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A B S T R A C T

This study investigates the effectiveness, affordances, limitations, and family perceptions of conversational AI for home literacy learning vs. human. We developed a 
large language model (LLM)-powered conversational AI system, named Vovo, to teach children vocabulary and co-construct stories using structured literacy 
pedagogy. The system was tested in home environments over six weeks with 10 families and their children aged 3–7 (M = 5.4). Across 150 learning sessions, Vovo 
delivered structured literacy instruction as effectively as parents, though children achieved higher learning outcomes when learning with parents. Video analysis 
revealed Vovo's advantages in pedagogical consistency, language modeling, and verbal socioemotional support, while facing challenges in speech recognition, 
instructional persistence, nonverbal social cues, and phoneme instruction. Parents perceived Vovo as intelligent, useful, and trustworthy, while expecting a 
multimodal design to improve engagement. Children perceived Vovo smart and fun but still preferred learning with parents due to emotional bonding. As one of the 
first studies to embed structured literacy pedagogy into home-based conversational AI system, this research contributes empirical insights into the evolving role of AI 
in home literacy environments. It also underscores the socially responsive AI design in early education and calls for future design that support parent-child-AI triadic 
interactions to optimize AI in home literacy learning.

1. Introduction

Literacy development in early childhood lays the foundation for later 
reading comprehension and academic success (Biemiller, 2013; De Jong 
& Leseman, 2001; National Reading Panel, 2000; Puckett et al., 2009; 
Scarborough & Dobrich, 1994; Spear-Swerling, 2019). A rich and sup
portive home literacy environment (HLE) plays a critical role in shaping 
children's early literacy development and long-term educational out
comes (Burgess et al., 2002; Sénéchal & LeFevre, 2002; Snow et al., 
1998; Van Steensel, 2006; Weigel et al., 2006). According to the HLE 
model (Sénéchal & LeFevre, 2002), home literacy activities can be 
categorized into two major types: formal HLE activities (e.g., caregivers 
directly teach children to read and write) and informal HLE activities (e. 
g., shared reading, storybook exposure, and parent-child conversations) 
(Sénéchal & LeFevre, 2002). While research demonstrates that both 
types of activities predict children's later reading performance, formal 
activities play a particularly critical role in fostering long-term reading 
outcomes, school readiness, and general academic success (Araújo & 
Costa, 2015; X. Chen et al., 2010; De Jong & Leseman, 2001; Dickinson 

& Tabors, 2001; Hood et al., 2008; Leseman & De Jong, 1998; Sénéchal 
& LeFevre, 2002; Sonnenschein & Munsterman, 2002; S. Z. Zhang et al., 
2020). However, formal home literacy practices vary widely across 
families. Families facing barriers such as lower socioeconomic status, 
diverse linguistic backgrounds, limited time availability, or lack of 
educational training may engage in literacy activities less frequently or 
in ways that are less pedagogically effective. These disparities contribute 
to early gaps in literacy development (Hammer et al., 2003; Hart et al., 
1997; Karpava, 2021; Van Steensel, 2006). Addressing these early dis
parities remains a persistent challenge in the field, prompting the need 
for reliable and accessible home literacy support.

With the advancement of artificial intelligence (AI) and large lan
guage models (LLMs), new opportunities have emerged to support 
children's literacy development at home. Recent research has started 
introducing AI-enhanced tools in literacy development, such as chatbots 
(Zhang & Huang, 2024), interactive TV and video systems (Tsang et al., 
2025; Xu et al., 2024), educational toys and robots (Ho et al., 2025; 
Kewalramani et al., 2021), augmented and virtual reality systems (Lyu 
et al., 2024; Zhang, 2025, pp. 1620–1621), and storytelling mobile 
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applications (Chen, 2024; Dietz Smith et al., 2024, pp. 408–423; Lee 
et al., 2025; Zhang et al., 2022, pp. 1–21). These AI-enhanced in
novations provide young children with multimodal, personalized, and 
adaptive learning experiences that positively impact literacy develop
ment (Saddhono et al., 2024, pp. 856–861; Solichah & Shofiah, 2024; Su 
& Yang, 2023b; Wang et al., 2024; Wen et al., 2024; Yang, 2022). LLMs 
such as ChatGPT and Gemini have enabled new forms of interactive, 
generative technologies with the potential to augment human teaching 
and caregiving (Quan et al., 2024, 2025a, 2025b; Xu et al., 2022). These 
systems can produce fluent, context-sensitive responses, maintain 
conversational coherence, and adapt in real time to user input. As a 
result, they attracted growing interest as potential home literacy 
learning companions, including for storybook reading (Chen, 2024; 
Zhang et al., 2022, pp. 1–21), learning second languages (Zhang & 
Huang, 2024), and collaborative problem-solving (Xu et al., 2023, pp. 
160–172; Zhang et al., 2022, pp. 1–21). However, most applications 
have focused on informal literacy activities such as shared reading, 
storytelling, or dialogic conversation, with limited exploration on 
formal HLE activities, such as explicit, structured teaching of founda
tional literacy skills. While conversational AI systems demonstrated 
promise in generating consistent and developmentally appropriate dia
logue, their potential in effective formal HLE instruction remains largely 
underexplored.

Structured Literacy Pedagogy is an instructional approach that 
teaches foundational literacy skills through structured, explicit, and 
systematic instruction (Spear-Swerling, