet normal distribution. Post-test skewness and kurtosis values also 

remained within the ±2.0 range in both groups. 

 

Taken together, these indices confirmed that the receptive single-word vocabulary breadth, 

WM and ToM variables were suitably normally distributed within each group, supporting 

the use of parametric analyses (mixed-design ANOVA) for evaluating intervention 

effects." 

 

5.1.1.2 Pre-test 

 

Pre-testing is one of the key components in a quasi-experimental design, as it helps ensure 

that the research’s results are not influenced by bias. If significant differences exist 

between the groups at the outset, these differences could potentially account for any post-

intervention disparities (Christensen et al., 2011). In this study, the primary purpose of 

the pre-test was to confirm that the vocabulary levels and cognitive abilities of children 

in both the experimental and control groups were comparable. Moreover, pre-testing aids 

researchers in mitigating threats to validity, such as bias (Harris et al., 2006). 

Consequently, the pre-test was employed in this study to ensure that any observed group 
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differences could be appropriately attributed to the intervention using the AI-based 

learning app. 

 

The pre-test focused on assessing children’s baseline receptive vocabulary and cognitive 

abilities. Before testing, neither the control group nor the experimental group had been 

exposed to the AI-based application intervention. The test data indicated no statistically 

significant differences between the two groups at baseline, whether in overall vocabulary 

levels (as determined by a t-test) or in cognitive ability dimensions. This finding reinforces 

the confidence that any differences observed in the post-test can be attributed to the 

intervention, specifically the impact of he AI-based learning application on children’s 

vocabulary development and cognitive skills. 

 

5.1.1.3 Effect of AI-based Learning Apps on Vocabulary 

Proficiency 

 

A mixed measures ANOVA was conducted to examine the intervention effects. The 

results revealed a significant main effect of Timepoint (i.e., pre-test vs. post-test) was 

significant [F (1,83) = 297.75, p <.001, η2p = .782]; the average score generated at pre-

test was M= 22.16, SD = 6.31 and M= 32.31, SD = 11.42 at post-test. 
 

The effect of Group was non-significant [F (1,83) = 3.61, p =.061]. 
 

Furthermore, there was a significant interaction between the effects of Timepoint and 

Group [F (1,83) = 52.42, p <.001, η2p  = .387], suggesting differing variability in 

PPVT-5 across different groups over time. This is illustrated in Figure 5-1. 
 

Figure 5-1. PPVT-5 - Timepoint x Group. 
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At the pre-test stage, there was no significant difference between the experimental and 

control groups (mean difference = .76 scores, p = .584), indicating that both groups were 

comparable at baseline. During the intervention period, children in the control group 

showed an average improvement of 5.86 points on the receptive single-word vocabulary 

breadth (p <.001), whereas children in the experimental group demonstrated a significantly 

greater improvement, with an average gain of 14.33 points (p <.001). By the post-test, the 

experimental group outperformed the control group, with a significantly higher mean 

score averaging 7.71 points more (p =.001). This suggests that the AI-based learning app 

had a positive impact on children's receptive vocabulary development, thereby supporting 

Hypothesis1a. 

 

Given that the primary analysis used PPVT-5 raw scores to capture absolute vocabulary 

growth, it was necessary to rule out the potential confounding influence of developmental 

maturation and baseline differences. To verify the robustness of the findings, a one-way 

ANCOVA was conducted to compare post-test PPVT scores between the experimental 

and control groups, with pre-test scores and age (in months) entered as covariates. The 

results indicated that the pre-test covariate was significantly related to the post-test scores 

[F (1, 81) = 508.88, p < .001, η2p = .86], justifying its inclusion. The effect of age was not 

significant (p = .181). Importantly, after adjusting for pre-test scores and age, there was a 

statistically significant difference in post-test PPVT scores between the groups [F (1, 81) 

= 113.75, p < .001], with a large effect size (η2p = .58). 
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Analysis of the estimated marginal means revealed that the experimental group achieved 

a significantly higher adjusted post-test score (Madj = 36.78, SE = 0.59) compared to the 

control group (Madj = 27.72, SE = 0.60). The mean difference between the groups was 

9.06 (95% CI [7.37, 10.75]). These findings provide robust evidence that the AI-based 

language learning application (Zebra AI) significantly enhanced children's receptive 

vocabulary. 

 

5.1.1.4 Effect of AI-based Learning Apps on Cognitive Development 

 

5.1.1.4.1 Working Memory Task 

 

The effect of Timepoint was significant [F (1,83) = 14.54, p <.001, η2p  = .149]; the 

average scores generated at pre-test was 7.12 and 7.73 at post-test. 

 

The effect of Group was non-significant [F <1]. 

 

There was a significant interaction between the effects of Timepoint and Group [F (1, 

83) = 13.42, p <.001, η2p  = .139]. 

 

These data are illustrated in Figure 5-2. 

 

Figure 5-2. WM - Timepoint x Group. 
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Follow-up comparisons further revealed that the experimental group showed a significant 

improvement in WM task scores during the intervention period, with an average increase 

of 1.19 points (p <.001), while the control group exhibited no significant change (p =.916). 

 

In summary, the results of the WM task indicate that children’s performance improved 

overall from the pre-test to the post-test, with the experimental group showing a 

particularly notable improvement following the intervention. These findings suggest that 

the AI-based learning application (Zebra AI) may have a positive impact on children’s 

cognitive development, particularly in enhancing WM. 

 

5.1.1.4.2 Theory of Mind Tasks 

 

The effect of Timepoint was significant [F (1, 83) = 16.048, p <.001, η2p  = .162]; the 

average scores generated at pre-test was 4.08 and 4.40 at post-test. 

 

The effect of Group was non-significant (p =.214). 
 

There was no evidence of an interaction between the effects of Timepoint and Group [F 

<1]. 
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These data are illustrated in Figure 5.3. 

 

Figure 5-3. Theory of Mind - Timepoint x Group. 
 

 

 

The results showed that children’s overall performance in the ToM tasks improved 

over time. However, the intervention did not have a significant impact on their ToM 

abilities (p = .214). 

 

5.1.1.4.3 Receptive Single-word Vocabulary Breadth Regression Analysis 

 

To investigate the underlying mechanisms of the intervention, specifically whether 

cognitive gains drove vocabulary acquisition, a change-score regression model was 

constructed. This model aimed to predict Δreceptive single-word vocabulary breadth from 

intervention group assignment, age, and ΔWM and ΔToM. It should be noted that while 

the variable 'Dose' (total completion rate) was initially considered for inclusion, it was 

excluded from the final model due to severe multicollinearity with the group variable 

(VIF > 700). 
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Prior to interpreting the model results, statistical assumptions regarding linearity, 

homoscedasticity, and independence of errors were verified. Crucially, collinearity 

diagnostics for the final model indicated that VIF values for all predictors were well within 

acceptable limits (ranging from 1.02 to 1.22), thereby confirming the independence of 

each predictor. 

 

The overall regression model was statistically significant [F (4, 80) = 18.06, MSE = 

25.890, p <.001], explaining approximately 44.8% of the total variance in receptive 

vocabulary growth [R =.688, R2 =.474, R2adj =.448]. The detailed contributions of 

individual predictors are summarised in Table 5-2. 

 

Table 5-2. Receptive Single-word Vocabulary Breadth – Regression. 
 

 
 

B Std. Error β  t p  95% CI 

Constant -18.611 6.187 
 

-3.008 .004 (-30.923, -6.300) 

Age (month) .211 .072 .240 2.920 .005 (.067, .355) 

ΔWM .777 .392 .178 1.983 .051 (-.003, 1.557) 

ΔToM  -1.381 .785 -.147 -1.760 .082 (-2.943, .181) 

Group 7.970 1.203 .586 6.627 < .001 (5.577, 10.364) 

Note. B  (and its Std. Error)  is an  unstandardised coefficient; β is a standardised 

coefficient.  The  95% Confidence Interval is the population estimate of the β coefficient 

(i.e., extrapolating the estimate from the sample to the ‘population’ of individuals who 

reflect the sample characteristics). Significant contributors are highlighted in bold. 

 

The results of the change-score regression analysis revealed that the group variable was 

the most robust predictor of receptive vocabulary growth (β  = .586, p < .001), indicating 

that the experimental group maintained a significant advantage even after controlling for 

other variables. Regarding cognitive mechanisms, the growth in WM demonstrated a 

marginally significant positive predictive effect (β  = .178, p = .051). Although this p-
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value falls slightly above the .05 threshold, the positive direction of the coefficient (B 

= .777) suggests a potential association between WM gains and receptive vocabulary 

growth. In contrast, gains in ToM did not significantly predict receptive vocabulary 

growth (β  = -.147, p = .082). Hypothesis H1b, which predicted that both WM and ToM 

would be significant positive predictors of vocabulary learning outcomes, was only 

partially supported. Furthermore, age was confirmed as a significant positive predictor (β  

= .240, p = .005). 

 

5.1.1.5 Influence of Functions and Interface Design on Children's Hedonic 

Experience 

 

The second research question aimed to explore children's hedonistic experiences with 

apps and which app features and designs influence their using experience. In this data 

analysis, to quantify the respondents' feedback, I converted the smiley emoticons into 

numbers and used a five-point scale for measurement. The specific conversion rules 

are as follows: 2 = , 1 = , 0 = , -1 = , -2 =  . This approach enabled a more 

effective analysis and interpretation of the participants' answers. As illustrated in Figure 

5-4, descriptive statistics were generated to examine the data related to the questionnaire. 

This included calculating the percentages and frequencies of responses to the nine 

questions across the experimental group. 

 

Figure 5-4.  Participants hedonic experience with the app. 
 



 

 

147 

 

 

From the perspective of overall emotional experience (Q2, Q3), 88% of participants (N = 

38) reported feeling very happy while using Zebra AI, and 86% (N = 37) found its user 

experience to be very exciting. Only 5% (N = 2) of participants expressed a neutral attitude, 

and no negative feedback was recorded. These data indicate that most children 

demonstrated positive emotional experiences when using Zebra AI. 

 

Firstly, from the perspective of usability (Q1), 86% of participants (N = 37) believed 

Zebra AI was very easy to use, with only 5% (N = 2) providing neutral feedback and no 

one considering it difficult to use. This result suggests that the app's user interface and 

operational design align well with children's usage habits and have gained their approval. 

 

Regarding visual experience (Q7), 93% of participants (N = 40) provided positive 

feedback on the image and video quality of the application, indicating that most children 

enjoyed its visual content. 

 

For content comprehensibility (Q8), 81% of participants found the learning material 

easy to understand. However, the proportion of neutral and negative feedback was 

slightly higher (12%) compared to that for visual elements, suggesting that there is room for 

improvement in aligning content presentation with children’s language comprehension 

levels. 
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Among all features, the fun aspect of the games (Q6) received the highest positive rating at 

90%, with no negative feedback reported. 

 

Regarding usage intention (Q4, Q5), 84% of participants (N = 36) expressed a willingness 

to use the application again, and 79% (N = 34) indicated a desire for long- term use. This 

data reflects that most children show a high willingness to use the application and 

maintain a positive attitude toward its continued use. 

 

Although the overall feedback was positive, the ASR-based pronunciation feedback (Q9) 

obtained a relatively weaker emotional response from children. While 72% of  

participants provided positive feedback, neutral and negative responses accounted for 24% 

which was highest proportion among all functions. This suggests that this feature may not 

fully meet children’s emotional expectations in terms of ease of operation and prompt 

feedback, thereby impacting the overall pleasantness of the experience. 

 

Based on the questionnaire data, Zebra AI demonstrates strength in enhancing children’s 

enjoyable experiences. First, the application's ease of use, visual appeal, and game features 

play a crucial role in the children's experience, especially the game and video call 

simulation features, which are particularly popular among children. These features not 

only enhance emotional engagement but also boost their interest and participation in 

learning. However, there is still room for optimisation and improvement in certain 

functions, such as ASR-based pronunciation feedback. Overall, the Zebra AI application, 

with its user-friendly interface design, rich interactive elements, and high- quality visual 

effects, provides an enjoyable and highly engaging learning experience, making it an ideal 

language learning tool for children. 

 

At the end of this survey, I asked about children's favourite features in the application. 

The results, as shown in Table 5-3, indicate that the most popular feature among 

children is games, accounting for 28% (N = 12). Following closely behind is simulating a 

video call with a foreigner, which accounts for 23% (N = 10). Animations and specific 

cartoon characters represent 16% (N = 7) and 12% (N  = 5), respectively. Although these 

two features are less popular compared to games and video calls, they still demonstrate a 

certain level of appeal. English songs also received 12% (N = 5) of user preference. It is 

noteworthy that 9% (N = 4) of users did not specify their favourite feature. This may 
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reflect these users' general satisfaction with various aspects of the application or a lack of 

specific focus on any feature. 

 

Table 5-3. Ranking of children's favourite app features. 

 
 

Q10. What do you like most about the app? 

 

% 

 

n 

 

 

It was a game 

 

 

28% 

 

 

12 
 

Simulate a video call with a foreigner 

 

23% 

 

10 

 

Animations 

 

16% 

 

7 

 

Cartoon character 

 

12% 

 

5 

 

English songs 

 

12% 

 

5 

 

Unknown / Not specified 

 

9% 

 

4 
 

5.1.1.6 Intervention Implementation and Participant Experience 

 

Following the report on the primary effects of the intervention on receptive single-word 

vocabulary breadth, WM, and ToM (see Section 5.1.1.4), this section turns to an 

evaluation of the intervention implementation and children's hedonic experience. This 

analysis aims to provide the behavioural context and explanatory mechanisms for the 

observed learning outcomes. To fully contextualise the findings, this section first 

quantifies the actual dosage received by the experimental group via parent logs (Section 

5.1.1.6.1) and subsequently explores how children's hedonic experience served as a 
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potential driver of their behavioural adherence and resulting learning gains (Section 

5.1.1.6.2). 

 

5.1.1.6.1 Adherence and Dosage Metrics 

 

To ensure transparency regarding the implementation of the intervention and to quantify 

the actual dosage received by the experimental group (N = 43), a descriptive analysis was 

conducted on data derived from the Zebra AI App Usage 12-Week Parent Log (as detailed 

in the Methods section). This analysis aimed to quantify participant adherence and the 

dosage of usage throughout the 12-week intervention period. 

 

The quantitative analysis revealed a high level of overall adherence within the 

experimental group, with all metrics approaching or meeting the pre-defined targets 

(target dosage: 5 units per week). The summary statistics for the key adherence indicators 

are presented in Table 5-4. 

 

Table 5-4. Descriptive Statistics of Intervention Usage (N = 43). 
 

 
Mean 
(M) 

 

SD 
 

Min 
 

Max 
 

Target 
 

Weekly Frequency 
(Units/week) 
 

4.91 
 

0.13 4.50 5.00 5.00 

Adherence Rate 
(%) 
 

93.80 7.74 
 

75.00 100.00 100% 

Total Completion 
Rate (%) 
 

98.10 2.69 
 

90.00 100.00 100% 

 

The results demonstrate that the intervention was executed with high efficiency and 

consistency within the experimental group. The Total Task Completion Rate of 98.10% 

confirms that the intervention was supported by sufficient dosage. Regarding Mean 

Weekly Days, participants completed an average of 4.91 days per week (SD = 0.13), a 

figure that aligns closely with the ideal target dosage of 5 days per week established for 

this study. Furthermore, 93.80% of the intervention weeks achieved full adherence (SD = 
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7.74). This indicates that, on average, participants met the strict target dosage (5 

days/week) for approximately 11.3 out of the 12 weeks. Notably, even the lowest 

individual adherence rate recorded was 75.00%, highlighting the exceptional stability of 

usage frequency across the entire experimental group. 

 

As the parent log did not directly record duration in minutes, a single completed task was 

defined as the minimum unit of usage. Overall, these indicators, particularly the high 

completion rates and average weekly usage, confirm that the intervention achieved and 

sustained the intended dosage and frequency. These robust adherence data provide a solid 

foundation and credibility for attributing the subsequent learning outcomes to the Zebra 

AI intervention. 

 

5.1.1.6.2 Relationship between Children’s Hedonic Experience and 

Engagement 

 

Having established the descriptive profiles of intervention adherence, the study proceeded 

to examine the underlying mechanisms driving these patterns. Specifically, this section 

investigates the interplay between children’s hedonic experience, their objective 

behavioural engagement, and their learning outcomes. The primary aim of this analysis 

was to cross-validate children's self-reported feedback against objective metrics, whilst 

determining whether positive emotional experiences effectively translated into sustained 

usage and receptive vocabulary gains. To this end, Pearson product-moment correlation 

analyses were conducted for the experimental group (N = 43). To ensure the robustness 

of the estimates, bootstrapped 95% confidence intervals (CIs) were calculated. 

 

Table 5-5. Intercorrelations between Hedonic Experience, Adherence, and Receptive 
Vocabulary Gains (N = 43). 

 
 

Total Task 
Completion Rate  

ΔReceptive single-
word vocabulary 
breadth  
 

Hedonic 
Experience Index  
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Total Task 
Completion Rate  
 

1 r = .599** 
 

p < .001 

r = .753** 

p < .001 

ΔReceptive single-
word vocabulary 
breadth  
 

-- 1 r = .338* 
 

p = .027 

Hedonic 
Experience Index  

-- -- 1 

Note: Statistical significance is indicated by asterisks: * p < .05, ** p < .01. All reported 

p-values are based on two-tailed tests. 

 

First, the analysis assessed the link between children's self-reported hedonic experience 

and their actual usage of the application. The results revealed a significant positive 

correlation between the composite Hedonic Experience Index and the objective Total Task 

Completion Rate (r = .753, p < .001, 95% CI [.59, .86]). The coefficient of determination 

(𝑟! = .567) indicates that children’s hedonic experience explained approximately 56.7% 

of the variance in their behavioural adherence. This substantial overlap suggests that the 

participants' intrinsic enjoyment was a primary driver of their sustained engagement and 

high task completion rates throughout the 12-week intervention. 

 

Furthermore, the relationship between subjective experience and cognitive learning 

outcomes was examined. A moderate but statistically significant positive correlation was 

observed between the Hedonic Experience Index and standardised Δreceptive single-word 

vocabulary breadth (r = .338, p = .027, 95% CI [.04, .58]). While the strength of this 

association is lower than that of behavioural adherence (𝑟!  = .114), it nonetheless 

indicates that hedonic experiences during learning are significantly associated with 

superior vocabulary acquisition. This finding provides empirical support for the link 

between affective quality and cognitive performance within the context of AI-supported 

learning. 

 

5.1.2 Summary of Quantitative Findings 
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This section summarises the quantitative findings related to RQ1 and RQ2. Based on 

the changes observed between the pre-test and post-test scores, the results reveal the 

complexity and diversity of learning patterns addressed by RQ1. In the experimental 

group (children who used the AI-based language learning application), a significant 

improvement in receptive single-word vocabulary breadth was found following the 

intervention. Consequently, Hypothesis H1a is fully supported. 

 

Regarding cognitive development, the results revealed a nuanced pattern. The intervention 

appeared to specifically bolster WM as evidenced by significant gains to the experimental 

group. In contrast, improvements in ToM were observed across both groups, suggesting 

these changes were attributable to natural maturation rather than the specific effects of the 

AI application. 
 

Hypothesis H1b was only partially supported by the change-score regression analysis. 

While the experimental group maintained a robust advantage and age proved to be a 

significant positive predictor, the cognitive mechanisms showed mixed results: WM 

growth displayed a marginally significant positive trend, but ToM gains did not 

significantly predict receptive vocabulary growth. 

 

Regarding RQ2, the survey results indicated that children showed a high level of 

satisfaction with Zebra AI, thereby confirming Hypothesis H2. Features such as ease 

of use, high-quality videos and animations, and the app’s interactive and entertaining 

design all contributed to enhancing children’s hedonic experience to varying degrees. 

 

Additionally, the intervention demonstrated exceptional adherence and consistency, 

confirming that the intended dosage was successfully delivered to the experimental group. 

Analyses revealed that children's hedonic experience significantly predicted both their 

behavioural engagement and receptive vocabulary acquisition. These findings underscore 

the pivotal role of hedonic experience in driving sustained usage and fostering cognitive 

development within AI-supported learning environments. 

 

5.2 Qualitative Data Findings 
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This section analyses the qualitative data, which were collected from interviews with 

parents from both urban and rural primary schools, comprising ten questions. The 

interview data were coded through thematic analysis, identifying key themes to address 

RQ3. 

 

RQ 3: What are the parent-caregivers’ views regarding the effectiveness of using AI- 

based learning apps for learning a second language? 

 

5.2.1 Qualitative data analysis 

 

This section discusses the methods for qualitative data analysis and describes the steps 

taken to ensure the reliability and validity of the process. In this research, Thematic 

Analysis (TA) was chosen as the primary approach for analysing interview data. TA is a 

widely recognised method in qualitative research, which aims to identify, analyse, and 

report themes within data (Clarke, 2016). The process involves identifying themes or 

patterns, segmenting and categorising the data, then summarising and reconstructing it to 

reveal underlying patterns and core concepts. This approach enables a deeper 

understanding of implicit meanings within the data (Given, 2008). 

 

TA’s versatility and widely applicability make it particularly effective for examining 

complex qualitative phenomena, such as participants' lived experiences, perspectives, 

and behavioural patterns (Clarke, 2016). Given its structured yet flexible framework, 

TA is a practical and accessible choice for researchers new to qualitative and interview 

data analysis (Knott et al., 2022). 

 

In TA, researchers often develop themes using both deductive and inductive approaches. 

The deductive approach is guided by existing theories or literature, relying on a pre- 

defined framework to direct coding and theme identification. In contrast, the inductive 

approach allows themes to emerge directly from the data, providing greater openness 

and flexibility to capture participants' authentic experiences and perspectives (Azungah, 

2018). Although deductive and inductive methods have distinct theoretical foundations 
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and unique strengths, Proudfoot (2023) highlights that, in practice, researchers cannot 

fully exclude prior knowledge or subjective influences. Consequently, achieving a 

'purely inductive' or 'purely deductive' approach presents notable methodological 

challenges. 

 

In conducting the thematic analysis for this study, I integrated both deductive and 

inductive approaches to enhance the comprehensiveness and depth of the analysis. 

Initially, I employed a deductive approach, constructing a preliminary analytical 

framework informed by existing theories and research questions. This framework, 

developed through interview questions, facilitated the generation of initial codes in the 

early stages of data processing, ensuring alignment with the study’s objectives. 

 

As the analysis progressed, however, I increasingly adopted an inductive approach. 

Through iterative data analysis, new themes and subtle distinctions became apparent, 

extending beyond the original analytical framework. Consequently, the inductive 

approach became central to the latter stages of analysis, allowing for the exploration of 

organically emerging themes and a deeper capture of participants' perspectives and 

experiences. 

 

To ensure the validity and rigor of the analysis, the thematic analysis process in this 

study generally followed the six-step guide proposed by Braun and Clarke (2012): "1) 

Familiarising yourself with the data; 2) Generating initial codes; 3) Searching for 

themes; 4) Reviewing themes; 5) Defining and naming themes; 6) Producing the report" 

(p87). 

 

According to Braun and Clarke (2006), the first stage of Thematic Analysis (TA) 

involves familiarising oneself with the interview data. As all participants were Chinese, the 

interviews were conducted in Mandarin. To preserve the original meaning and subtle 

contextual nuances, I initially analysed the data in Mandarin, translating only key terms 

and sentences to aid in interpreting the findings. To further ensure translation reliability, I 

engaged a bilingual colleague proficient in both Chinese and English to review the 

translations, thus minimising potential discrepancies or loss of meaning. Additionally, I 

included explanatory notes for expressions with specific contextual meanings in 
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Mandarin that lack direct English equivalents, aiming to help readers understand how 

these cultural and linguistic differences may affect interpretation. 

 

At the initial stage of transcription, I transcribed the interviews verbatim, applying a 

'denaturalised transcription' approach (Halcomb & Davidson, 2006). Denaturalised 

transcription, or 'full verbatim', captures all utterances, errors, repetitions, and 

grammatical flaws (Bucholtz, 2000). This approach prioritises the substantive content of 

the interviews, such as the meanings and insights generated during conversations, and 

places less emphasis on details like accent or involuntary sounds. 

 

To ensure participant privacy and data confidentiality, I anonymised the interview data. 

Each participant received an anonymous identifier (e.g., 'Interviewee 1' to 'Interviewee 8'), 

replacing real names and thereby protecting personal information. This anonymisation 

reduces potential biases and minimises impacts that may arise from identity disclosure 

(Knott et al., 2022). 

 

Following transcription and anonymisation, I transitioned to the coding phase for in- 

depth data analysis. Coding serves as a bridge between qualitative data collection and 

analysis, allowing researchers to systematically categorise and label raw data, thus 

setting the stage for further interpretation (Saldaña, 2021). Initial coding was guided by the 

study’s research questions, with a specific focus on parent-caregivers’ perspectives on 

their children’s use of AI-based learning apps for L2 learning. 

 

Given the small sample size of this study, comprising 8 participants, manual coding was 

selected over computer-assisted coding tools at the initial analysis stage. Saldaña (2011, 

2021) suggests that in small-scale studies, manual coding can deepen the researcher’s 

understanding of the data and foster reflective engagement, wherein the researcher 

actively interprets and connects with the data's nuances. Consequently, manual coding 

was employed as the initial analytical strategy to facilitate a more detailed and 

intuitive analysis. This approach is consistent with the recommendations (Miles et al., 

2014), who advocate manual coding in small-scale qualitative research for its capacity to 

yield richer insights. While computer-assisted tools can improve coding efficiency, their 

use in this study’s context may introduce additional procedural complexities that could 

detract from the analytical process. 
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Initial coding was guided by the content of the 10 interview questions, summarising 

and categorising key themes systematically. Responses were reviewed and analysed to 

identify and extract essential information. To enhance data management, I printed all 

interview transcripts and conducted manual coding on paper. Following Saldaña's (2021) 

recommendations, I used colour coding to highlight keywords and key segments, 

facilitating a visual organisation of content. This method enhanced clarity and 

intuitiveness while supporting the subsequent categorisation of themes and identification 

of patterns. For instance, recurring mentions of 'vocabulary improvement' after AI-based 

learning application use were marked in blue, with detailed notes beside each segment to 

facilitate later tracing of sources and contexts, as illustrated in Figure 5-5. 

 

Figure 5-5. Labelling and Identification of Transcription Segments 
 

 

 

Following a comprehensive review of the colour-coded data, all descriptions pertaining to 

vocabulary improvement were consolidated to enhance thematic precision. I combined 

repetitive expressions and refined similar information to capture both explicit mentions of 

vocabulary growth and detailed feedback, such as parent-caregivers’ observations that 

'many new words and phrases were learned', as well as improvements in recent English 

test scores. This layered approach enabled a detailed and detailed coding framework. 

The remaining interview transcripts were analysed using a comparable coding process, 

systematically identifying relevant text units and organising them into meaningful themes. 

Through iterative categorisation and refinement, a total of 52 initial codes emerged upon 

reaching data saturation, indicating that no new information or themes could be identified. 

These codes encompass a range of insights into parent-caregivers’ feedback on AI-based 
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learning apps, particularly regarding children’s performance, progress, and challenges in 

English learning. Table 5-6 presents an overview of all initial codes along with their 

associated content, providing a structured foundation for further analysis. 

 

Table 5-6. The 52 Initial Codes from the Interview Transcripts 

 

1. Vocabulary improvement 
 

2. Improved classroom performance (children’s performance in class received 
praise from teachers) 

3. Pronunciation praised by teachers 

4. Specific pronunciation issues improvement 

5. Limitations of AI apps in vocabulary acquisition (achieving complete mastery 
of a language through the app alone can be challenging) 

6. Improvement in pronunciation 

7. Pronunciation improvement in repetition practice 

8. Increased willingness to raise hands and speak in class 

9. Improved English test scores 

10. Learning new words and phrases 

11. Specific pronunciation issues improvement 

12. Increased interest in learning 

13. Enhanced motivation for learning 

14. Attention captured by multimedia features (animations, games, and 
interactive features increase children’s learning interest) 

15. Gamified learning experience (learning English feels like playing a game, 
making children more willing to participate) 

16. Appeal of animations and cartoon characters 

17. Age-appropriate game design (games in the app are suitable for different age 
groups) 
18. Real-time feedback system (the app provides immediate feedback on 
pronunciation, helping children correct their pronunciation errors more quickly) 

19. Increased confidence in class 
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20. Improved participation in English class 

21. Overcoming fear of speaking English 

22. Changed study habits 

23. Increased patience in learning 

24. Enhanced self-directed learning (children can independently focus on 
learning for longer periods) 

25. Reduced reluctance to studying 
 

26. Development of independent learning habits (children no longer need 
reminders and can study on their own) 

27. Convenience of learning anytime, anywhere 

28. Rich learning resources (AI tools provide a lot of learning materials) 

29. Savings on learning expenses 

30. Reduced teaching pressure on parents (the app can help parents check 
their child’s pronunciation) 

31. Young children lack self-discipline (young children need constant supervision 
from parents) 

32. Low Learning Efficiency Due to Distractions 

33. Difficult content (especially for children with weaker foundations) 

34. Loss of interest when facing challenge vocabulary 

35. Operational difficulties at first use (children need parental guidance when 
first using the app) 

36. Negative effects of animated characters (characters in opposition or 
intense scenes in animations may negatively influence children) 

37. Parental concerns about eye health 

38. High-performance device requirement 

39. Impact of unstable network connection (especially in rural area) 

40. Parental concerns about costs (parents reconsider using the app if it is too 
expensive) 
41. Lack of familiarity with technology among rural parents (some parents are 
unfamiliar with new technology, facing difficulties in using the app) 

42. Limited supervision time for parents (parents are busy sometimes and 
cannot supervise children for extended periods) 
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43. Importance of school and teacher recommendations (parents’ willingness to use 
AI learning apps is influenced by school recommendations and teacher experience) 

44. Expectation for personalised learning features (hope the app can 
automatically adjust difficulty based on the child’s level) 

45. Need for dialect support 

46. Offline mode requirement 

47. Need for a parental user guide (parents hope the app provides a simple user 
guide to better support children’s learning) 

 
48. Peer-support 

49. Enhanced feedback feature (parents hope the app provides insights on 
children’s learning progress to better support their development) 

50. Potential of AI to replace real teachers 

51. Parent-App communication and progress updates 

52. Integration of AI Apps with Classroom Learning 

 

Following the initial identification of codes, I conducted a systematic review to 

consolidate related codes, thereby generating basic themes that offer a clearer and more 

organised representation of parental perspectives. After this consolidation process, I 

simplified the coding framework, reducing the initial 52 codes to 25 more representative 

basic themes. This integrative approach minimised repetition and facilitated the 

development of a coherent thematic structure. 

 

For example, multiple parent-caregivers’ references to improvements in their children’s 

pronunciation, such as “teacher praise for pronunciation”, “specific pronunciation issues 

improvement,” “improvement in pronunciation”, and “pronunciation improvement in 

repetition practice” all pointed to a broader theme of pronunciation enhancement. 

Consequently, these codes were synthesised under thetheme ‘Pronunciation Accuracy 

Improvement’ to comprehensively capture parent-caregivers’ feedback on pronunciation 

development. 

 

In addition, I consolidated the codes based on their function or purpose, grouping those 

with similar or overlapping functional orientations into broader themes. For instance, the 
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codes ‘Improved participation in English class’ and ‘Overcoming the fear of speaking 

English’ both reflect an improvement in children's confidence during classroom learning. 

The former emphasises an increased willingness to raise their hands, actively participate in 

class activities, and demonstrate greater learning initiative, while the latter focuses on 

children gradually overcoming psychological barriers in language expression, allowing 

them to speak English more naturally without fear of mistakes or criticism. Although these 

two codes differ in detail, they both indicate an enhancement of children's confidence. 

Therefore, I combined them under the more representative theme ‘Improved Learning 

Confidence’. 

 

Finally, I ensured the retention of unique and nuanced perspectives that resisted 

categorisation, such as ‘a lack of familiarity with technology among rural parents’ and 

the diverse expectations for AI features, including ‘peer support’. This approach enriched 

the analysis and ensured that the thematic framework reflected a broad spectrum of parent-

caregivers’ needs and suggestions. 

 

In the subsequent stage of thematic integration, I systematically refined the 25 basic 

themes into a more comprehensive and representative set of 10 organizing themes. For 

example, feedback concerning learning outcomes and knowledge acquisition was 

synthesised into the theme “Knowledge Acquisition,” while codes related to children’s 

learning attitudes and motivation were grouped under the theme “Learner Attitudes and 

Motivation.” This iterative process elevated the codes to a thematic level, revealing 

prominent patterns within the data and providing a structured framework for further 

analysis. 

 

Through detailed analysis and systematic refinement, I consolidated the 10 organising 

themes into four global themes, providing a higher-level perspective on parents' feedback 

regarding their children’s use of AI-based learning applications for learning English. 

These four global themes are: ‘Learning Outcomes After Using the Application’, 

‘Parental Motivation’, ‘Potential Barriers’, ‘Suggestions for Future Improvements’, which 

together encompass the main areas of concern expressed in the parent-caregivers’ 

feedback. 
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In addition, I employed Thematic Network Analysis (Attride-Stirling, 2001) to 

systematically reveal the connections and hierarchical structure among the themes 

within the data. Thematic Network Analysis presents the basic, organising, and global 

themes in a network-like visualisation, which not only facilitates an understanding of 

the logical relationships between themes but also enhances the transparency and 

interpretability of the research findings (Braun & Clarke, 2021). To further clarify the 

logical relationships and hierarchical structure among the themes, I employed mind 

maps as a visualisation tool (see Figure 5-6). This approach clearly illustrates the 

intrinsic connections among themes at various levels, helping researchers and readers 

better understand the layered structure and interaction patterns within the data. 

 

Figure 5-6. Thematic Network of Parental Feedback on AI Learning App Usage 
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5.2.2 Reflection on my own position in the research process 

 

In conducting this analysis, I became increasingly aware that my cultural background, 

educational experiences, and familiarity with AI technology might shape my 

interpretation of the data. As a Chinese international student, my academic training and 

perspective may have influenced my understanding of feedback from both rural and 

urban parents. This observation is consistent with the claim made by Palaganas et al. 

(2017) that a researcher’s reflexivity plays a critical role in shaping their interpretation of 

complex issues, particularly in data analysis. For instance, as a supporter of AI 

technology, I may be predisposed to highlight positive feedback on AI applications, 

potentially overlooking concerns or difficulties expressed by parent-caregivers. 

Furthermore, my educational and technological outlook may differ significantly from 

that of parent-caregivers in rural areas, indirectly affecting my perception of their 

specific needs and challenges. For example, while I might prioritise the advanced 

features of AI technology, rural parent-caregivers may place greater value on essential 

functions due to unstable internet connections or device limitations. Additionally, the 

cultural background and communication style of rural families differ from my urban 

environment, which may lead to biases when interpreting their responses during 

interviews. 

 

To mitigate the influence of personal perspectives, several methodological strategies 

were implemented to enhance analytical objectivity. First, systematic reflection and 

documentation were maintained throughout each stage of analysis, especially during 

coding, to balance diverse viewpoints in the data. Second, to increase methodological 

transparency, a third-party review was conducted by my supervisors, who examined the 

coding framework and critiqued the thematic categorisation to ensure a balanced 

representation of parent perspectives. Specifically, in integrating themes, equal weight 

was given to feedback that diverged from my expectations and to the viewpoints of  

rural parents. For example, during the coding process, rural parent-caregivers' 

perspectives were retained as separate codes to ensure their feedback was fully and 

independently represented. Additionally, parent-caregivers’ concerns regarding AI 

functionalities were treated as distinct themes rather than secondary opinions. These 

reflexive practices enhance the transparency of the analytical process, allowing the final 
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analysis to acknowledge personal limitations while accurately reflecting participants' 

diverse experiences.
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   (Interviewee 7) Since my kid started using this English learning app, I’ve really noticed his vocabulary has gotten much 

better Like, before, he could only say some basic stuffs, you know, like “cat” or “apple.” But now, he knows more words, 

and he can even put together simple sentences all by himself. It’s honestly such a big change! 

(Interviewee 4) He has recognised more words. 

 

(Interviewee 2) To be honest, I think the support these apps provide is limited, and the results are just so-so. I mean, they’re 

basically all about teaching kids vocabulary through memorisation and repetition. But, you know, young kids isn’t fully 

developed yet, so they end up forgetting most of what they learn. Like, if you teach them 10 words, they might only remember 

2 or 3 well, with more practice, they might improve a bit, but I don’t think you can really rely on an app like this to fully 

help a child master a second language. 

(Interviewee 6) I am not very familiar with these. 

 

 

a.1.2 Pronunciation 

Accuracy 

Improvement 

(Interviewee 5) My child’s pronunciation has improved a lot. They used to have to repeat words several times to get them 
right during follow-along sessions, but now, I’ve noticed they can get it right much quicker. 

(Interviewee 1) My child came home from school excitedly telling me that the teacher praised his pronunciation. 

 
(Interviewee 3) My child used to struggle with pronouncing certain words correctly, especially sounds like "th" and "r." He’d 

always get them mixed up. But lately, I noticed that his pronunciation is so much clearer when he reads aloud, and he barely 

makes those mistakes anymore. 

(Interviewee 4) …and his pronunciation of words has also improved. 
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a.2 Learner Attitudes 

and Motivation 

 

 

 

 

a.2.1 Impact of 
 
Gamification on Learning 

Interest and Motivation 

(Interviewee 1) Honestly, I think this app really gets my kid interested in learning English. She enjoys following along, 

reading, and even singing with it. It’s such a big change from before when she thought memorizing vocabulary was boring. 

Now she’s way more into it and even wants to learn on her own. 

(Interviewee 5) Our kid’s only 5 and, honestly, he just loves playing. Sitting still with a boring book? That’s not gonna 

happen. But these learning apps, they totally grab his attention with all the animations, games, and interactive stuff. It’s like 

learning English turns into a game for him, and he gets so into it—it’s actually fun  for him! 

(Interviewee 7) Kids love cartoons, so adding that into the learning just makes it way more fun and keeps them interested. 

 

(Interviewee 4) Itotally agree—this kind of app is great for getting kids interested in learning. The games are engaging, and 

the simple gameplay is perfect for their age. Plus, the cute cartoon characters really grab their attention. Even though they’re 

learning a language, it feels more fun, and it helps them enjoy the whole process. 

(Interviewee 2) If I had to pick the best part, I’d say it’s the games. They really help kids practice the words they’ve learned 

while playing, so it makes learning way more fun and effective. These modern apps are so much better at keeping kids 

engaged—they’re learning and having fun at the same time, and it really cuts down on their resistance to learning English. 

 

 

a.2.2 Increased Learning 

Confidence 

(Interviewee 8) Her teacher told me she’s way more confident in class now. Before, she never raised her hand to answer 

questions or speak English. When I asked her why, she’d say she didn’t know the answers and was scared of making mistakes 

or feeling embarrassed. But since she started using this AI app, she’s been practicing listening and speaking at home and 

seems so much braver. The teacher even said she raises her hand more and is way more active in English class. Her 

pronunciation’s been praised too, which she never thought could happen before. It feels like the app really helped her get 

over her fear of speaking English. 

(Interviewee 5) After using this application, I noticed a improvement in my child’s confidence. 
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a.3 Behavioural Changes 

 

 

a.3.1 More Engaged with 

Learning 

 

(Interviewee 1) I’ve noticed a change in her habits. Like, she used to really struggle to sit still. If I asked her to read a book 

on her own, she’d get distracted and start fidgeting in just a few minutes. But ever since she started using this app, I’ve seen 

her focus for much longer. 

(Interviewee 3) I’ve noticed a big change in his patience for learning. He used to lose focus just a few minutes into reading 

or studying and would get frustrated really quickly. But since he started using this app, his attention span has gotten way 

better, and he can actually stay focused on his lessons for much longer without getting distracted. 

 

 

a.3.2 Increased Self- 

Directed Learning 

 

(Interviewee 7) He’s actually started to enjoy English now. Like I said before, he used to hate reading vocabulary, but 

learning on the phone has made him so much less resistant. Now, when he gets home, he’ll even take the initiative to study 

English and read the vocabulary out loud—he never used to do that before. 

(Interviewee 5) He’s way more interested in learning English now. Before, I had to keep reminding him to study, but these 
days, he just grabs his phone or tablet and starts learning on his own without me having to say anything. 

  

 

a.3.3 Culture Curiosity 

 

(Interviewee 4) This app has actually taught my kid a lot about the festivals and customs in English-speaking countries, like 

where Thanksgiving and Halloween come from and their traditions. She can even explain it all in detail! What’s really cool 

is she’s not just sitting back and taking it in—she’s also asking me and her mom all these questions, which shows she’s 

curious about the culture. It’s like she’s not just learning the language, but also seeing the world differently. This increased 

cultural awareness is something I never expected. 

(Interviewee 3) She really enjoys learning now, loves chatting with foreigners, and has even started talking about studying 
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   abroad someday. 

 

 

 

 

b. Parental 

Motivation for 

using AI-based 

learning 
applications 

 

 

b.1 Flexibility in 
Learning 

 

 

b.1.1 Enables learning at 

any time and place 

(Interviewee 7) Using this AI tool, my child can now learn English right at home just by using a smartphone, which is much 

more convenient. They can study whenever they have some free time, and there are so many learning resources easily 
accessible. 

(Interviewee 8) Honestly, we don't need to send our kid to English tutoring classes anymore. Now they can learn English 
anytime, anywhere, right at home. 

(Interviewee 2) It’s very convenient … they can learn at home anytime. 

 

 

b.2 Cost-Effectiveness 

 

 

b.2.1 Affordable pricing 

(Interviewee 7) Before, parents used to send their kids to all kinds of extracurricular classes to learn English, but now we 

don’t have to rush around to different training centres anymore. It really saves a lot of time, effort, and money... plus, it’s 

way more affordable than those traditional tutoring classes. 

(Interviewee 5) Most of these apps are free, so they don’t add any extra financial stress on families when it comes to their 
kids’ education. 

 

 

b.3 Reducing Parental 
Stress 

 

 

b.3.1 ASR-based 
pronunciation feedback: 
Reducing the stress of 
Homework 
Supervision for Parents 

(Interviewee 1) I think this feature is really practical because, as a parent, what I care about most is whether my kid’s 

pronunciation is correct. At her age, just memorizing words is hard enough. This feature is amazing—it saves us so much 

time and effort. My husband andIdon’t have to look up every single word to check her pronunciation anymore. Honestly, 

sometimes we’re not even sure about the correct pronunciation ourselves, and we worry about teaching her the wrong way. 

(Interviewee 8) The teacher often gives reading words as homework and sometimes asks parents to check their kid’s 

pronunciation. Honestly, I don’t know much about English and can’t really tell if she’s saying the words right. In those 

moments, I just nod along, not feeling too sure. But with this speech recognition feature, it’s so much easier! The app 

automatically picks up on her pronunciation and gives instant feedback. If she makes a mistake, it points it out and shows 

her the correct way to say it. This way, she learns more accurately, andI don’t have to stress about not understanding or 
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   teaching her the wrong way. 

 
(Interviewee 5) As parents, we want to help our kids practice, but pronunciation can be tricky because it’s so easy to be 

influenced by accents. Honestly, our own pronunciation isn’t perfect either, so we’re often hesitant to teach them ourselves— 

worried we might pass on the wrong way to say things. But this app is great because it can accurately pick out where my 

kid’s pronunciation needs improvement. It really takes the pressure off us and makes sure they’re learning the right way. 

 

 

 

 

c. Potential barriers 

to using AI apps 
for learning 

 

 

 

 

c.1 Barriers related to 

children 

 

 

 

c.1.1 Lack of Focus 

(Interviewee 1) My child doesn’t have much self-discipline, so I have to be there all the time to supervise and make sure they 
stay on track...Not open other entertainment apps. 

(Interviewee 5) I think kids are still pretty young and not fully developed when it comes to self-discipline and managing 

themselves, which is something we parents worry about. A lot of the time, when they’re using AI apps to learn, they get 

distracted really easily—one-minute they’replaying games, and the next they’re watching cartoons. This makes their learning 

less efficient and pulls them away from their original goals. 

(Interviewee 3) The biggest problem is that he has trouble staying focused and gets distracted really easily. He’ll start 

studying but then end up playing with something else. So, my husband and I always have to sit with him, keeping an eye on 

him and encouraging him to stay on task. But honestly, we’re both busy with work and can’t always be there with him. 

Because of that, his learning isn’t as effective. When we’re not around, he tends to slack off with the app, doesn’t take it 

seriously, and has a hard time sticking to it. 

 

c.1.2 Difficulty with 

Content 

(Interviewee 7) The main problem is that sometimes the content is just a bit too hard. My child already has a weakfoundation 
in English, so when the material gets too challenging, he really struggles to keep up and has a hard time understanding it. 

(Interviewee 2) Sometimes the content in the app can be quite challenging, especially when it comes to difficult words. My 
child struggles with pronunciation in those situations, so I usually play the pronunciation multiple times, hoping he can pick 
it up. However, I’ve noticed that if he feels he can’t pronounce the words correctly, he quickly loses interest and may even 
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   become reluctant to continue practicing altogether. 

 
(Interviewee 4) The app’s content difficulty could use some adjustment. I mean…some of the material is just too hard for 
young kids, and they can’t remember really long words at all. 

 

c.1.3 Complex Interface 

(Interviewee 2) My child is still pretty young, so at first, he didn’t really know how to use the app. He wouldjust tap on things 
randomly and needed us to be there to guide him step by step. 

(Interviewee 5) When my kid first started using the app, he felt pretty overwhelmed. The menus were confusing, and he had 
no idea where to start. We had to sit down with him, go through it together, and show him how to use it step by step. 

 

c.1.4 Inappropriate 
 
Content 

 

(Interviewee 2) Sometimes the cartoons have bad guys and intense scenes that are just too much for little kids. They don’t 

really get why the characters are fighting, and they might end up copying the bad behaviour. If the kids are already a bit 

rebellious and like to copy things, it could lead to some bad habits. 

 

 

 

c.1.5 Eye Health 

(Interviewee 6) His mom’s always saying he should spend less time on his phone because it’s bad for his eyes. The kid next 
door already has to wear glasses, and he’s so young—we really don’t want that to happen to him as well. 

(Interviewee 7) Spending too much time staring at a phone screen can also be harmful to the eyes. 

 
(Interviewee 3) Yeah, and too much screen time can really hurt her eyes. If her vision starts getting worse, I’ll probably have 
to cut down on how much time she spends on the screen. 

(Interviewee 4) We always make sure to limit his screen time at home because we don’t want him ending up needing glasses 
so young. 
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c.1.6 Technical Barriers 

(Interviewee 7) I’ve noticed that the app seems to require a more advanced phone to run smoothly. Our family has an average 

financial situation and we’re using an older device, and the app keeps freezing or crashing. My kid ends up losing his 

progress and has to start over, which really frustrates him. It’s especially tough when he’s finally motivated to learn—it just 

kills his interest and makes learning way less effective. 

(Interviewee 8) Another problem is the internet connection. In our rural area, it’s often slow and unstable. If the app needs 

to be online all the time, it gets really frustrating. Sometimes, just as my kid gets into learning, the connection drops, and 

it messes up their progress. It’s hard for them to stay focused and motivated like that. 

 

 

 

 

c.2 Barriers related to 

parents 

 

 

c.2.1 Cost 

(Interviewee 7) I have to think about cost-effectiveness. As he gets older, he’ll need tutoring in other subjects … Chinese and 

math, for example. If the app charges a fee, we might not go for it because, honestly, I don’t think it’s as effective as 
having a real teacher. 

(Interviewee 1) We also have to think about the cost. My husband and I are planning to enrol her in offline one-on-one 

tutoring classes. If the app stays free, we’d use it occasionally, and that’s fine. But if it starts costing more than what we’d 

pay for tutoring, we probably wouldn’t keep using it. I’d be okay with paying up to a third of what we’d spend on offline 

classes since I see the app more as a supplementary tool to get her interested. 

(Interviewee 6) If it gets more expensive, her parents will probably have to think about whether it’s really worth the cost. 

 

c.2.2 Requires a lot of 

time for supervision 

(Interviewee 1) If parents are really busy, they don’t have much time to sit with their kid while using the app, especially since 

they also need to help with other schoolwork and only have so much time in the evening. It’dbe much better if the app helped 

kids learn on their own without needing us to constantly supervise. 

(Interviewee 2) It really depends on our schedules. If my husband and I get too busy with work, we might not be able to keep 

supervising our child’s learning regularly. In that case, we’d probably look into offline tutoring classes where the teachers 

can directly guide and support them. 
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c.2.3 Lack of Familiarity 

with Technology Among 

Rural Parents 

 

(Interviewee 6) Ifeel like I’m falling behind the times and don’t really get how all these new technologies work. 

 

(Interviewee 8) Well... I'm not familiar with that AI technology. 

 

 

c.2.4 More reliance on 

traditional education 

models 

(Interviewee 5) I think these apps are more like extra tools and shouldn’t be something we totally depend on. Kids should 

still focus on learning at school in the end. What they learn in class and the teacher’s guidance matter the most. You can’t 

expect an app alone to get them perfect test scores. 

(Interviewee 1) It really depends on the schoolteachers. If they recommend using it at home, we’ll keep using it. But if they 
say it’s not a good idea, we’ll probably drop it. 

(Interviewee 2) I think this app is just a supplementary tool for learning English. Teachers have more teaching experience 

and can provide face-to-face instruction. In the classroom, teachers can monitor children’s learning progress in real-time 

and address issues immediately. With teachers’ involvement, we as parents feel more at ease. 

I think this app is just an extra tool to help with learning English. Teachers have way more teaching experience and can 

teach face-to-face. In class, they can keep an eye on kids’ progress and fix any problems right away. With teachers involved, 

we as parents feel a lot more comfortable. 

d. Future 

suggestions of AI- 
based learning 

d.1 Functional 

improvements 

 

d.1.1 Peer-support 

(Interviewee 5) I hope in the future, this app can have a smart reading companion feature. Well,just like a friend who learns 

with the kid. It could teach them English, chat with them, and even play games…learning would feel more fun and not like 
such a task. 
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application 

enhancements 

  

 

 
d.1.2 Enhancing Teaching 
 
Functions 

 

(Interviewee 1) I hope these AI applications can continue to advance, perhaps even reaching a level where they can replace 
real teachers. If AI could teach children as effectively as a teacher, that would be amazing. 

(Interviewee 3) I hope that in the future, AI applications can better understand each child’s needs. For instance, the app 

could automatically adjust the difficulty level based on my child’s abilities, avoiding content that’s too  challenging. 

Enhancing personalised features would be a great addition since every child learns differently. It would be even better if the 

content could be tailored to my child’spreferences. 

 

 

d.1.3 Improving Parent 

Support Features 

 

(Interviewee 2) I hope they can develop more intelligent features, primarily to improve children's English proficiency... It 

would be helpful if these AI apps were designed to be more user-friendly, with features like clear learning plans and 

reminders to help parents keep track of their children’s progress. Even if we’re busy, our kids would still be able to stay on 

track with their learning. 

(Interviewee 3) Moreover, better communication with parents would be helpful, such as providing updates on what the child 
has learned and their progress, so we can have a clearer understanding of their learning journey. 

 

d.1.4 Integration of AI 

Applications with 

Traditional Teaching 

 

(Interviewee 5) I believe it would be ideal if schoolteachers could integrate this type of learning app into their classrooms. 

Traditional teaching methods can sometimes be a bit monotonous, but teachers’ guidance is essential since they have more 

experience working with children. Combining both approaches would likely lead to better learning outcomes. 
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d.2 Technology 

competence 

 

d.2.1 Offline Functionality 

 

(Interviewee 8) I think it’d be awesome if the app had an offline mode. That way, even if the internet isn’t great, kids could 

keep learning without any interruptions. For places with unstable connections, this would make it so much easier for kids to 

use the app without any worries. 

 

 

d.2.2 Support for dialects 

 

(Interviewee 7) I really hope these AI apps can be simpler and easier to use, and it’dbe great if they supported dialects too. 

In our community, a lot of people speak in dialects since their Mandarin isn’t very standard, which makes using the app a 

bit tricky. If the app could recognise and understand dialects, it’d be so much better—I mean it’d help parents get more 

involved in their kids’ learning. 

 

d.2.3 Adult education: 
 
Parental Support and 

Training 

 

(Interviewee 3) It’d be really helpful if the app could share more updates with parents, like what the child has learned and 
how they’re doing…we’d have a better idea of their progress and could support them more effectively. 

(Interviewee 8) Besides the network issues I mentioned, I really hope future apps can think about getting parents involved, 

especially for those of us who aren’t great with tech. It’dbe helpful to have simple guides or even a bit of training—not just 

for the kids, but for parents too—on how to use the app properly. So we can support our kids better and make the whole 

learning process smoother. 
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5.2.3.1 Learning Outcomes after children use AI-based learning applications 

 

5.2.3.1.1 Knowledge Acquisition 

 

This section presents a comprehensive account of parents' and caregivers' feedback on 

their children's learning outcomes following the use of AI-based learning apps. The 

feedback not only covers changes in children's knowledge acquisition but also includes 

shifts in their behavioural habits, improvements in learning attitudes, and an increase in 

learning motivation. 

 

Specifically, parents and caregivers reported that AI-based learning applications had a 

significant impact on their children's vocabulary acquisition. Half of the parents noted 

that their children encountered a broader range of words through these apps, resulting in 

a substantial increase in their vocabulary. One parent further observed that their child's 

language development extended beyond word memorisation, evolving from mastery 

of basic vocabulary to the independent construction of simple sentences (sub-code a.1.1; 

Interviewee 7). Additionally, parents observed that these gains were not limited to 

vocabulary improvement but also positively influenced their children's English learning 

performance. For instance, one parent highlighted that their child’s homework 

completion rate improved markedly, earning praise from the teacher (sub-code a.1.1; 

Interviewee 1). Another parent mentioned a significant improvement in their child's 

performance on English tests (sub-code a.1.1; Interviewee 3), suggesting that AI-based 

learning applications contributed to academic success. 

 

Moreover, approximately half of parents and caregivers noted substantial improvements 

in their children's English pronunciation. For example, one parent reported that their child 

no longer needed to repeat words multiple times during reading exercises and was able 

to pronounce them correctly more quickly (sub-code a.1.2; Interviewee 5). Another 

parent shared that their child overcame challenges with certain sounds, particularly making 

notable progress with sounds such as ‘th’ and ‘r’ (sub-code a.1.2; Interviewee 3). 
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While some parents emphasised the positive impact of AI-based learning applications on 

learning outcomes, others expressed concerns about their effectiveness in supporting 

children's L2 learning. One parent highlighted that these applications predominantly 

rely on memorisation and repetition to teach vocabulary, which may not be suitable for 

children whose cognitive abilities are still developing. Consequently, children often 

forget much of what they have learned. Although continuous practice may lead to some 

improvements, the parent remained doubtful about whether these apps could genuinely 

facilitate comprehensive mastery of a second language (sub-code a.1.1; Interviewee 2). 

These observations underscore the limitations of AI-based learning applications, 

particularly when relying on rote memorisation, as they may struggle to ensure long-

term retention or support the full acquisition of a second language (Lee et al., 2015). 

 

Furthermore, a parent from a rural area noted their unfamiliarity with these applications 

(sub-code a.1.1; Interviewee 6), suggesting that access to or understanding of such tools 

may present a barrier for some families. 

 

In conclusion, parents’ feedback indicates that AI-based learning applications have been 

notably effective in enhancing children's vocabulary and pronunciation and have had a 

significant impact on their academic performance and language development. These 

positive outcomes have been widely acknowledged in both home learning and classroom 

settings. 

 

5.2.3.1.2 Learner Attitudes and Motivation 

 

In the discussion of learning attitudes, almost two-thirds (63%) of parents and caregivers 

reported that AI-based learning applications significantly enhanced their children's 

interest and motivation in learning English. Gamified learning and multimedia content 

are known to effectively increase learner motivation and engagement, particularly in 

language learning contexts (Dehghanzadeh et al., 2021). Specifically, the application's 

use of animations, games, and interactive features effectively captured the children's 

attention, transforming English learning into an enjoyable and engaging experience. 

This design significantly stimulated the children's enthusiasm for learning, encouraging 
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them to actively participate in educational activities (sub-code a.2.1; Interviewees 1, 4, 2, 

5, 7). Additionally, two parents specifically highlighted that these applications were 

particularly effective for younger children (sub-code a.2.1; Interviewees 4, 5). The use of 

cartoon characters and engaging design elements not only enhanced the enjoyment of 

learning but also was consistent with the cognitive development stages and interest 

preferences of younger children. 

 

Furthermore, the use of AI-based learning applications significantly enhanced the 

children's confidence in both learning and using English. One parent reported that their 

child, who had previously avoided speaking in English class due to a fear of making 

mistakes, became more confident and began actively participating in class discussions 

after using the app (sub-code a.2.2; Interviewee 8). Another parent noted that their child 

showed greater confidence, willingly engaging in English-related activities after using the 

application (sub-code a.2.2; Interviewee 5). These experiences suggest that the 

application's continuous practice and positive feedback mechanisms played a crucial 

role in fostering the children's confidence in their language abilities. 

 

5.2.3.2 Behavioural Changes 

 

Many parents reported positive changes in their children's learning behaviours. The 

interactive features of AI-based learning tools enhanced children's engagement in learning 

and fostered greater independence, reducing their reliance on external supervision. 

Specifically, around a quoter of parents observed a significant improvement in their 

children's focus and engagement after using AI-based learning applications. For instance, 

one parent noted that their child, who had previously struggled to remain still and would 

often become distracted while reading, was now able to sustain focus for longer periods 

(sub-code a.3.1; Interviewees 1 and 3). Furthermore, AI-based learning applications 

appeared to enhance children's independent learning abilities. One parent shared that their 

child, who had once resisted vocabulary memorisation, now independently reviewed and 

recited words at home (sub-code a.3.2; Interviewee 7). Another parent indicated that, 

while frequent reminders were once necessary, their child now initiated learning sessions 

on a phone or tablet without further prompting (sub-code a.3.2; Interviewee 5). These 
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findings suggest that AI-based learning applications not only contribute to language skill 

development but also play a significant role in developing independent learning habits. 

 

In addition to academic participation, AI-based learning applications have stimulated 

children's interest in cultural learning. One parent reported that their child had learned 

about various festivals and customs in English-speaking countries, such as Thanksgiving 

and Halloween, and was able to explain these traditions in detail. This increased cultural 

awareness prompted the child to actively ask questions, demonstrating a strong curiosity 

about cultural understanding (sub-code a.3.3; Interviewee 4). Another parent noted that 

their child now enjoys engaging with foreigners and has even started discussing plans for 

studying abroad in the future (sub-code a.3.3; Interviewee 3). This cross-cultural learning 

not only expanded the child's knowledge but also fostered greater respect and 

understanding of diverse cultures. Furthermore, this curiosity can serve as motivation to 

learn related knowledge (Singh & Manjaly, 2022). 

 

5.2.3.3 Parent-caregivers’ Motivationfor using AI-basedlearning applications 

 

This theme examines the factors motivating parents to choose AI-based learning 

applications. The research identifies three key reasons: the flexibility of learning anytime 

and anywhere, the cost-effectiveness of the applications, and their potential to reduce 

parent-caregivers’ educational stress. These factors were found to be the primary 

motivations behind parent-caregivers’ decisions to encourage their children to use these 

tools. 

 

5.2.3.3.1 Flexibility in Learning 

 

Around one- third of parents reported that these applications substantially improve the 

convenience and accessibility of their children's learning. Some parents mentioned that 

their children can use smartphones to study English at home, making efficient use of  

their free time while accessing a variety of learning resources (sub-code b.1.1; 

Interviewees 2 and 7). Additionally, some parents reported that these applications allow 
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their children to avoid traditional English tutoring classes, enabling independent study 

according to their own schedules, thus reducing the burden on parents (sub-code b.1.1; 

Interviewee 8). This flexibility not only reduces parents' time and financial pressures but 

also offers children a more personalised learning experience. This change is especially 

significant in the context of China's 2021 ‘Double Reduction’ policy, which restricts the 

expansion of traditional tutoring classes. As a result, many parents and students now 

turn to alternative learning tools, such as AI-based learning applications, to meet 

educational needs. 

 

5.2.3.3.2 Cost-Effectiveness 

 

In addition, the cost-effectiveness of AI-based learning applications plays a significant 

role in parent-caregivers' decision-making process. One parent pointed out that, in 

comparison to traditional or one-on-one tutoring classes, these applications are more 

affordable, resulting in savings in both time and financial resources (sub-code b.2.1; 

Interviewee 7). Another parent added that many of these applications are free, which 

effectively eases the financial burden of family education while still providing high-

quality learning support for children (sub-code b.2.1; Interviewee 5). 

 

5.2.3.3.3 Reducing Parent-caregivers’ Tutoring Stress 

 

Moreover, the speech recognition feature of AI-based learning applications plays a 

crucial role in reducing the tutoring stress on parent-caregivers. This pressure primarily 

arises from parent-caregivers' uncertainty regarding the correct pronunciation of words 

when assisting their children. According to one-third of the interviewed parents, this 

feature automatically detects and corrects pronunciation errors, offering immediate 

feedback. For parents with limited confidence in their own English proficiency, this 

functionality reduces concerns about potential teaching inaccuracies, thereby easing the 

pressure they experience when guiding their children (sub-code b.3.1; Interviewees 1, 5, 

8). 
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5.2.3.4 Potential barriers to using AI-based applications for learning 

 

The potential barriers to using AI-based learning applications can be broadly categorised 

into two main groups: child-related barriers and parent-related barriers. These 

challenges primarily focus on the practical use of the applications, including children's 

usage and learning habits, as well as the challenges parent-caregivers face in terms of 

resource investment, technical support, and educational philosophy. These barriers 

reflect the limitations of AI-based learning tools in practice. 

 

5.2.3.4.1 Barriers related to children 

 

Some parents reported challenges with their children's attention and self-discipline while 

using AI-based learning applications. During the interviews, parents mentioned that 

continuous supervision was necessary to ensure their children remained focused on 

learning tasks (sub-code c.1.1; Interviewee 1). Additionally, some parents indicated that 

younger children still struggle with self-management and resisting distractions. 

Interviewees 5 and 3 (sub-code c.1.1) noted that their children had difficulty maintaining 

focus, frequently becoming distracted while using the AI-based learning applications, 

switching between playing games and watching cartoons, which led to decreased learning 

efficiency. These findings are consistent with existing research on the impact of screen 

use on children's attention. Studies have shown that extended use of screen-based devices, 

particularly those with rapidly changing content, can shorten children's attention spans 

(Vedechkina & Borgonovi, 2021). 

 

In addition to concerns regarding attention, parents expressed concerns about the difficulty 

level of the application's content. One parent noted that some materials were too 

challenging for children with limited English proficiency, causing them to fall behind 

and experience frustration (sub-code c.1.2; Interviewee 7). Another parent mentioned that 

when children struggled with pronunciation or complex vocabulary, they often lost 

interest and refused to continue practising (sub-code c.1.2; Interviewee 2). Research has 

shown that excessive difficulty can lead to frustration, thereby diminishing learners' 

motivation (Cai et al., 2023). 
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Some parents expressed concerns that the application's interface might confuse 

children (sub-code c.1.3; Interviewees 2 and 5), with this issue being particularly raised by 

parents of younger children. One parent noted that their child struggled to navigate the 

application initially and required step-by-step guidance (sub-code c.1.3; Interviewee 2). 

The importance of interface simplicity and user experience design in educational 

technology has been widely discussed. Research indicates that for younger children, a 

clear and intuitive interface is essential for effective use, as it can enhance their learning 

engagement and efficiency (Masood & Thigambaram, 2015). 
 

Concerns regarding the content of educational applications have been raised by one 

parent, particularly with respect to their appropriateness for young children. She 

mentioned that the “villain” characters or intense scenes in the animations could 

potentially confuse children and even encourage them to imitate negative behaviours 

(sub-code c.1.4; Interviewee 2). In addition, excessive screen time is frequently cited by 

parents as a significant health concern, with many associating extended uses with 

potential harm to children's eyesight. Half of the parents were worried that extended use 

of the app could adversely affect their children's eye health, and several have 

proactively implemented measures to limit screen time to prevent the early onset of  

vision problems (sub-code c.1.5; Interviewees 3 and 4). 

 

Finally, technical issues, particularly the limitations of device performance and network 

stability, were frequently mentioned by most rural parents. They reported that the 

application’s requirement for high-performance devices often led to interruptions in 

children’s learning due to lag or crashes on older devices, thereby negatively impacting 

learning progress (sub-code c.1.6; Interviewees 7 and 8). Technical challenges and device 

requirements are common barriers in educational technology. Studies have consistently 

shown that device performance and network stability directly influence the effectiveness 

of online learning (T. Chen et al., 2020). 

 

5.2.3.4.2 Barriers related to parents 
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Time and cost are significant barriers preventing parents from choosing to use the 

application. Although many applications are available for free, a proportion of parents 

expressed concerns regarding the costs associated with premium features or subscriptions. 

One parent mentioned that, due to the need to pay for additional tutoring in other subjects, 

they may prioritise traditional tutoring over paid applications (sub-code c.2.1; 

Interviewee 7). Another parent indicated that they consider the application as a 

supplementary tool and would only continue its use if the costs were limited to less than 

one-third of the price of offline tutoring (sub-code c.2.1; Interviewee 1). 

 

Additionally, around a quarter of parents highlighted that supervising their children’s use 

of the application required a significant amount of time. They noted that this could lead to 

a very tight schedule (sub-code c.2.2; Interviewee 1). If their work becomes busier, they 

may be more willing to choose offline tutoring, as it offers direct teacher support and 

guidance (sub-code c.2.2; Interviewee 2). 

 

Some parents also prefer traditional educational methods. Three parents argued that AI-

based learning applications serve only as supplementary tools and cannot replace formal 

schooling. One parent emphasised that classroom teachers can provide real-time guidance 

and monitor their child's learning progress, thus offering more reliable educational 

support (sub-code c.2.4; Interviewee 2). Another parent noted that the decision to use 

the application is contingent on the teacher's recommendation; if the teacher does not 

endorse it, they are likely to discontinue its use (sub-code c.2.4; Interviewee 1). In 

general, parents place greater importance on the value of teachers' instructional 

experience and face-to-face interactions for supporting their children's learning, as 

compared to learning through apps; this view is consistent with previous research (Aruta 

et al., 2019). 

 

For most rural parents, unfamiliarity with technology presents a challenge. Several rural 

parents admitted to being unfamiliar with modern technology, which makes it difficult for 

them to support their children's use of AI-based learning applications (sub-code c.2.3; 

Interviewees 6 and 8). 

 

5.2.3.5 Future Suggestions for AI-based Learning Application Enhancements 
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To optimise AI-based learning applications, parent-caregivers have provided valuable 

insights that can be categorised into two primary aspects: functional enhancements and 

technology competence. 

 

Regarding the future optimisation of these tools  learning applications, parent-caregivers 

have expressed a desire for greater interactivity and personalised support in AI-based 

learning applications. Specifically, they advocate for the integration of advanced teaching 

functionalities and improved systems for parent-caregiver collaboration. These features 

aim to foster a more engaging and enjoyable learning experience for children while 

simultaneously ensuring measurable educational outcomes. 

 

In terms of enhancing technical capabilities, parent-caregivers have highlighted the 

importance of technical features such as offline functionality, support for regional 

dialects, and resources tailored for parent training and engagement. These enhancements 

are particularly critical for reducing technical barriers, improving usability, and 

broadening access to education, especially in rural or resource-constrained areas (Hillier, 

2020). Moreover, these improvements are expected to enable parent-caregivers to play an 

active role in their children’s education, thereby enhancing overall learning efficacy. 

 

5.2.3.5.1 Functional improvements 

 

In the interview, one parent suggested that introducing peer-support features could better 

support student engagement and enjoyment in AI-based learning applications. He 

specifically proposed adding an innovative feature called the ‘Smart Reading Companion’. 

This AI virtual assistant would accompany children in learning English, interact with them, 

and even participate in games, creating a supportive and engaging learning environment 

(sub-code d.1.1; Interviewee 5). Research indicates that peer interaction and engagement 

significantly enhance learning outcomes (Hilts et al., 2018), provide emotional support, 

and help learners develop a sense of belonging during the learning process (Zhao et al., 

2021). 
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Another parent suggested that the application should incorporate more advanced 

personalisation features, such as automatically adjusting content difficulty based on 

children's learning abilities and preferences, to better meet the needs of each individual 

child (sub-code d.1.2; Interviewee 3). Research highlights that integrating personalised 

learning with AI-driven adaptive systems significantly enhances learning outcomes, 

particularly for students with diverse abilities. Dynamic content adjustment can 

effectively address the diverse needs of learners (Kolluru et al., 2018). 

 

Additionally, one parent emphasised the importance of enhancing the application’s 

usability, including user instructions and progress monitoring tools. He proposed that the 

application integrate features such as clear learning plans, progress tracking, and reminder 

notifications to enable busy parents to effectively supervise their children's learning (sub-

code d.1.3; Interviewee 2). Furthermore, parents suggested improving communication 

functionalities by providing regular updates on their children’s learning content and 

achievements. These enhancements would offer parents a more comprehensive 

understanding of their children's progressand and foster greater engagement in the 

educational process (sub-code d.1.3; Interviewee 3). Empirical studies underscore that 

parent-caregivers’ involvement is a critical determinant of children’s learning outcomes, 

particularly in technology-assistede ducational environments (Gonzalez-DeHass et al., 

2022). These findings suggest that enhancing personalised support and parent 

collaboration features is a critical direction for improving AI-based learning applications. 

 

Some parents have suggested integrating AI-based learning applications with traditional 

classroom instruction. One parent noted that traditional teaching methods can sometimes 

appear monotonous, whereas the use of AI tools not only enhances the engagement and 

dynamism of the content but also complements the teacher's central educational role. 

This hybrid approach could further improve teaching effectiveness (sub-code d.1.4; 

Interviewee 5). Blended learning models, which combine AI-based applications with 

conventional teaching, have been shown to provide students with broader educational 

opportunities and a richer learning experience (Cunningham, 2014). Research indicates 

that this model significantly enhances the academic performance and learning efficiency 

of remote students. 
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Furthermore, another parent expressed their expectations for the future development of 

AI technology, predicting that AI will eventually evolve to a level where it can 

effectively replace human teachers (sub-code d.1.2; Interviewee 1). 

 

5.2.3.5.2 Technology competence 

 

In areas with unstable internet connections, most rural parents (around two-thirds of the 

participants) expressed a desire for the app to support offline functionality. One parent 

pointed out that this feature would enable children to continue their learning even 

without an internet connection (sub-code d.2.1; Interviewee 8). This need is especially 

crucial in rural or resource-limited areas. Research suggests that learning apps with 

offline capabilities not only provide continuous learning opportunities for students in 

remote areas but also help address some of the challenges associated with the unequal 

distribution of educational resources (Hillier, 2020). 

 

Another suggestion for improvement is to add support for local dialects. One parent 

mentioned that in communities where Mandarin is not widely spoken, an app that 

supports dialects could make learning more inclusive and accessible, helping both 

parents and children engage in the learning process more effectively (sub-code d.2.2; 

Interviewee 7). 

 

Some parents also highlighted their significant role in their children's learning and 

recommended that future apps include more resources to support them. These resources 

could involve simple user guides, regular updates on children's learning progress, and 

even basic training for parents who are less familiar with technology. With these 

features, parents would be better able to assist their children more effectively, ensuring a 

smoother learning experience (sub-code d.2.3; Interviewees 3 and 8). 
 

These suggestions offer valuable insights for the future development of AI-based learning 

applications, emphasising the need to balance student learning outcomes with the practical 

needs and challenges of parent-caregivers. 
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5.2.4. Summary of Qualitative Findings 

 

This research collected qualitative data to address RQ3. The findings indicate that most 

parents hold a positive attitude towards their children's use of AI-based learning 

applications for L2 learning. Based on parent-caregivers’ feedback, the key learning 

outcomes observed after children used AI-based learning applications can be categorised 

into three main aspects: 1) Knowledge Acquisition; 2) Learner Attitudes and Motivation; 

and 3) Behavioural Changes. 

 

In addition, this study explored parent-caregivers’ motivations for choosing these 

applications and analysed the challenges faced by both children and parents during the 

usage process, which affected their willingness and ability to continue using them. Parents 

commonly mentioned time constraints, cost concerns, and unfamiliarity with technology, 

all of which hindered the effective use of these tools to some extent. 

 

Finally, parent-caregivers shared their expectations for future AI-based learning 

applications’ features, hoping that the applications could offer more personalised learning 

paths, support offline learning, integrate with school curricula, and include additional 

parent-caregivers’ support tools. These findings provide valuable insights for improving 

AI-assisted L2 learning applications for children, making them more effective in meeting 

the needs of both children and parents. 

 

5.3 Integration of Quantitative and Qualitative Findings 

 

To deepen the understanding of the intervention's effects, this section presents a 

methodological triangulation of the findings by integrating the experimental and 

questionnaire data with semi-structured interviews. The experimental and questionnaire 

data provided quantitative evidence on learning gains, app engagement, and hedonic 

experience, while the interviews offered contextualised explanations for the variability 

observed in the quantitative patterns. This design enabled the strengths of one method to 
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compensate for the limitations of another, particularly in relation to children’s adherence 

patterns and their motivations for using the application. 

 

Due to the ceiling effect observed in the parent logs, children in the experimental group 

were categorised into a 'Maximal Adherence' subgroup (completion of all 5 required days 

per week; N = 22) and a 'High Adherence' subgroup (<5 days per week; N = 21). 

 

Independent-samples t-tests indicated distinct learning and engagement profiles between 

the two groups. As presented in Table 5-8, children with maximal adherence achieved 

substantially greater vocabulary gains (Δreceptive single-word vocabulary breadth) (M = 

18.64) than those with variable adherence (M = 9.81), t (35.48) = 6.11, p < .001, with a 

large effect size (Cohen’s d = 1.84). Maximal adherence was also associated with 

significantly higher hedonic ratings (M = 17.64 vs. M = 14.00), t (21.62) = 4.26, p < .001, 

Cohen’s d = 1.33. Notably, the High Adherence subgroup showed much greater variability 

in hedonic experience (SD = 3.83) than the Maximal Adherence subgroup (SD = 0.79), 

suggesting heterogeneous engagement processes. 

 

Table 5-8. Independent Samples t-test Results for Study Variables by Adherence Group. 
 

Measure 
 

Adherence 
Group 
 

N M SD t(df) p Cohen’s d 
 

ΔReceptive 
single-word 
vocabulary 
breadth 
 

Maximal 
Adherence  
 

22 18.64 5.71 6.11(35.48) p < .001 1.84 

 High 
Adherence  
 

21 9.81 3.57    

Hedonic 
rating 
 

Maximal 
Adherence  
 

22 17.63 .79 4.26(21.62) p < .001 1.33 

 High 
Adherence  
 

21 14.00 3.83   
 

Note. Welch’s independent-samples t-tests were used due to unequal variances. 

ΔReceptive single-word vocabulary breadth = post-test minus pre-test PPVT-5 scores. 
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In summary, the statistical comparisons indicate a clear pattern favouring the ‘Maximal 

Adherence’ subgroup. The data suggest that consistent usage, defined as completing the 

full five-day regimen, is closely associated with stronger vocabulary acquisition and a 

more positive and stable hedonic experience. In contrast, the substantial variability 

observed within the ‘High Adherence’ group suggests that irregular usage may interrupt 

the continuity needed for both effective learning and sustained enjoyment. 

 

While the quantitative findings establish an association between adherence and learning 

outcomes, the interview data provide further insight into the behaviours underlying these 

patterns. Consistent with the stability observed in the ‘Maximal Adherence’ group, 

qualitative accounts pointed to a shift towards more autonomous engagement. For 

example, Interviewee 5 reported that their child began to “initiate learning sessions 

without further prompting”, indicating that high adherence was often supported by the 

development of independent learning habits (sub-code a.3.2). 

 

By contrast, accounts from parents in the ‘High Adherence’ (variable) group frequently 

referred to difficulties with distractibility and a continued need for supervision. As noted 

by Interviewees 1 and 3, some children struggled to remain focused without ongoing 

parental monitoring and often switched to non-educational content (sub-code c.1.1). 

These observations are consistent with the irregular usage patterns identified in the 

quantitative data. 

 

Finally, the high variability in hedonic experience (SD = 3.83) among variable users is 

reflected in parental reports of frustration related to task difficulty. Although many parents 

described the gamified elements as enjoyable, Interviewee 7 noted that excessive 

difficulty led to “frustration” and, in some cases, refusal to continue practising (sub-code 

c.1.2). This contrast between children who found the application engaging and those who 

experienced frustration helps to explain the wide spread of affective ratings within the less 

adherent group. 

 

5.4 Conclusion 
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This chapter presented the results of both quantitative and qualitative data analyses to 

address the three research questions (RQ1, RQ2, and RQ3). 

 

Regarding RQ1, the quantitative results provided robust evidence for the intervention's 

efficacy, with the experimental group demonstrating significant gains in receptive 

vocabulary breadth (fully supporting Hypothesis H1a) and working memory. Crucially, 

these statistical improvements were corroborated by qualitative insights from RQ3, where 

parents reported distinct gains in children's knowledge acquisition and confidence. 

However, Hypothesis H1b was only partially supported; regression analysis indicated that 

receptive vocabulary growth was primarily predicted by group allocation, age, and WM 

rather than ToM gains, suggesting complex developmental dynamics. 

 

In terms of children’s hedonic experience (RQ2), the survey data revealed high levels of 

satisfaction and exceptional adherence, thereby confirming Hypothesis H2. Additionally, 

ease of use, interactive and gamified features, and high-quality visual presentation 

significantly influenced children's hedonic experience. Statistical analyses highlighted 

that children’s hedonic experience was a pivotal predictor of both behavioural engagement 

and vocabulary acquisition. Qualitative data provided a deeper understanding of this 

dynamic from RQ3. While parent-caregivers praised the interactive design and ease of 

use as primary motivators, they also identified several barriers to the long-term use of AI-

based learning applications, including technical adaptability, supervision requirements, 

cost concerns, and the irreplaceability of traditional classroom instruction.  

 

Finally, based on these experiences, parent-caregivers expressed practical expectations 

for future AI-based learning application improvements, emphasising the need for 

personalised learning pathways, offline support, integration with school curricula, and 

parent-caregivers’ monitoring tools. 

 

These findings will be compared with and discussed in relation to relevant literature in the 

next chapter to further explore the role and impact of AI-based learning application (Zebra 

AI) in children's L2 learning. 

 
16 
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Chapter 6. DISCUSSION 

 

This chapter provides a comprehensive analysis and discussion of the research findings 

and main outcomes of this study. The presentation and interpretation of these results are 

based on the mixed-methods approach adopted in this dissertation, which combines both 

qualitative and quantitative methods and adopts a range of data collection strategies to 

explore answers to three core research questions. Specifically, data were gathered through 

experiments, questionnaires, and interviews, allowing for an in-depth analysis from 

multiple perspectives, including children’s language learning and parent-caregivers’ 

viewpoints. The research subjects comprised Chinese children aged 5–7 and their parents 

or primary caregivers. Furthermore, to provide a more comprehensive explanations of the 

research questions, this chapter compares and integrates these findings with existing 

related studies, analysing their consistency and unique contributions in relation to the 

existing literature, to address the core research questions of this study. 

 

RQ1: To what extent does the AI-based app improve children’s receptive vocabulary, and 

how are these outcomes predicted by their WM and ToM? 

 

RQ2: Which functions and design interface influence children’s hedonic experience 

with the AI-based language learning application? 

 

RQ3: What are the parent-caregivers’ views regarding the effectiveness of using AI- 

based learning apps for learning a second language? 

 

6.1 Triangulation 

 

Triangulation is a research strategy that integrates multiple methods, data sources, and 

theoretical perspectives to investigate the same phenomenon, with the aim of enhancing the 

credibility, validity, and interpretive power of the research (Denzin, 1970). This approach 

overcomes the limitations and biases of any single method by cross-verifying results from 

diverse sources, thereby providing a more comprehensive understanding of the research 

problem. In the social sciences, triangulation has been widely applied. Denzin (2006) 
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categorises data triangulation into three types: time, space, and individuals, based on the 

notion that the reliability of data maybe influenced by factors such as the time of collection, 

the identity of the participants, and the context in which the data are collected (Leech & 

Onwuegbuzie, 2007). 

 

In this study, I primarily employed methodological, data, and theoretical triangulation to 

ensure a multidimensional examination of the role of AI-based learning applications in 

children’s L2 learning. Specifically, methodological triangulation was  achieved by 

combining experiments, surveys, and parent interviews: the experiments and 

questionnaires provided quantitative data on the impact of the AI-based learning  

application on children’s L2 learning, while the parent-caregivers’ interviews offered in-

depth insights into their observations and reflections on the use of the AI-based learning 

application, thereby compensating for the potential biases and data gaps in any single 

method. Data triangulation was implemented by integrating data from experiments, 

questionnaires, and interviews, using the mutual corroboration among these diverse 

sources to further enhance the diversity and reliability of the research findings. Finally, 

theoretical triangulation was conducted by employing multiple theoretical frameworks, 

including sociocultural theory (Vygotsky, 1978), self-determination theory (Deci & Ryan, 

2000), and the technology acceptance model (Davis, 1989), to interpret the phenomenon 

from different angles and provide a robust theoretical foundation for data analysis and 

discussion. Through this multi-level triangulation approach, the study achieved 

systematic validation on methodological, data, and theoretical fronts, thereby 

significantly enhancing the overall credibility and interpretive power of the research 

conclusions. 

 

6.2 Research Findings 

 

The following sections, based on the quantitative and qualitative data collected in this 

research (see Chapter 5), provide an in-depth discussion of the role of AI-based learning 

applications in children's L2 learning. Specifically, Section 6.3.1 examines the 

effectiveness of the application in facilitating children's L2 learning; Section 6.3.2 

analyses which functions and design factors influence children's hedonic experiences; and 
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Section 6.3.3 discusses, from the perspective of parents or primary caregivers, their 

evaluations of their children's use of the application. The overall objective is to assess the 

outcomes achieved by integrating AI-based learning applications into L2 learning 

interventions among Chinese children aged 5 to 7. 

 

6.2.1 To what extent does the AI-based app improve children’s receptive 

vocabulary, and how are these outcomes predicted by their WM and ToM? 

 

The findings in Chapter 5 indicate a positive relationship between the use of AI-based 

learning applications and children's L2 learning. Quantitative data from the pre-test and 

post-test results demonstrate that children’s receptive single-word vocabulary breadth 

significantly improved after the intervention using Zebra AI for English learning. This 

result is consistent with the findings from participant interviews, where approximately 

half of the parents reported that their children's vocabulary expanded after using this 

application. Taken together, these findings suggest that the observed receptive vocabulary 

gains can be meaningfully interpreted through a convergence of theoretical perspectives 

from cognitive psychology, SLA, and CALL. 

 

From a cognitive perspective, the findings are consistent with core principles of MLT 

(Mayer, 2005) and the Input Hypothesis (Krashen, 1985). In particular, Zebra AI’s central 

design feature of presenting animated narrative contexts in close temporal and spatial 

alignment with native-speaker auditory input is consistent with the temporal 

contiguity and modality principles proposed by Mayer (2005). Such alignment is likely to 

facilitate dual-coding processes and may reduce extraneous cognitive load. This design 

can be interpreted as providing favourable conditions for associative binding within the 

episodic buffer, thereby supporting the retention of word–meaning mappings through 

strengthened links between visual referents and verbal labels. While the Input Hypothesis 

does not specify detailed cognitive mechanisms, it offers a useful pedagogical lens for 

understanding how enriched and comprehensible input may support early lexical 

development in young learners. 
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Beyond input processing, the potential contribution of the ASR tasks can be interpreted 

by combining Chapelle’s (1998) CALL framework with the Interaction Hypothesis (Long, 

1996). According to Chapelle, computer-mediated negotiation is critical because it 

provides opportunities for corrective feedback, which drives language development. 

Although the application does not involve human-to-human negotiation, the ASR 

feedback loop creates a form of technology-mediated interaction that mimics the 

interactional modification found in natural conversation. When the ASR system rejects an 

incorrect pronunciation, it provides negative feedback similar to a clarification request or 

a signal of communication breakdown. This feedback creates opportunities for 'noticing' 

(Schmidt, 1990), drawing the learner’s attention to mismatches between their own 

interlanguage and the target form. This process encourages learners to engage in self-

repair and modify their subsequent attempts, thereby facilitating more precise 

phonological encoding without explicitly relying on pedagogical instruction. Importantly, 

these interpretations reflect theoretically reasonable mechanisms grounded in the 

interactive features of the design, rather than processes directly measured in the present 

study. 

 

From a broader perspective, these findings are consistent with previous research, which 

suggests that technology use can enhance children's second-language vocabulary 

acquisition (Eltalhi et al., 2021). Building on this broader evidence base, more recent 

studies have specifically highlighted the effectiveness of AI-based language learning 

applications, which have been shown to have a significant impact on promoting children's 

second language vocabulary (Vadivel et al., 2023). For example, Liu and Chen (2023) 

found that elementary school students who used AI-based applications for English 

learning scored significantly higher in post-tests compared to those who learned using 

traditional, non-AI technologies. Similarly, Wen et al. (2024) conducted a study on 140 

second-grade students in Singapore and observed that after 8 to 10 weeks of continuous 

use of the AI-driven ARCHe application, these students showed significant improvements 

in their second-language vocabulary acquisition of Chinese characters. These studies 

further highlight the potential of AI technology in enhancing children's language learning 

outcomes, particularly in vocabulary acquisition. 

 

However, not all studies support this perspective. Rachels and Rockinson-Szapkiw (2018) 

reported that after using Duolingo in the classroom for 12 weeks, there was no significant 
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difference in Spanish proficiency among third- and fourth-grade students. Similarly, 

James and Mayer (2019) found no significant differences between undergraduate students 

who used Duolingo at home for seven lessons to learn Italian and those who learned 

Italian using online slides. One possible explanation is the limited exposure to the 

intervention: in the first study, students used the application only once per week, and 

in the second, the intervention lasted just seven lessons, conditions that may have been 

insufficient to produce measurable effects. In contrast, the present research involved a 

longer intervention period, spanning 12 weeks, with students using the AI-based 

learning application five days per week. This extended exposure may explain why the 

experimental group outperformed the control group. Therefore, the duration of AI-

based learning app usage appears to have influenced vocabulary acquisition levels 

between the two groups. 

 

To deepen the understanding of this 'dosage effect,' the triangulation of data in the present 

study offers further explanatory power. Within the experimental group, higher vocabulary 

gains were strictly associated with maximal adherence. Qualitative findings reveal that 

this consistency was largely driven by children’s ‘autonomous engagement.’ High-

adherence learners often initiated sessions independently, reflecting a shift towards 

autonomous motivation as described in SDT (Ryan & Deci, 2000). Conversely, for 

children with variable adherence, parents frequently cited a dependence on external 

prompts and the ‘need for supervision.’ This reliance on external regulation often failed 

to sustain continuity when faced with distractions. This implies that whilst the extended 

duration provided the opportunity for learning, the actualisation of gains was mediated by 

the nature of the child's motivation, namely the capacity for self-determined engagement 

versus reliance on external control. The specific design mechanisms within the application 

that foster this sense of autonomy and competence will be further analysed in the section 

6.2.2. 

 

Although the quantitative data in the current study reveals a trend of receptive single-word 

vocabulary breadth growth among children, its limitation lies in its inability to directly 

capture how children use newly learned words in real-life communication. In contrast, the 

qualitative data compensates for this shortcoming by providing deeper insights into the 

practical application of vocabulary. Findings from parent-caregivers’ interviews indicate 

that children's language development extends beyond mere vocabulary memorisation. 
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Instead, they progress from mastering basic words to independently constructing simple 

sentences (Interviewee 7). This observation is consistent with Nation (2001) who 

suggests that children do not remain at the passive recognition stage of word learning 

but gradually transition to active usage. This shift reflects the transfer of  vocabulary 

knowledge to higher levels of language proficiency. This implies that the combination of 

high-dosage input and interactive features not only expanded the mental lexicon but also 

facilitated the retrieval processes necessary for productive language use. 

 

Despite these positive findings, it is important to clarify the nature of the gains observed 

in this study. As the research compared the language learning app against a control 

condition (a non-language app), the observed improvements reflect a 'content effect' 

defined as the benefit of exposure to targeted language content rather than isolating the 

specific efficacy of AI-driven features (such as adaptive algorithms or ASR). While the 

theoretical mechanisms discussed above (such as multimodal input and interactive 

feedback) are plausible, future dismantling studies are needed to verify the specific causal 

contributions of individual AI components. 

 

The experimental data not only confirm the positive impact of AI-based learning 

application on receptive single-word vocabulary breadth but also reflect changes in 

children’s cognitive abilities. SLA relies not only on the enhancement of vocabulary input 

but is also constrained by learners’ cognitive abilities, particularly the role of WM in 

associative binding and retention, as well as the contribution of ToM in language 

comprehension and social interaction (Doughty & Long, 2008). Therefore, the following 

section will further discuss the potential impact of the intervention on children’s cognitive 

resources. 

 

In the cognitive ability assessment, children’s WM was evaluated. The results indicate 

that the experimental group showed a significant improvement in WM scores from pre-

test to post-test, suggesting a potential positive relationship between the AI-based 

intervention and cognitive development. 

 

While the Zebra AI intervention did not explicitly target WM training, theoretical 

mechanisms concerning multimodal processing offer a plausible explanation for these 
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gains. Specifically, the application’s design is consistent with the Associative Binding 

function of the Episodic Buffer in Baddeley’s model (2000). Zebra AI delivers vocabulary 

instruction through highly integrated animated narratives, where each target word is 

embedded within a specific story-driven context. By consistently presenting native-

speaker auditory input in synchronous alignment with visual stimuli, the system 

establishes a dual-channel learning environment. This presentation likely necessitates the 

continuous cross-modal binding of phonological and visuospatial information to extract 

meaning. Consequently, repeated engagement in this cognitive binding process over the 

intervention period may have exercised the children's capacity to hold and integrate 

multimodal information, thereby indirectly training the specific cognitive resource 

measured by the WM task. 

 

Beyond passive input, features such as 'listen-and-select' games (e.g., selecting the correct 

image of an 'apple' from a four-quadrant grid upon hearing the corresponding auditory 

prompt) require active cognitive manipulation. To succeed, children must maintain the 

phonological instruction in memory while simultaneously scanning visuo-spatial 

information. This process engages the Central Executive to manage attention and exercise 

inhibitory control over irrelevant distractors (Miyake et al., 2000). This is consistent with 

the Retrieval Practice Effect (Roediger & Karpicke, 2006), transforming the activity from 

simple exposure into a complex 'storage-plus-processing' task. Such high-intensity online 

manipulation exercises the attentional resources required for efficient binding, thereby 

likely contributing to the observed gains in WM scores. 

 

These findings align with existing research suggesting that multimedia learning 

environments can support the development of memory systems (Alzubi et al., 2018; 

Johann & Karbach, 2018; Lamrani & Abdelwahed, 2020). For example, the findings of 

this study are consistent with those of Gu (2024), who reported that integrating 

technology-driven online tools such as Quizlet into vocabulary instruction can enhance 

undergraduate students’ WM. Since WM provides the necessary workspace for 

associative binding, the cognitive benefits observed by Gu support the plausibility of the 

WM gains found in the current study. This consistency across different age groups 

provides preliminary support for the applicability of AI-based language learning at 

various developmental stages. However, it is important to note that the two studies differ 
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significantly in terms of their participants. While Gu’s study focused on university 

students, the present study targeted children aged 5 to 7, who differ in cognitive 

development and learning  strategies.  

 

It is important to note that this study did not isolate specific AI features to test their 

individual contributions to cognitive gains. Therefore, the interpretation that the app 

caused WM improvement through associative binding remains hypothetical. Future 

research should employ dismantling designs to verify whether specific features, such as 

the synchronicity of audio-visual input or the frequency of gamified retrieval tasks, are 

the causal drivers of these WM improvements. 

 

Moreover, previous research has indicated that improvements in cognitive capacity 

typically require prolonged and systematic training (Melby-Lervag & Hulme, 2013). 

Therefore, future studies could consider extending the duration of intervention to examine 

whether long-term use of AI-based language learning applications can lead to more 

substantial and sustainable cognitive gains, thereby providing a more comprehensive 

understanding of the true potential of AI interventions in supporting children’s cognitive 

development. 

 

Beyond WM, ToM is also employed as a measure of children's cognitive abilities. The 

findings of this study indicate that while children's ToM performance improved over time; 

however, this improvement was not significantly associated with the use of Zebra AI. This 

suggests that the gains were likely attributable to developmental maturation or test-retest 

practice effects, rather than a specific benefit derived from the AI intervention. 

 

To explain this lack of differentiation, it is necessary to examine the mechanistic 

alignment between the application's design features and the cognitive processes required 

for ToM. Research suggests that ToM development relies heavily on 'social contingency', 

the non-linear, unpredictable responsiveness of a social partner, and the interpretation of 

epistemic uncertainty (e.g., inferring hidden intentions or false beliefs) (Wellman, 2014).  

 

In contrast to these requirements, the interaction design of Zebra AI is predominantly 

deterministic and behaviourist. For instance, in the 'listen-and-select' tasks, the system’s 



 

 

199 

feedback loops are explicit and binary: a correct touch input invariably triggers a pre-

programmed visual reward (e.g., animations of three stars), whilst an incorrect input 

prompts a fixed corrective cue (e.g., animations of one star or try again). This logic follows 

a strict 'If A, then B' algorithm, lacking the ambiguity found in naturalistic social 

exchanges. Consequently, the AI agent functions as a responsive interface rather than an 

intentional social partner. Because the information flow between the learner and the digital 

agent is transparent and rule-based, the application likely did not necessitate mental state 

attribution. Children were not required to infer why the character acted or resolve any 

informational discrepancies (i.e., 'I know something the character does not'). Without 

scenarios that simulate social friction or require perspective-taking, the specific neural 

networks associated with social cognition may not have been exercised beyond the 

baseline level of the control group. 

 

This highlights a critical distinction in the 'feature-outcome' mapping of AI interventions. 

While algorithmic adaptivity and multimodal synchronicity effectively target information 

processing efficiency (benefiting WM), they do not yet sufficiently simulate the pragmatic 

complexities of human interaction required to drive social-cognitive development. The 

digital agents in the current application function as responsive tools rather than intentional 

agents, thereby limiting their capacity to scaffold ToM. Therefore, future research aiming 

to support ToM should move beyond simple gamification and incorporate features that 

simulate social friction or perspective-taking scenarios, such as interactive narratives 

where learners must infer a character’s incorrect belief to solve a problem. 

 

The regression analysis revealed that the group variable was the most robust predictor of 

receptive vocabulary growth. This indicates that the AI-based intervention itself, 

characterised by its high-dosage multimodal input and interactive feedback, was the 

primary driver of lexical acquisition, outweighing individual differences in baseline 

cognitive abilities. This confirms the efficacy of the content effect discussed earlier: 

exposure to the systematic, gamified curriculum provided by Zebra AI offered a 

significant learning advantage over the control condition. 

 

In terms of cognitive mechanisms, the growth in WM emerged as a positive predictor of 

receptive vocabulary growth. This finding can be explained by the fact that early second 

language vocabulary acquisition is essentially a task of arbitrary mapping, which involves 
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creating a stable link between a novel phonological form (the English word) and its visual 

referent (the object). This process is structurally identical to the cognitive demands of the 

WM assessment used in this study. Both tasks rely heavily on the Episodic Buffer in 

Baddeley’s (2000) model to execute cross-modal binding, integrating information from 

the phonological loop and the visuo-spatial sketchpad. This finding corroborates existing 

literature linking WM capacity to language outcomes (Baddeley, 2003; Linck et al., 2014). 

Reinforcing this view, Monnier et al. (2022) reported a significant correlation between 

WM and language comprehension, suggesting that enhanced WM abilities allow children 

to allocate cognitive resources more efficiently during language tasks, thereby facilitating 

superior performance on vocabulary assessments. 

 

In contrast, gains in ToM did not significantly predict receptive vocabulary growth. 

This finding appears to diverge from established literature, such as Hale and Tager-

Flusberg (2003), who conducted a quantitative analysis of the relationship between 

children's social cognition and language abilities, further demonstrated that children with 

higher ToM skills tend to exhibit greater advantages in language processing and 

communication. While these studies posit that interpreting others' intentions is crucial for 

language comprehension, the current study suggests that this relationship is context-

dependent. Specifically, the lack of prediction can be primarily attributed to the nature of 

the learning task. The target vocabulary in this intervention consisted predominantly of 

concrete nouns (e.g., animals, fruits), the acquisition of which relies heavily on associative 

mapping rather than social-pragmatic inference. Unlike abstract verbs or social terms, 

learning these concrete labels involves direct object-word pairing and does not necessarily 

require mental state attribution (Bloom, 2000). In addition, Zebra AI provides a 

transparent, error-free learning environment where the intent is explicitly coded into the 

audiovisual synchronicity as discussed. Consequently, the children's social-cognitive 

abilities were effectively bypassed during the vocabulary uptake process. 

 
This finding offers a critical reference for the design of similar AI-based learning tools. It 

suggests that while deterministic, drill-based applications are highly effective for rote 

receptive vocabulary expansion, they may fail to leverage the learner's broader social-

cognitive resources. Future applications should move beyond simple associations and 

incorporate interactive narratives requiring intent inference to fully activate the reciprocal 

relationship between social cognition and language learning. 
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Furthermore, age was confirmed as a significant positive predictor of vocabulary growth, 

reflecting the well-established role of developmental maturation in SLA. This finding is 

consistent with the research of Wells and Wells (1985), which suggests that as children 

grow older, their vocabulary size and linguistic comprehension naturally improve due to 

increasing cognitive maturity. The advantage observed in older children may stem from 

their more advanced general cognitive processing speeds and learning strategies. In an AI-

assisted environment like Zebra AI, which requires sustained attention and independent 

interaction, older children are typically better equipped to extract information from digital 

stimuli and navigate the gamified interface efficiently. Unlike the findings of Al-Jarf 

(2021), iPads were found to be more effective in facilitating language learning among 

younger children compared to older children in grades 1–3 and 4–6. This study suggests 

that within the 5–7 age range, the cognitive readiness of older children allows them to 

leverage technological interventions more effectively. 

 

Despite its significance, the predictive power of age may have been constrained by the 

relatively narrow age range (5–7 years) of the current sample. A broader developmental 

span might have revealed a clearer, perhaps non-linear, trajectory of age-related gains (Al-

Jarf, 2021). Additionally, as noted by Dörnyei (1998), individual differences such as home 

language environment and learning motivation may overshadow age as children grow. 

Future research should employ longitudinal designs with broader age cohorts to explore 

the interaction between age and AI interventions more comprehensively. 

 

6.2.2 Which functions and design interface influence children’s hedonic 

experience with the AI-based language learning app? 

 

In the process of SLA, children's enjoyment plays a crucial role in stimulating their interest 

in learning and maintaining their motivation. In other words, when children experience 

fun and pleasant emotions during learning, they are more likely to remain engaged 

(Filgona et al., 2020; Isen & Reeve, 2005). Existing research has shown that positive 

emotional experiences can significantly enhance overall learning outcomes and are 

especially important in SLA (Dörnyei, 1998; Gardner, 2007; MacIntyre, 2003). 
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The survey results from this study strongly suggest that Zebra AI successfully integrated 

high HQ into its design. 88% of participants reported feeling happy during use, while 86% 

found the user experience exciting. These indicators confirm that the application went 

beyond mere usability to create a positive affective state. According to Isen and Reeve 

(2005), such positive affect does not merely make the task pleasant; it broadens cognitive 

resources and facilitates the flexibility required for language encoding. 

 

From the perspective of application design, the findings reveal a high level of PeoU, with 

86% of the participants find Zebra AI very easy to use, with only 5% holding a neutral 

attitude and none reporting any difficulty in usage. As posited by the TAM (Davis et al., 

1989), higher PEoU is associated with more favourable attitudes and stronger intentions 

to continue use. For young learners, ease of use is not merely a usability advantage but a 

critical pedagogical factor. Intuitive navigation, minimal operational demands, and clear 

interaction flows reduce extraneous cognitive load, allowing children to allocate more 

attentional resources to linguistic input rather than interface management. As highlighted 

by Faudzi et al. (2024), high usability can significantly reduce the user's cognitive load. 

In the context of early language learning, this reduction in cognitive burden is particularly 

important given children’s still-developing executive and self-regulatory capacities. 

 

In terms of visual presentation, 93% of the participants (N = 40) provided positive 

feedback on the quality of images and videos, further demonstrating the significant role 

of high-quality visual elements in enhancing user experience. In the specific context of 

Zebra AI, this high approval rating highlights the effectiveness of its rich multimedia 

features, such as animated narratives and dynamic character interactions. 

 

From a theoretical standpoint, this result supports Mayer’s Cognitive Theory of 

Multimedia Learning (Mayer, 2009), which posits that learners process information more 

effectively when visual and verbal channels are engaged simultaneously. The high-quality 

visual elements in Zebra AI do not merely serve as aesthetic decoration; they function as 

cognitive scaffolds that make abstract linguistic concepts more concrete and 

comprehensible for young learners. Beyond supporting cognitive processing, such 

superior visual design increases the attractiveness of the interface and forsters an intuitive 

and enjoyable interactive experience (Blair-Early & Zender, 2008; Shneiderman, 2004). 
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From the perspective of specific application functionalities, the data from this study 

clearly indicates that the game feature has the greatest impact on children's hedonism. 

Specifically, the in-app game feature not only received a 90% positive rating but also 

accounted for 28% of the children’s favourite functions. This preference is strongly linked 

to how Zebra AI’s specific gamified designs align with SDT (Ryan & Deci, 2000). For 

instance, the application employs instant AI-based pronunciation scoring and a star reward 

system immediately following interactive quizzes. Theoretically, these feedback loops 

fulfill the child's psychological need for competence. By providing real-time, tangible 

validation of their performance, the app reinforces the child's sense of mastery. 

 

This satisfaction of psychological needs transforms language practice from a repetitive 

drill into an intrinsically motivated activity. Similar findings have been supported by 

existing literature. Boyle et al. (2012) pointed out that digital games possess a high level 

of attractiveness and interactivity, which can stimulate students' enthusiasm for 

participation and creativity, while research by Li and Chu (2021) demonstrated that 

gamified elements in educational settings can significantly enhance user engagement 

and satisfaction, findings that are well consistent with the positive feedback observed in 

this study. 

 

This quantitative finding is strongly supported by qualitative data. In in-depth interviews 

with parents, many indicated that game elements significantly increase their children's 

interest in learning, making them more engaged and proactive during the learning 

process. Huang et al. (2019) similarly noted that games not only serve as effective 

educational tools but also enhance students' cognitive engagement through their 

entertainment value. Moreover, the empirical study by Chapman and Rich (2018) showed 

that learning environments incorporating gamified design can effectively boost students' 

learning motivation and outcomes. These studies provide solid theoretical and empirical 

support for the conclusions of this study, further confirming the important role of the 

game feature in enhancing children's hedonism and learning motivation. 

 

In addition to the game feature, other application functionalities have also played an 

important role in attracting children. The data show that the simulated video call feature 

received a 23% preference rate, making it the second most popular function after games. 
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This result indicates that simulated video calling provides children with an experience of 

real interaction with the outside world, making them feel as if they are in an authentic cross-

cultural communication environment, thereby stimulating their interest and confidence in 

second language communication. Research indicates that interaction and the simulation 

of authentic contexts have a significant positive effect on language acquisition (Y. L. 

Chen et al., 2022; Huang et al., 2022). This feature helps children obtain more vivid and 

intuitive language input by simulating real communication scenarios. 

 

In addition, animated content (16%), cartoon characters (12%), and the English song 

feature (12%) have also played a positive role in enhancing children's hedonism. The 

animated content, with its vivid, lively, and creative visual presentation, can transform 

abstract language knowledge into intuitive and concrete information, making the learning 

process more relaxed and enjoyable. In addition, cartoon characters, through their unique 

appearances and distinctive personalities, help establish an emotional connection with 

children, thereby increasing the interest and affinity of the learning context (Dalacosta 

et al., 2009). Furthermore, music not only assists children in remembering language 

information more easily through its rhythm and melody but also creates an enjoyable 

learning atmosphere, further enhancing their emotional experience and learning interest. 

Multiple studies have shown that music and songs significantly facilitate language learning, 

improving both phonetic discrimination and language intuition (Chou, 2014; Millington, 

2011). 

 

The high levels of enjoyment observed in the study correlated directly with strong 

behavioral intentions. Regarding usage intention (Q4, Q5), 84% of participants expressed 

a willingness to use the application again, while 79% indicated a desire for long-term use. 

These data suggest that most children not only show a high willingness to use the 

application but also maintain a positive attitude toward continued learning. According to 

the TAM (Davis et al., 1989), this 'intention to use' serves as the key determinant to actual 

usage behavior. This finding is consistent with the regression analysis presented earlier, 

where children’s hedonic experience explained approximately 56.7% of the variance in 

their behavioural adherence. Consequently, it suggests that for young learners, the 

intrinsic enjoyment derived from the app is not merely a byproduct but the primary driver 

of their sustained engagement. 
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However, to fully understand the nuances of adherence, it is essential to examine elements 

of the user experience that may create barriers to sustaining engagement. Although the 

overall feedback was positive, the ASR-based pronunciation feedback (Q9) obtained a 

relatively weaker emotional response from children. While 72% of participants provided 

positive feedback, neutral and negative responses accounted for 24%, which was the 

highest proportion among all functions. This suggests that this feature may not fully meet 

children’s emotional expectations in terms of ease of operation and prompt feedback, 

thereby impacting the overall pleasantness of the experience. 

 

This specific finding offers a critical perspective for explaining the 'unstable adherence' 

pattern observed in the qualitative data. While the gamified elements provided motivation, 

technical limitations in the ASR feedback likely led to moments of frustration. For 

children with lower tolerance for frustration, these technical barriers disrupt the 'Flow' 

state (Csikszentmihalyi, 1990), causing a shift from enjoyment to anxiety or boredom. 

This mirrors the qualitative observation where parents of unstable users cited 'frustration 

with task difficulty' as a reason for discontinuation. Therefore, while high HQ drives the 

intention to use, the continuity of actual usage is facilitated by the system's ability to 

balance challenge with technical responsiveness. 

 

In summary, the study confirms that Zebra AI’s high HQ and PEoU effectively minimised 

cognitive load and sustained engagement. Gamified elements emerged as the primary 

driver of intrinsic motivation by satisfying children's need for competence (SDT), while 

multimedia features supported dual-coding processing (MLT). Crucially, this positive 

affect was the strongest predictor of sustained usage, explaining 56.7% of the variance in 

adherence (TAM). However, technical limitations in ASR feedback introduced friction 

that disrupted the 'Flow' state for some learners. This specific barrier provides a critical 

explanation for the 'unstable adherence' patterns observed, highlighting that long-term 

efficacy depends on balancing gamified motivation with technical responsiveness. 

 

6.2.3 What are the parents’ views regarding the effectiveness of using AI- 

based learning apps for learning a second language? 
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The third research question of this study aims to assess parents' perceptions of children's use 

of AI learning applications for SLA. To explore this issue, the study collected in-depth 

insights from parents through interviews and analysed the data using thematic analysis, 

identifying the following four? key themes:1) Learning outcomes after children use AI 

learning apps, 2) Parental motivation for using AI learning apps, 3) Potential barriers 

to using AI apps for learning, 4) Future suggestions of AI learning app enhancements. 

Each of these themes is discussed in detail in the following sections. 

 

6.2.3.1 Learning Outcomes after children use AI learning apps 

 

As part of this study’s exploration of parents' perceptions regarding AI learning 

applications, a key theme that emerged from the interviews was the perceived learning 

outcomes associated with children's use of AI learning apps. Understanding these 

learning outcomes is crucial for evaluating the effectiveness of AI-assisted language 

learning and its potential to shape children's SLA experiences. 

 

Interview data suggest that parents perceived AI learning applications as having a 

substantial positive influence on their children's English language development. These 

perceived benefits primarily manifest in three aspects: (i) Knowledge Acquisition, 

where children demonstrate improvements in vocabulary and comprehension; (ii) Learner 

Attitudes and Motivation, encompassing their increased engagement and enthusiasm for 

learning; and (iii) Behavioural Changes, including active engagement with learning, 

increased self-directed learning, and interest in culture. 

 

Parental feedback indicates that Knowledge Acquisition is one of the most noticeable 

learning outcomes brought by AI learning applications. Many parents observed that 

their children’s vocabulary increased after using AI applications, a finding consistent 

with qualitative research results, as discussed in section 6.2.1. Furthermore, parents 

noted that the growth in vocabulary was not only reflected at the linguistic level but 

also had a positive impact on their children's academic performance. This perspective is 

supported by many previous studies (Fidan & Tuncel, 2019). Wei (2023) highlighted in 

interviews with 14 students that AI-powered adaptive learning platforms, by providing 
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sustained and tailored instruction, significantly enhance engagement and motivation, 

ultimately leading to improved academic outcomes. Approximately half of the parents 

observed noticeable progress in their children's English pronunciation, particularly in 

phonetic accuracy and fluency. This observation is consistent the findings of Ganapathy 

and Seetharam (2016), who demonstrated that multimodal teaching strategies enhance 

pronunciation by integrating auditory and visual inputs. Building on this, Dennis (2024) 

highlighted that AI-driven pronunciation correction and contextualised exposure to 

target language input contribute to more precise phonetic articulation and smoother 

speech production, reinforcing the role of AI in SLA. 

 

Most parents observed noticeable improvements in their children's interest and motivation 

in learning English, with two thirds reporting that the AI learning application enhanced 

their child’s enthusiasm for language learning. This increase in motivation can be 

interpreted through the lens of SDT (Ryan & Deci, 2000), which posits that intrinsic 

motivation is strengthened when learners experience autonomy, competence, and 

relatedness. AI learning applications facilitate these psychological needs by offering 

gamified tasks, interactive elements, and real-time feedback, thereby fostering greater 

engagement and sustained motivation (Dehghanzadeh et al., 2021). However, it is worth 

considering whether this increased motivation reflects long-term learning engagement or 

is driven by the novelty effect of  digital learning tools. Future research should explore 

the sustainability of AI-driven motivation over time. 

 

Additionally, some parents specifically mentioned in the interviews that the application 

was particularly effective for younger children, as cartoon characters, animations, and 

interactive tasks greatly captured their attention. This phenomenon can be explained 

through Cognitive Development Theory (Piaget, 1954), which suggests that children 

between the ages of 5 and 8 are typically in the preoperational stage of development. At 

this stage, children learn most effectively through visual, symbolic, and hands-on 

interactions, rather than through abstract reasoning. Therefore, AI applications integrate 

learning contexts with animations, making the language learning process more aligned with 

children's cognitive characteristics (Hsu et al., 2021). However, some studies present 

different perspectives on AI's role in enhancing children's motivation in language learning. 

For instance, Griffith and Arnold (2019) found that in the absence of appropriate parental 

or teacher guidance, some children perceive digital learning applications purely as 
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gaming tools rather than educational tools, leading to decreased focus on language 

learning objectives. 

 

Furthermore, AI learning applications not only stimulate children's enthusiasm for 

learning but also enhance their confidence in learning and using English to some extent. 

According to parental feedback, some children who previously hesitated to express 

themselves in English in class have become more confident and actively participated in 

classroom discussions after using AI-based learning applications. This phenomenon can be 

explained by Self-Efficacy Theory (Bandura, 1977) which proposes that when individuals 

continuously experience success and positive feedback in a given task, their belief in their 

ability to accomplish that task is strengthened. 

 

AI applications provide a low-risk learning environment for children through continuous 

practice and positive feedback mechanisms, such as ASR-based pronunciation feedback 

and gamified reward systems, allowing them to obtain positive reinforcement through 

repeated practice (Fu et al., 2020). However, research findings on the effect of AI learning 

applications in boosting children's confidence are not entirely consistent. For instance, 

Jeon (2024) noted that not all children can experience positive outcomes from AI 

feedback systems, some may feel frustrated by frequent ASR-based pronunciation 

feedback, thereby negatively affecting their learning confidence. Additionally, Ali et al. 

(2020) emphasise that building confidence depends not only on learners' personal 

experiences but also on factors such as classroom atmosphere, teacher support, and peer 

interaction. Therefore, although AI learning applications can enhance children's 

confidence to some extent, in the absence of emotional support from teachers or parents, 

AI learning tools may not fully substitute the critical role of interpersonal interaction 

in the development of confidence (Engwall & Lopes, 2022). 

 

Many parents have reported positive changes in their children’s learning behaviours. 

The interactive features of AI learning tools have enhanced children’s engagement in 

learning and fostered greater autonomy, thereby reducing their reliance on external 

supervision. Specifically, a quarter of the parents observed a significant improvement 

in their children’s focus and participation after using AI learning applications. This 

behavioural change is consistent with Self-Regulated Learning Theory (Bandura, 1991), 

which emphasizes learners’ ability to plan, monitor, and evaluate their learning processes 
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independently. AI learning applications create a self-regulated learning environment 

through features such as immediate feedback, gamified challenges, and adaptive learning, 

enabling children to depend less on external supervision and gradually develop 

independent learning skills. Bains et al. (2022) research also supports this theory, 

demonstrating that technology-based interactive learning environments can effectively 

enhance students’ engagement and self-management abilities. Additionally, Liu (2015) 

noted in his research on language learning motivation that enhancing learners’ autonomy 

and intrinsic motivation is key to improving learning outcomes. 

 

This study also found that AI learning applications play a positive role in fostering 

children's self-regulated learning habits. Several parents mentioned that while their 

children previously needed reminders to study, they are now able to independently 

schedule their learning time. This finding is consistent SDT (Deci & Ryan, 2008), which 

posits that when a learning environment satisfies learners’ needs for autonomy, competence, 

and relatedness, their intrinsic motivation is significantly enhanced. AI learning 

applications facilitate this process through adaptive feedback, personalised learning 

paths, and progress tracking, allowing children to experience a sense of achievement, 

thereby increasing their motivation for self-directed learning. 

 

Beyond promoting academic learning, this study also found that AI learning applications 

stimulate children's interest in cultural learning. Parents reported that their children learned 

about holidays and customs in English-speaking countries through AI applications, 

expressed a willingness to communicate with foreigners, and even began discussing future 

study abroad plans. This finding is consistent with Byram’s Intercultural Communicative 

Competence Model (1997), which emphasises that language learning is inseparable from 

cultural understanding and that language education fosters intercultural awareness. AI 

learning applications incorporate cultural storytelling, interactive teaching, and diverse 

language environments, helping children develop a deeper understanding and appreciation 

of cultural diversity. Furthermore, Alshenqeeti (2016) highlighted that integrating cultural 

content into language learning not only enhances linguistic proficiency but also promotes 

learners’ openness and global awareness. 

 

6.2.3.2 Parent-caregivers’ Motivation for using AI-based learning applications 
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The findings of this study indicate that parents' decisions to choose AI learning 

applications are influenced by multiple factors. Interview analysis revealed three core 

motivations: the flexibility of learning anytime and anywhere, the cost-effectiveness of  

the apps, and their potential to reduce parental educational stress. These factors played a 

crucial role in parents' decision-making processes, making them more inclined to 

encourage their children to use AI tools for English learning. 

 

This study found that around a third of parents believed that AI learning applications 

greatly enhanced the convenience and accessibility of children's learning. Some parents 

mentioned that their children could use smartphones to learn English at home anytime, 

making efficient use of fragmented time while accessing a wealth of  learning resources 

(Interviewees 2 and 7). This finding is consistent with Park (2011), who argued that 

mobile learning enables learners to study anytime and anywhere, freeing them from the 

constraints of traditional classroom environments. Similarly, Liu and Chen (2023) 

emphasised that the constant availability of AI learning applications allows children to 

take greater control over their learning pace, enhancing flexibility in the learning process. 

 

In addition to saving time, the cost-effectiveness of AI learning applications is also a 

key factor influencing parents' choices. The study found that compared to traditional one-

on-one English tutoring sessions, AI language learning applications are more affordable 

while also saving both time and money (Interviewee 7). This finding is consistent with 

the study by D. Wang et al. (2022), which found that following the implementation of the 

"Double Reduction" policy, an increasing number of families have turned to digital 

learning resources as a supplement to compensate for the reduction in off campus tutoring 

programs. This shift is particularly significant in the context of China's 2021 “Double 

Reduction” policy. In this context, technology- based solutions such as AI-powered 

learning apps have gained increasing attention as potentially effective tools to support self-

regulated learning at home while aligning with the policy’s goals of reducing burden and 

improving efficiency. Additionally, Kormos and Wisdom (2021) highlighted that the cost-

effectiveness of digital learning tools is particularly crucial for low-income families, as 

these applications provide a low-cost yet effective approach to language learning. This 

perspective is consistent with the views expressed by rural parents in the interviews. 
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This study found that around one- third of parents perceived the speech recognition 

feature in AI language learning applications as playing a significant role in reducing 

their tutoring burden. In home language learning environments, parents often take on the 

role of guiding their children's pronunciation and correcting their speech errors. 

However, for parents with limited English proficiency, this task can lead to additional 

anxiety and uncertainty. Interview data from this study revealed that many parents worried 

about the accuracy of their own pronunciation or their inability to effectively identify 

and correct their children's mistakes, which in turn impacted their children's language 

learning outcomes (Interviewees 1, 5, 8). The ASR-based pronunciation feedback in 

AI-based language learning applications provides an automated support system through 

real-time pronunciation correction and feedback mechanisms. This feature automatically 

detects and corrects children's pronunciation errors, allowing them to receive instant and 

precise pronunciation feedback during independent learning. By reducing the need for 

direct parental intervention in pronunciation instruction, AI applications enable parents to 

transition from the role of direct instructors to facilitators and supporters, enhancing their 

confidence and engagement in their children's language learning process. While existing 

literature primarily focuses on AI’s role in developing learners' language proficiency, its 

impact on parental stress, family education models, and the shifting role of parents in 

children's learning remains an area that warrants further exploration. Through parental 

perspectives and data analysis, this study provides new evidence demonstrating that AI 

language learning applications not only positively influence children's language 

development but also serve as potential support tools within home learning environments. 

 

6.2.3.3 Potential barriers to using AI-based applications for learning 

 

Parents have identified a range of issues and challenges that children face when using AI-

driven learning applications. These challenges not only affect children's learning 

outcomes but also have the potential to negatively impact their learning motivation. 

Specifically, the difficulties encompass both the direct challenges children encounter 

while using the app and the obstacles parents face in supervising and supporting their 

children. The following section discusses these issues in detail. 
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Regarding children's use of the application, some parents reported that their children 

experienced difficulties in maintaining attention while using the app. This concern is 

supported by Başar and Elyıldırım (2021), who argue that smartphones, as multifunctional 

devices, contain various entertainment applications (such as games, videos, and social 

media) that are highly appealing to children. This multitasking environment makes it 

difficult for children to focus solely on a learning application. Research has shown that 

children’s attention is easily diverted by other stimuli on the device, particularly in the 

absence of parental supervision (Girela-Serrano et al., 2024). As a result, the 

multifunctionality of smartphones itself becomes a potential interference factor affecting 

the effectiveness of learning tools. Theopilus et al. (2024) further highlight that addiction 

to the internet, smartphones, or video games can create various developmental barriers 

that hinder children’s development. 

 

Some parents have expressed concerns about the difficulty level of AI-driven learning 

applications. One parent noted that certain learning materials were too complex for 

children with weaker English foundations, making it hard for them to keep up and leading 

to frustration (Interviewee 7). This is consistent with the findings of Furió et al. (2015), 

who demonstrated that the difficulty level of learning content directly influences learners' 

motivation. When tasks are excessively challenging, children's interest in learning may 

decline. Conversely, appropriate difficulty adjustments can enhance their learning 

experience. These insights suggest that AI learning applications should offer more precise 

personalised learning pathways, ensuring that children learn within their ZPD (Vygotsky, 

1978) to sustain their motivation. 

 

Furthermore, around a quarter of parents expressed concerns about the complexity of AI 

learning applications' interfaces, particularly those with younger children (Interviewees 2 

and 5). One parent mentioned that their child initially felt confused when navigating 

the application and required step-by-step guidance to use it effectively (Interviewee 2). 

This finding is consistent with Masood and Thigambaram (2015) research, which 

highlights that a clear and intuitive interface design is crucial for enhancing young 

children's engagement and learning efficiency. A complex interface may disrupt the 

learning flow, creating unnecessary obstacles. Therefore, AI learning applications should 

adhere to child-friendly design principles, refining interactive logic and simplifying 

navigation to lower the barriers to learning (G. Wang et al., 2022). 
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Additionally, one parent raised concerns about the content of AI learning applications, 

specifically the presence of "antagonist" characters or intense animated scenes, which 

might confuse children or even lead them to imitate negative behaviours (Interviewee 2). 

Children's emotional responses to digital learning content are closely linked to Social 

Learning Theory (Bandura, 1977), which suggests that children learn behaviours by 

observing and imitating what they see in media. As a result, AI learning applications should 

place greater emphasis on age-appropriate content, avoiding elements that could encourage 

undesirable behaviours while ensuring that the educational material aligns with children's 

cognitive and emotional development needs (G. Wang et al., 2022). 

 

Almost half of parents in this study worried that prolonged use of AI learning 

applications may negatively affect their children's vision. As a preventive measure, they 

have implemented restrictions on screen time to mitigate potential vision-related issues 

(Interviewees 3 and 4). These concerns are well-founded, as existing research suggests 

that excessive screen exposure can have adverse effects on children's visual health and 

overall well-being (Canadian Paediatric Society & Digital Health Task Force, 2017; 

Stiglic & Viner, 2019). For instance, Yang et al. (2020) emphasise that prolonged screen 

time can lead to eye strain, an increased risk of myopia, and reduced attention span. 

Moreover, excessive screen exposure has been linked to disruptions in sleep quality, 

which may indirectly impact children's learning performance. 

 

During the interviews, technological issues, particularly device performance limitations 

and network stability emerged as one of the most frequently mentioned barriers among 

rural parents. Many reported that AI learning applications require high-performance 

devices, making older devices prone to lagging or crashing, which significantly disrupts 

children's learning experiences (Interviewees 7 and 8). In addition, unstable internet 

connections further hinder children's ability to engage in continuous learning. These 

findings align with the study by Sun et al. (2008), which indicates that device performance 

and network stability are critical factors influencing the effectiveness of online learning. 

For users in rural areas, technological barriers can lead to frequent learning interruptions 

and even weaken student's motivation to continue learning (Salemink et al., 2017). 
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While many AI learning applications offer free versions, some parents expressed concerns 

about the costs associated with premium features or subscription fees. Some of them also 

believed that traditional tutoring may provide a better return on investment compared to 

AI-based learning applications. This phenomenon is consistent with the findings of Li and 

Lin (2022), who noted that many parents still prefer traditional offline tutoring because 

face-to-face instruction provides more direct teacher guidance and support. 

 

A small proportion of parents reported that supervising their children’s use of AI learning 

applications requires a significant amount of time, which may lead to increased strain on 

their daily schedules (Interviewee 1). This phenomenon is consistent with the high 

parental investment model in Chinese education. Mu and Hu (2023) found that Chinese 

parents typically bear high educational expectations and responsibilities, devoting 

substantial time and effort to extracurricular tutoring and learning supervision to ensure 

their children gain a competitive advantage in an increasingly rigorous educational 

environment. Additionally, Zheng et al. (2020) highlighted that Chinese parents not only 

focus on their children's academic performance but also actively participate in 

extracurricular tutoring, homework supervision, and learning planning, which places 

significant pressure on their time management. 

 

Some parents still prefer traditional educational methods and view AI learning 

applications as supplementary tools rather than replacements for formal schooling. 

Additionally, some parents indicated that their decision to continue using AI learning 

applications largely depends on teachers' recommendations. If the school or teachers do 

not endorse these applications, they are more likely to discontinue their use (Interviewee 

1). This perspective is consistent with the findings of Aruta et al. (2019), who noted that 

in Asian cultural contexts, parents tend to place greater trust in teachers’ authority, 

making school endorsement a crucial factor in the technology acceptance process. 

Furthermore, Chan and Tsi (2024) emphasised that teachers have distinct attributes, 

including critical thinking and emotional sensitivity, which cannot be fully replaced by 

AI technology. This suggests that the future promotion of AI learning applications 

should focus on deep integration with the school education system. Possible strategies 

include teacher training programs, school-endorsed recommendations, and parental 

education initiatives to enhance parents' trust and acceptance of AI-assisted learning. 
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For most rural parents in this study, lack of familiarity with technology was a significant 

barrier. Some rural parents admitted that they were not well acquainted with modern 

technology, making it difficult for them to support their children in using AI learning 

applications at home (Interviewees 6 and 8). This phenomenon is particularly prevalent in 

rural areas of China, as existing research has indicated that the digital divide in rural 

households affects children's access to digital educational resources (Wang et al., 2021). 

Studies have shown that despite the Chinese government’s ongoing efforts to promote 

digitalisation in rural areas, rural families still lag behind urban households in technology 

usage skills, digital literacy, and internet infrastructure (McQuaide, 2009). This issue is 

especially pronounced among caregivers, who often lack experience in using smart 

devices (Zhao & Chen, 2023). 

 

Future research could explore how to provide effective technology training for rural 

parents, helping them become familiar with AI learning applications and improving 

their ability to support their children in digital learning environments. Additionally, at the 

policy level, research should investigate how to promote digital education equity in rural 

areas, including ways in which the government can invest in improving internet 

infrastructure, reducing technological costs, and making AI-based educational tools 

more accessible to rural families. 

 

6.2.3.4 Future suggestions of AI learning app enhancements 

 

This study, through an in-depth analysis of parental feedback, found that when optimising 

AI learning applications, parents generally focus on two key areas: functional 

enhancement and technological adaptability. The following discussion will elaborate on 

these two core areas in detail. 

 

Firstly, parents hope to stimulate their children’s interest in learning by adding social 

interaction and immersive learning experiences. For example, one parent suggested 

introducing an "intelligent reading partner" feature, where an AI virtual assistant not 

only accompanies the child in learning English but also interacts with them through 

games, thereby creating a more supportive and interactive learning atmosphere 
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(Interviewee 5). Research shows that peer interaction can significantly enhance learning 

outcomes by providing emotional support and fostering a sense of belonging, which in 

turn motivates learners (Kiefer et al., 2015; Korpershoek et al., 2020). 

 

Secondly, enhancing personalised learning features is another key focus for parents. 

Some parents have proposed that AI learning applications should automatically adjust the 

difficulty of content based on the child’s learning ability and preferences, thus better 

meeting individual needs (Interviewee 3). Related studies have found that AI-based 

adaptive learning systems can dynamically adjust learning content to suit learners at 

different levels, avoiding frustration from overly challenging material while still 

providing sufficient challenges to maintain interest (Cui et al., 2018). Personalised 

learning not only supports more efficient knowledge acquisition but also promotes 

learner autonomy, motivation, and sustained engagement over time. 

 

In addition, parents particularly emphasised the need to improve the usability of these 

applications, especially in terms of user guidance and learning progress monitoring. 

One parent suggested that the application should provide clear learning plans, progress 

tracking, and reminder notifications so that parents can effectively supervise their 

children’s learning even amid a busy work schedule (Interviewee 2). Meanwhile, some 

parents expressed a desire to receive regular updates on their child’s learning content 

and achievements, which would help them comprehensively understand their child’s 

progress. Empirical research indicates that parental involvement is a critical factor 

influencing children’s learning outcomes in technology-assisted learning environments 

(Matban, 2023). Therefore, improving the parent monitoring system and communication 

features (such as providing progress reports and AI-generated personalised feedback) 

will not only help parents better support their children’s learning but also enhance their trust 

and acceptance of AI learning applications. 

 

Furthermore, some parents have suggested that AI learning applications be integrated with 

traditional classroom teaching to form a blended learning model. One parent pointed out 

that traditional teaching methods can sometimes be monotonous, whereas the inclusion of 

AI tools can enhance classroom interactivity and engagement while still retaining the 

teacher’s central educational role (Interviewee 5). Research has demonstrated that blended 

synchronous learning models can provide students with broader learning opportunities 
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and a richer learning experience. This approach is particularly suitable for remote learners, 

as it helps improve academic performance and efficiency while enabling a better 

integration of AI-assisted learning content with classroom instruction (Wang et al., 2017; 

Xiao & Jiang, 2023). 

 

Finally, some parents expressed optimism about the future development of AI, with one 

parent even suggesting that AI might eventually evolve to a level where it could replace 

human teachers (Interviewee 1). However, existing research indicates that although AI 

shows tremendous potential in adaptive learning and automated feedback, it is currently 

unable to substitute for teachers in terms of providing emotional support, managing 

classrooms, and delivering personalised guidance (Selwyn, 2019). Therefore, future AI 

language learning tools are more likely to augment rather than replace teachers, 

complementing traditional educational models to jointly enhance the quality of education. 

 

Research indicates that in areas with unstable internet connectivity, most rural parents, 

approximately two-thirds prefer AI learning applications to include offline functionality, 

ensuring that children can continue learning even without internet access (Interviewee 8). 

This finding is consistent with Munoto et al. (2021), who emphasised the critical role of 

offline educational technology in ensuring learning accessibility in resource-limited 

regions. Additionally, some parents suggested that AI learning applications should 

support local dialects to enhance linguistic inclusivity, enabling both parents and children 

to engage more seamlessly in the learning process (Interviewee 7). This perspective is 

supported by Ahia et al. (2024), whose research highlights the importance of multilingual 

and dialect-adaptive features in promoting educational equity and accessibility. Moreover, 

parents generally perceive themselves as playing a crucial role in their children's learning 

process and expect AI learning applications to provide more resources specifically 

designed to support their involvement and guidance. Based on these findings, future 

research should further explore the following areas: (1) the development of efficient and 

stable offline learning models to ensure continuity in low- connectivity environments; (2) 

the optimisation of AI systems to accommodate various dialects, thereby improving 

linguistic inclusivity and learning accessibility; and (3) the design of parent-oriented 

support systems to strengthen their role in AI-assisted learning. Investigating these 

directions will contribute to enhancing the applicability of AI learning applications and 
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promoting the equity and sustainability of technology-assisted learning in diverse 

educational settings. 

 

6.3 Conclusion 

 

This chapter presented an in-depth discussion of the key findings of this study. As stated in 

the introduction to this chapter, this research adopted an embedded mixed-methods 

approach. In the quantitative study, data were collected from 85 children aged 5 to 7, 

who participated in two assessment tests and a questionnaire to evaluate the impact of AI 

learning applications on children's SLA. Additionally, the qualitative study involved semi-

structured interviews with the parents of eight children in the experimental group, aiming 

to explore parents’ perceptions of the effectiveness of AI learning applications. 

 

This study employed a quasi-experimental design, with the intervention lasting 12 weeks. 

For data analysis, quantitative data were processed using statistical analysis, while 

qualitative data were analysed using thematic analysis. To enhance the credibility and 

robustness of the findings, this study implemented a triangulation approach, integrating 

multiple data sources to cross-validate the research findings. 

 

In conclusion, this study provides strong evidence that AI-based learning applications, as 

exemplified by Zebra AI, can effectively support young children’s second language 

vocabulary acquisition. Importantly, the observed learning gains cannot be attributed to 

technological novelty alone. Instead, they are explained by psychologically informed 

design features. Specifically, the combination of visual and auditory input supports cross-

modal associative learning, while ASR-based feedback offers opportunities for correction 

and focused attention, both of which facilitate vocabulary development. In addition to 

language outcomes, a clear dose effect was identified, indicating that the effectiveness of 

AI-based interventions depends on sustained exposure, which in turn is more strongly 

driven by children’s self-directed engagement than by parental enforcement. 

 

From a theoretical perspective, the findings contribute to a clearer understanding of 

cognition–technology interaction in early language learning. WM was found to be a 
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positive predictor of vocabulary growth, suggesting that repeated visual–auditory pairing 

and active retrieval demands within AI-based applications may indirectly strengthen WM 

and attentional processes, even without explicit cognitive training. In contrast, no 

significant effects were observed for ToM. This highlights an important pedagogical 

limitation, as current AI systems are largely rule-based and lack the uncertainty and 

intention inference that characterise genuine social interaction. As a result, while AI-based 

applications can effectively support perceptual and associative aspects of language 

learning, they can only complement, rather than replace, human-mediated social language 

experiences. 

 

The study also highlights the central role of enjoyment in early childhood learning. 

Children’s continued engagement was shaped by hedonic quality, which helped to reduce 

cognitive load and support feelings of competence, thereby encouraging self-determined 

participation. However, technological challenges, particularly occasional limitations in 

ASR sensitivity, remained a key barrier. Such issues can disrupt children’s flow and 

reduce sustained engagement, emphasising the need for reliable technology alongside 

sound pedagogical design. Overall, these findings suggest that future AI-based learning 

tools should move beyond basic gamification and towards more robust, responsive, and 

socially informed designs that balance educational challenge with technical stability. 

 

Parental views largely supported these conclusions. Most parent-caregivers reported 

positive attitudes towards AI-based learning applications, recognising their benefits for 

children’s language development and learning motivation, as well as their potential to 

reduce parental involvement in direct instruction. At the same time, parents raised 

concerns about long-term use, including issues related to technical reliability, supervision 

requirements, cost, and the continued importance of traditional classroom teaching. Their 

expectations for future development, such as more personalised learning pathways, offline 

access, closer alignment with school curricula, and improved parental monitoring tools, 

provide valuable guidance for the further development and refinement of AI-supported 

language learning applications. 

 

Overall, this study provides empirical support for the application of AI technology in 

children's SLA and identifies key directions for optimizing AI learning applications in 

the future. However, further research is needed to explore long-term effects, individual 
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differences, and technological adaptability to ensure that AI-based language learning tools 

can be more widely and effectively used to support children's language development. 
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Chapter 7. CONCLUSION 

 

7.1 Introduction 

 

This research systematically evaluated the effectiveness of AI-based language learning 

applications in supporting L2 learning among Chinese children aged 5 to 7, with a 

particular focus on their impact on children's English receptive vocabulary and cognitive 

abilities (WM and ToM), as well as the interface designs and features that influence 

children's hedonic user experience. 

 

A mixed-methods approach was employed, utilising an embedded research design that 

integrated quantitative (quasi-experimental design and questionnaires) and qualitative 

(semi-structured interviews) methodologies. 

 

In the quantitative phase, 85 children participated in pre- and post-tests to assess 

learning outcomes and completed a questionnaire to report on their user experience with the 

AI learning application. In the qualitative phase, semi-structured interviews were 

conducted with 8 parents or caregivers of children from the experimental group to gather 

in-depth insights into their perceptions of the application's effectiveness and their feedback 

during the intervention. 

 

The quasi-experimental intervention lasted for 12 weeks and involved the use of Zebra AI, 

an AI-powered language learning app that combines ASR, adaptive learning and learning 

analytics. During the intervention, children in the experimental group regularly engaged 

with the AI application, while the control group used non-educational entertainment apps. 

Post-intervention, qualitative interviews explored parental views on app design, learning 

outcomes, and the role of the technology in home learning. 

 

The study aimed to provide a comprehensive evaluation of the effectiveness of AI 

learning applications in improving children’s receptive vocabulary in a second language, 

explore their potential influence on cognitive development (WM and ToM), and 

investigate the experiences and attitudes of both children and their parents throughout the 
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use of the application. In addition, the study drew on the TAM and the UX modle 

framework to examine the multidimensional mechanisms underlying children’s hedonic 

experiences and to explore parental expectations and acceptance of AI-assisted language 

learning. 

 

Grounded in a thorough literature review and empirical analysis, the study critically 

examined the outcomes and underlying mechanisms of the intervention. This chapter 

summarises and discusses the key findings of the study, structured around the following 

three core research questions: 

 

RQ1: To what extent does the AI-based app improve children’s receptive vocabulary, and 

how are these outcomes predicted by their WM and ToM? 

 

RQ2: Which functions and design interface influence children’s hedonic experience with 

the AI-based language learning app? 

 

RQ3: What are parent-caregivers’ views regarding the effectiveness of using AI-based 

learning apps for learning a second language? 

 

In addition, this chapter will propose recommendations for optimising AI-based language 

learning tools based on research data and literature review, further explore the logical 

connections between the research questions and the findings, and offer suggestions for 

future research directions. 

 

7.2 Main Research Findings 

 

This study addressed three core research questions (RQ1–RQ3) and systematically 

investigated the impact of AI-based language learning applications on SLA among 

Chinese children aged 5 to 7, using a combination of quantitative and qualitative data. 

 

Regarding RQ1, the study confirms that the AI-based learning application had a 

significant positive impact on children’s receptive English vocabulary. Both quantitative 



 

 

223 

and qualitative data substantiate this finding, with the experimental group achieving 

significantly higher vocabulary scores than the control group following the 12-week 

intervention. Beyond linguistic gains, the intervention also led to a significant 

improvement in WM. Although the application did not explicitly train WM, its design 

indirectly exercised WM and attentional resources by requiring continuous cross-modal 

binding (visual-auditory association) and active retrieval. In contrast, no significant inter-

group difference was observed in ToM development. This suggests that the application’s 

deterministic, rule-based interactions lacked the social contingency and unpredictability 

necessary to challenge and develop social cognition. 

 

Regarding predictive factors, the intervention itself emerged as the most potent predictor 

of vocabulary growth. Among the cognitive variables, WM was identified as a significant 

positive predictor, suggesting that lexical acquisition in this context shares a reliance on 

cross-modal binding mechanisms with WM. In contrast, ToM did not yield significant 

predictive power for vocabulary outcomes, implying that the acquisition of concrete nouns 

in this AI-supported environment may rely more heavily on associative mechanisms than 

on complex social-intention inference. Additionally, age was confirmed as a significant 

predictor, with older children in the sample generally demonstrating higher learning gains. 

 

Regarding RQ2, the study found that AI-based language learning applications 

significantly enhanced children’s hedonic experience during the second language learning 

process. Questionnaire results showed that most children expressed positive emotional 

responses, such as enjoyment, excitement, and high engagement when using the Zebra AI 

application. Further analysis identified several key design features of the app, such as 

ease of use, high-quality visual presentation, and gamified interactive mechanisms as 

critical in stimulating children’s emotional engagement and learning motivation. Among 

these, the game function was most favoured by both children and parents, serving as a 

central driver of emotional investment and learning enthusiasm. Additional features such 

as simulated video calls, animated characters, and English songs also enhanced the 

sense of fun and immersion, making the language learning process more engaging and 

approachable. These findings were further supported by qualitative data from parent 

interviews. Most parents noted that the app's engaging, and interactive design effectively 

increased their children's interest and initiative in learning. Some parents also highlighted 

that gamified tasks and virtual characters significantly enhanced their children’s 
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anticipation and willingness to participate in English learning activities. Nevertheless, the 

study also found individual differences in children’s experiences, with some showing 

limited interest or difficulty maintaining attention. This indicates a need for future AI 

learning tools to better accommodate developmental and cognitive differences among 

users. 

 

For RQ3, the analysis of parent-caregiver’ interview data revealed three main types of 

positive changes in children after using AI language learning applications. First, in 

terms of knowledge acquisition, children demonstrated improvements in vocabulary, 

pronunciation accuracy, and overall language expression, with some showing increased 

learning engagement both at home and in school. Second, children’s learning motivation 

and attitudes were enhanced, as evidenced by greater interest, confidence, and 

willingness to participate in English learning. Third, positive behavioural changes were 

observed, including improved focus, the development of autonomous learning habits, 

and a growing interest in exploring English-speaking cultures. These findings reflect the 

multifaceted impact of AI applications on children’s cognitive, emotional, and 

behavioural development. 

 

At the same time, the study identified several barriers to the effective use of AI learning 

tools. While most parents recognised the educational potential of such applications, 

practical challenges such as time constraints, financial concerns, concerns about 

children’s eye health, and a lack of technological familiarity reduced the frequency and 

sustainability of their use. Some parents also reported that certain app interfaces were 

unintuitive, or that the learning content was too difficult, which negatively affected their 

children's experience. Others raised concerns about inappropriate animated characters or 

content that could potentially influence children’s behaviour. Additionally, some 

children exhibited signs of distraction and low self-regulation during use, highlighting the 

importance of age-appropriate design and better learning environment management. 

 

The interviews also revealed parent-caregivers’ expectations for future improvements to 

AI learning applications. These include the desire for more adaptive personalised 

learning paths, offline functionality to support learning in areas with limited internet 

access, better integration with school curricula, and expanded features for parental 

monitoring and feedback. Furthermore, some parents suggested the incorporation of  
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virtual “peer support” functions, such as AI learning companions that simulate social 

interactions to boost engagement and foster a sense of belonging. Parents also expressed 

the need for simplified operational guidance and basic digital training resources to better 

support their involvement in AI-assisted learning at home. 

 

In summary, this study provides robust evidence that AI-based language learning 

applications can significantly enhance children’s vocabulary acquisition, learning 

motivation, and behavioural engagement. At the same time, it identifies ongoing 

challenges in areas such as social cognition, individual adaptability, and family-based 

support. These findings not only expand the theoretical landscape of SLA and user 

experience research in early childhood but also offer practical implications for 

developers, educators, and policymakers aiming to design and implement more effective 

AI-assisted language learning tools for young learners. 

 

7.3 Limitations 

 

While this research offers valuable insights into AI-supported language learning and its 

underlying cognitive processes, it is important to acknowledge certain limitations. These 

arise primarily from practical experimental constraints and the inherent complexity of the 

subject matter. To maintain a balanced perspective and inform future studies, the 

following sections outline the research shortcomings in three key areas: experimental 

design and intervention fidelity, measurement and operationalisation of constructs, and 

sample representativeness. 

 

A primary limitation concerns the intervention tool itself. The study relied exclusively on 

a single proprietary application, the trial version of Zebra AI. While the findings 

demonstrate promising effects, these outcomes are necessarily specific to the design 

features and technological capabilities of this particular app. The category of ‘AI-based 

learning tools’ encompasses a wide variety of systems that differ markedly in pedagogical 

frameworks, feedback mechanisms, and adaptivity. Therefore, the results reported here 

cannot be assumed to generalise automatically to other AI applications with different 

algorithmic models or interaction designs. 
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Closely related to this is the design of the control group, which restricted the precise 

interpretation of the intervention mechanism. The choice of Candy Crush Saga, a non-

educational game was based on feasibility and aimed at matching the experimental group 

on screen time and task engagement. However, this design could not effectively isolate 

the core technological mechanisms of the Zebra AI application (such as AI-driven 

immediate feedback and voice recognition) from its structured educational content. 

Consequently, the significant improvement in receptive single-word vocabulary breadth 

is more likely attributable to the system’s high-quality vocabulary input rather than the 

independent contribution of specific AI-driven mechanisms. Future research could adopt 

mechanism-separation designs, comparing an ‘AI-enabled’ condition with a ‘traditional 

content’ condition to clarify the relative influence of content versus mechanism. 

 

Furthermore, there is a potential risk of a novelty effect. Although the intervention 

spanned 12 weeks, the high hedonic ratings and rapid learning gains observed, particularly 

in the initial phases, might partially reflect participants’ enthusiasm for the novel 

instructional format. Consequently, it is difficult to determine with certainty the extent to 

which engagement was sustained by the intervention's intrinsic pedagogical value versus 

the novelty of the experience. Longitudinal research with delayed post-tests is necessary 

to evaluate the durability of these learning gains and behavioural changes over time. 

 

Several limitations exist regarding the instruments used to measure key constructs. 

Regarding language assessment, while the PPVT-5 is a robust measure of receptive 

vocabulary, it does not capture the full spectrum of linguistic competence, such as 

vocabulary depth (e.g., collocations, polysemy) or sentence-level listening comprehension. 

Thus, the observed gains should be interpreted strictly as improvements in single-word 

recognition, and caution is exercised when generalising these findings to broader 

communicative proficiency. 

 

Significant caveats also apply to the cognitive measures. The image-based Animal Span 

task assesses associative memory rather than the broader construct of WM, which involves 

simultaneous storage and active executive processing. While this task was chosen to 

minimise executive load for young children (aged 5–7) and to capture cross-modal 

binding, it implies that observed gains reflect improvements in associative binding 
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efficiency rather than a fundamental expansion of general WM capacity. Moreover, the 

interpretation of these cognitive outcomes is tempered by unexpectedly high baseline 

scores in the WM task. Factors such as prior exposure to digital games or the recruitment 

of a relatively advantaged urban sample likely contributed to a ceiling effect, limiting the 

extent of observable improvement. Future research should employ more complex span 

paradigms (e.g., backward digit span) or increase task difficulty to accurately capture 

cognitive development nuances. 

 

Additionally, limitations pertain to the measurement of hedonic experience. The self-

developed questionnaire, while grounded in the UX model and TAM, has not undergone 

standardised reliability and validity testing with a large sample. This issue is particularly 

salient in child populations, where subjective evaluations vary widely. Furthermore, 

young participants using Likert scales often avoid extreme response options, potentially 

reducing data sensitivity. Future research is advised to incorporate objective methods, 

such as behavioural observation or interaction log analysis, to triangulate these findings. 

 

Finally, unmeasured covariates present a limitation. The study did not statistically control 

for participants’ L1 ability, non-verbal intelligence (IQ), or socioeconomic status (SES). 

Previous research indicates these factors are predictors of language learning (Schmidt & 

Blumenthal, 2022; Sparks et al., 2009). The exclusion of these variables introduces the 

possibility of unobserved heterogeneity. Future studies should assess these characteristics 

using standardised measures (e.g., Raven’s Matrices) to isolate the intervention’s specific 

contribution more precisely. 

 

The final set of limitations concerns the sampling strategy and geographical reach. First, 

the quantitative data were collected from two primary schools in Nanyang, China. Given 

China’s vast regional diversity in educational resources and parental attitudes toward 

technology, findings from this urban context may not be fully generalisable to rural areas 

or less-developed provinces. 

 

Second, the qualitative component relied on a small sample of eight parents for interviews. 

While offering valuable contextual insights, this limited number restricts 

representativeness. Moreover, the self-selection nature of the sample suggests that 

participating parents may have had more positive attitudes towards AI or higher 
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involvement in their children's learning than the general population. This potential bias 

underscores the need for future studies to recruit larger, more stratified samples using 

purposive or quota sampling strategies to ensure diverse representation across 

demographic groups. 

 

Despite these constraints, the consistent measurement across pre- and post-intervention 

phases ensures that the findings offer reliable, albeit context-specific, insights into how 

AI technologies support early childhood language development. 

 

7.4 Suggestions for Further Research 

 

Based on the findings and limitations of the current study, several avenues for future 

research are recommended to further explore and enhance the application of AI-based 

language learning tools in early childhood SLA. These suggestions focus on research 

design, measurement tools, intervention content, and sociocultural factors. 

 

7.4.1 Research Design and Scope 

 

Future studies should consider expanding the sample size and geographic coverage to 

improve the generalisability of findings. While this study was conducted in two primary 

schools in Nanyang, China, further research could include participants from diverse 

urban and rural settings across different regions. This would allow for exploration of  

how factors such as socioeconomic status may affect the AI-based interventions. 

 

In addition, future research should extend the intervention duration beyond the current 12 

weeks and adopt more rigorous longitudinal designs to evaluate the long-term 

sustainability of language learning outcomes. Specifically, incorporating delayed post-

tests, such as an assessment three-month post-intervention, is essential to determine 

whether the observed benefits persist once the initial novelty has subsided. Furthermore, 

employing a phased exposure design where the intervention is introduced to different 

groups at staggered intervals would help to isolate specific treatment effects from 
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temporal novelty factors, thereby providing more robust evidence of the intervention's 

true efficacy. 

 

Researchers may also consider comparative studies that evaluate the effectiveness of  

AI-based learning tools against traditional instruction or alternative digital platforms. 

For example, contrasting the effects of Zebra AI with other commercial language apps 

could help identify which features are most effective for young learners. 

 

7.4.2 Measurement and Analytical Tools 

 

To enhance reliability and validity, future research should refine localised, age- 

appropriate instruments for assessing children's hedonic experience and engagement. 

While this study used adapted UX and TAM based questionnaires, integrating objective 

behavioural data (e.g., clickstreams, response times, facial emotion tracking) could 

provide a more nuanced understanding of user experience. 

 

Additionally, future studies could go beyond receptive vocabulary and include 

assessments of expressive language, syntactic development, and oral fluency through 

storytelling or interactive verbal tasks. Introducing additional variables such as learning 

motivation, attention control, or self-regulated behaviours would help construct a more 

holistic view of how children engage with AI-based tools during the learning process. 

 

7.4.3 Intervention Design and Technological Adaptation 

 

Future research should focus on the latest advancements in the functional iterations and 

technological evolution of AI-based language learning applications, exploring their 

potential to further facilitate children’s language acquisition. With ongoing developments 

in AI technologies, such as natural language processing, speech recognition, and adaptive 

recommendation algorithms AI applications are expected to introduce new forms of 

interaction and learning mechanisms. For example, future studies could incorporate 

updated AI features (e.g., personalised emotion recognition, immersive learning 
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experiences) into newly designed intervention programs and examine their effects on 

children’s learning outcomes and user experience. 

 

7.4.4 Parental Perspectives and Sociocultural Factors 

 

Given parents’ critical role in mediating children’s technology use, future studies should 

further explore how digital literacy, educational attitudes, and family routines influence the 

uptake and effectiveness of AI language learning apps. Mixed-methods research 

combining large-scale surveys with qualitative follow-ups could yield deeper insights. 

 

In conclusion, these future research directions aim to build upon the findings of the 

present study by expanding understanding of how AI-based tools support SLA in early 

childhood, improving technological design, and promoting equitable and sustainable 

learning outcomes. Integrating insights from children’s cognitive and linguistic 

development, UX models, and parent-caregivers’ feedback offers a comprehensive 

roadmap for advancing the field of AI-supported language education. 
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APPENDICES 

Appendix 1. PIS for Parents/Caretakers and Children – English 

 

 

Participation Information Sheet for Parents/Caretakers 

  

Title of Project: Role of embedded artificial intelligence learning apps in children’s second language 
acquisition  

Researcher: Miss Jiachen Wang, email: @student.gla.ac.uk    

Supervisor：Dr. Joanna Wincenciak, email: Joanna.Wincenciak@glasgow.ac.uk; Dr. 
Christopher Hand, email: Christopher.Hand@glasgow.ac.uk 
  

Your child/dependent has been being invited to take part in a research study. Before you decide it is 
important for you to understand why the research is being done and what it will involve. Please take 
time to read the following information carefully and discuss it with others if you wish. Ask us if there is 
anything that is not clear or if you would like more information. Take time to decide whether or not you 
wish your child to take part. 

Thank you for reading this. 

  

1. What is the purpose of the study? 
We are interested in finding out about the impact of the embedded-AI language learning app 
(https://banmaapp.com) developed by China Education Technology Company on children’s language 
learning abilities and social competence.  

Through quasi-experimental research with children and interviews with parents, this will help children 
to better learn second language learning through technology and help to optimise the functionality of 
the same type of app. 

  

2. Why has my child been chosen? 

Your child/dependent has been chosen to take part in this study as they are 5-7 years old and their 
second language is English. Their involvement in the study will prove to be valuable to the results 
obtained at the end of the research. Before your child/dependent takes part in our study you will be 
asked to sign a consent form. Their participation is voluntary and you can withdraw them from this 
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study at any time, even if you have signed the consent form. You can also withdraw their data from 
the study if you do not feel comfortable having certain information shared. This data will not appear in 
the final report.  

  

3. Do I have to take part? 
It is fully up to you to decide whether or not to allow your child/dependent to take part. If you decide to 
take part, they are still free to withdraw at any time before the completion of the study and without 
giving a reason. Your decision to withdraw will not affect you or your child/dependent in any way. 
However, it will not be possible to withdraw their data after it has been de-identified (approximately 2 
weeks after their participation), as de-identified data cannot be traced to them. 

  

4. What will happen to me if I take part? 

Your child will be invited to complete three small tests : a vocabulary test, theory of mind test and a 
working memory test. These tests are designed to better understand the changes in your child's  
language skills and social skills after using the AI app for language. All three tests are completed in 
the classroom with the assistance of a researcher. The vocabulary test will assess the impact of using 
the AI app on children's second language skills through vocabulary. Children will be invited to answer 
words from pictures made from coloured cards. The theory of mind test is where researchers will 
show  

children a total of 12 animals and 4 colours via PowerPoint and ask them to recall the name or colour 
of the animal by constantly changing the animal and colour (as shown). This task will take no more 
than 5-10 minutes to complete. 

  

 

  

  

Finally the child will also be invited to complete a working memory test which will be completed with 
the assistance of a researcher through a box and doll. At the beginning of the test the tester will tell 
the child being tested a simple story and will ask the child to accurately predict where the character in 
the story will be looking for an object that has been moved from one place to another by another 
person without his/her knowledge. Each test has three questions and this task takes no more than 5-
10 minutes to complete. 

  

With your permission, your child will also be asked to fill in a questionnaire which will be used to 
assess the child's experience and feelings when using the app. The questionnaire contains three 
sections: emotions, functionality and interface design. A child-friendly "smile-o-meter" scale is also 
used to assess children's emotions when interacting with different parts of the app. The questions 
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consist of 7 questions and the questionnaire will be printed on paper and will take no more than 5-10 
minutes to complete. 

In order to fully understand the study population, we will also ask you to fill in a short Demographic 
questionnair about your child and family online, which will take no more than 5-10 minutes to 
complete. 

If you are interested, you will also be invited to take part in an interview where we will explore your 
experiences of the programme, or the impact it might have on your child. The interview will take 
approximately 30-45 minutes. The interview will be conducted over zoom or face to face and offered 
at times that fit your schedule. With your permission, we will record the interview in order to prepare 
the transcript. It is up to you in you want to agree to any of the activities related to this research.  

5. Will my taking part in this study be kept confidential?

The data gathering process is de-identified, which means that your child/dependent will be given an 
ID (a combination of numbers and letters) in the process of data collection. All the data will be 
collected using this ID and not their real name. All information which is collected about your 
child/dependent during the course of the research will be kept strictly confidential. Please note, 
however, that due to the small to size of sample and study being conducted in a specific location 
confidentiality may be impossible to guarantee.  

6. What will happen to the results of the research study?

The data gathered will be used to support future academic research and funding applications and 
may be used for publications in scientific journals. The processed data will be kept in an electronic 
form only for the duration of up to 10 years, after which it will be destroyed. Your child/dependent, and 
any of the other participants, will not be identifiable in any of above mentioned ways the results of the 
data might be used. On your request, the summary of the results of this project will be shared with 
you. Data collected in may also be used for future projects that focus on any topic and may be 
unrelated to this study. This new data may be made available to the general public via an open 
database. 

7. Who has reviewed this study?

This study has been considered and approved by the College Research Ethics Committee. 

8. Who can I contact for further Information?

If you have any questions about this study, you can ask me, Miss Jiachen Wang  
(XXXXXXXX@student.gla.ac.uk) or my supervisor, Dr. Joanna Wincenciak 
(Joanna.Wincenciak@glasgow.ac.uk). Dr. Christopher Hand (Christopher.Hand@glasgow.ac.uk) 

or the Ethics officer for the School of  Education (paul.lynch@glasgow.ac.uk). 
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Essential statement on confidentiality as required by University Ethics Committee:  
Please note that confidentiality will be maintained as far as it possible, unless during 
data collection we learn anything which make us worried that someone might be in 
danger of harm, we might have to inform relevant agencies of this. 

Thank you for reading this. 

End ________________ 

1. Child Information Sheet

What is a study? 
A research study is what you do when you 
want to learn about something or find out 
something new. 

Why is this study being done? 
We are doing this study to understand how children learn 
English. 
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What will happen if I take part?  
If you are able, you will be 
asked to write your name on a 
form.  
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This form is to say that you understand the study and what will 
happen. You will be given your own copy of the form to keep, 
as well as this leaflet. 
  
If you take part in this study, the researcher may ask you to 
play three games, and also ask you to fill in a form and simply 
tick the emoji that you think best matches you. 

 

 
  

Do I have to say yes?  
No – not at all. It’s up to you! Just say if you don’t want to join 
in. Nobody will mind. If you change your mind, that’s ok as well, 
it will not change the way my friends and me look at you. 
  
What shall I do now?  
Now you know about the study 
you need to think about if you 
want to take part in the study. 
 
Will the study upset or help me?  
At the end of the study, you will receive fun stickers and we 
hope that the information we get from this study will help boys 
and girls enjoy their time at school more.  
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Thank you very much for taking time to read this. Please 
ask any questions if you need to 
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Appendix 2. Theory of Mind - 6 Task Stories 

1. Diverse Desires 

Children see a toy figure of a girl with black hair and yellow skin, and a sheet of paper with 
an ice cream and an egg drawn on it. The Own desire question “Here’s Xiaohong. It’s snack 
time, so, Xiaohong wants a snack to eat. Here are two different snacks: an ice cream and an 
egg. Which snack would you like best? Would you like ice cream or egg best?” If the child 
chooses the ice cream: “Well, that’s a good choice, but Xiaohong really likes egg. She 
doesn’t like ice cream. What she likes best are eggs.” (Or, if the child chooses the egg, he or 
she is told Xiaohong likes ice cream.) Then the child is asked the target question: “So, now 
it’s time to eat. Xiaohong can only choose one snack, just one. Which snack will Xiaohong 
choose? An ice cream or an egg?” To be scored as egg, or to pass this task, the child must 
answer the target question opposite from his or her answer to the own-desire question. 
This task was adapted from those used by Wellman and Woolley (1990) and Repac Holi and 
Gopnik (1997). 

2. Diverse Beliefs 

Children see a toy figure of a girl and a sheet of paper with a bed and a wardrobe drawn on 
it. “Here’s Lanlan. Lanlan wants to find her socks. Her socks might be hiding under the bed, 
or it might be hiding in the wardrobe. Where do you think the socks are? Under the bed or 
in the wardrobe?” This is the own-belief question. If the child chooses the bed: “Well, that’s 
a good idea, but Lanlan thinks her socks are in the wardrobe.” (Or, if the child chooses the 
wardrobe, he or she is told Lanlan thinks her socks are under the bed.) Then the child is 
asked the target question: “So where will Lanlan look for her socks? Under the bed or in the 
wardrobe?” To be correct the child must answer the target question opposite from his or 
her answer to the own belief question. This task was adapted from those used by Wellman 
and Bartsch (1989) and Wellman et al. (1996). 

3. Knowledge Access 

Children see a plastic box with a drawer containing a small plastic toy ball inside the closed 
drawer. “Here’s a drawer. What do you think is inside the drawer?” (The child can give any 
answer he or she likes or indicate that he or she does not know). Next, the drawer is opened 
and the child is shown the content of the drawer: “Let’s see it’s really a ball inside!” Close 
the drawer: “Okay, what is in the drawer?” Then a toy figure of a girl is produced: “Lili has 
never ever seen inside this drawer. Now here comes Lili. So, does Lili know what is in the 
drawer? (the target question) “Did Lili see inside this drawer?” (the memory question). To 
be correct the child must answer the target question “no” and answer the memory control 
question “no.” This task was adapted from those used by Pratt and Bryant (1990) and Pillow 
(1989). 

4. Contents False Belief 

Children see a toy figure of a boy and a sheet of paper with a backpack and a closet drawn 
on it. “Here’s Xinxin. Xinxin wants to find his mittens. His mittens might be in his backpack, 
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or they might be in the closet. Really, Xinxin’s mittens are in his backpack. But Xinxin thinks 
his mittens are in the closet.” “So, where will Xinxin look for his mittens? In his backpack or 
in the closet?” (The target question) “Where are Xinxin’s mittens really? In his backpack or 
in the closet?” (The reality question). To be correct the child must answer the target 
question “closet” and answer the reality question “backpack.” This task was derived from 
one used by Wellman and Bartsch (1989) and Siegal and Beattie (1991). 

5. Hidden Emotion 

Initially, children see a sheet of paper with two faces drawn on it, a happy and a sad face to 
check that the child knows these emotional expressions. Then that paper is put aside, and 
the task begins with the child being shown a cardboard cutout figure of a boy drawn from 
the back so that the boy’s facial expression cannot be seen. “This story is about a boy. I’m 
going to ask you about how the boy really feels inside and how he looks on his face. He 
might really feel one way inside but look a different way on his face. Or he might really feel 
the same way inside as he looks on his face. I want you to tell me how he really feels inside 
and how he looks on his face.” “This story was about Xiaoming. Xiaoming's uncle was 
coming back from a business trip abroad. Xiaoming hoped his uncle would bring him a toy 
gun. If he received the toy gun, Xiaoming would be very happy. If his uncle didn't give him 
the toy gun, Xiaoming would be sad. But because Xiaoming hadn't seen his uncle in a long 
time, he didn't want his uncle to think he was sad, so Xiaoming tried to hide how he felt.” 

"How would Xiaoming feel if he received the toy gun from his uncle?" (Feel very happy.) "In 
the story, did Xiaoming want his uncle to see him unhappy?" (No.) Pointing to two emotion 
pictures: "So, if Xiaoming received a book instead of a toy gun from his uncle, what would 
Xiaoming truly feel inside? Would he feel happy or sad?" (The target-feel question) "When 
his uncle didn't give him the toy gun but instead gave him a book, how did Xiaoming try to 
appear on his face when he received it? Did he look happy or sad?"(The target-look 
question). To be correct the child’s answer to the target-feel question must be more 
negative than his or her answer to the target-look question (i.e., sad for target feel and 
happy for target-look). This task was adapt from one used by Wellman, H. M., et al. (2006). 

6. Sarcasm 
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“The little bear and the little fox are going on a picnic. It's the little bear's idea. He says it's 
going to be a lovely sunny day. But when they take out the food, dark storm clouds appear. 
It starts raining, and all the food gets wet. The little fox says, Today is a good day for a 
picnic." 

Children were first asked a preliminary question drawn from Happé (1994): "Is what the 
little fox said true?" followed by a test question: "Why did the little fox say, 'Today is a good 
day for a picnic'?" Additionally, the study introduced a comprehension control question: 
"Was the little fox happy about the rain?" The task included a control question about 
genuine emotions and a similar "why" test question. 
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Appendix 3. Demographic Questionnaire - Chinese 

 

What’s your child gender? 

 

What’s your child date of birth? 

 

Are you a monolingual or bilingual family？ 

Monolingual Bilingual Multi-lingual 

 

Do you have any of the smart devices that can download app (e.g. ipad, smart phone) ? 

Yes No 

Who is responsible for the main care of the children in your home？ 

 

What is the level of education of the person primarily caring for the child？ 

below junior high school high school bachelor's degree bachelor's degree or 
higher 

What is the annual income of your family？ 
 

less than 50000rmb 5000rmb-
100000rmb 

More than 100000rmb 

What's your employment status ？ 

Unemployed Part-time Full-time Self-employed 

Does your child have a diagnosis of any of the conditions below? 

ADHD Autism Dyslexia others 

Do you have any concerns about your child development? 

Yes (If yes, please provide more details) No 

 

  



 

 

278 

Appendix 4. Weekly learning log sheet - Chinese 

 

Zebra AI  应用使用情况 12  周家长记录表 
请使用本记录表记录您孩子每天是否完成了 Zebra AI  学习任务。若当天任务完成， 请在对应日期下

的方框 内打勾。每周结束时，请标注该周任务是否全部完成，并填写您的备注或观察意见。 

 
 

 

周次 

 

 

周一 

 

 

周二 

 

 

周三 

 

 

周四 

 

 

周五 

 

 

周六 

 

 

周天 

 

 

是否完成本周任 

务 

 

 

父母签字 /备 

注 

 

 

第一周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第二周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第三周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第四周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第五周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第六周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 
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第七周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第八周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第九周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第十周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第十一周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 

 

 

 

第十二周 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 

 

 

☐ 是 ☐  否 
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Appendix 5. Interview Questions - English 

 

Semi-structured interviews   

Interview questions   

1．What do you think about using AI apps as a tool in children's second language learning?   

2．Do you think it is helpful for children's second language learning? Please give an 
example.   

3. Do you think that using apps for learning has made a difference to your child? If so, what 
was it?   

4.  What do you think is the difference between learning a language using an AI-based 
learning app and using books?   

5．Do you think it has reasonable features? In your opinion, what is the best feature? Why?   

6．Did your child have any difficulties in using the app?   

7．What do you think are the pros/cons of the app?   

8．What do you think are some factors that might prevent children from using the AI app for 
second language learning?   

9．Do you have any suggestions on how to overcome these problems?   

10. What other features would you like to see implemented in AI apps in the future？ 
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Appendix 7: Ethical Approval from the University Ethical Committee 

 

 
 

02 February 2023 
  
Dear Jiachen Wang 
  
College of Social Sciences Research Ethics Committee 
 
Project Title; Role of embedded artificial intelligence learning apps in children's second language acquisition 
Application No:  400220113 
 
The College Research Ethics Committee has reviewed your application and has agreed that there is 
no objection on ethical grounds to the proposed study. It is happy therefore to approve the project, 
subject to the following conditions: 
  
• Start date of ethical approval: 02/02/2023 
• Project end date: 01/02/2025 
• Any outstanding permissions needed from third parties in order to recruit research participants 

or to access facilities or venues for research purposes must be obtained in writing and submitted 
to the CoSS Research Ethics Administrator before research commences: socsci-
ethics@glasgow.ac.uk  

• The research should be carried out only on the sites, and/or with the groups and using the 
methods defined in the application. 

• The data should be held securely for a period of ten years after the completion of the research 
project, or for longer if specified by the research funder or sponsor, in accordance with the 
University’s Code of Good Practice in Research: 
(https://www.gla.ac.uk/media/media_490311_en.pdf)  

• Any proposed changes in the protocol should be submitted for reassessment as an amendment 
to the original application. The Request for Amendments to an Approved Application form 
should be used: 

• Please note reviewers comments. Hope all goes well. 
https://www.gla.ac.uk/colleges/socialsciences/students/ethics/forms/staffandpostgraduater
esearchstudents/    

  
Yours sincerely, 
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Dr Susan A. Batchelor 
College Ethics Lead
Susan A. Batchelor, Senior Lecturer 
College of Social Sciences Ethics Lead 
University of Glasgow 
School of Social and Political Sciences & 
Scottish Centre for Crime and Justice Research 
Ivy Lodge, 63 Gibson Street, Glasgow G12 8LR. 
0044+141-330-6167   socsci-ethics-lead@glasgow.ac.uk 
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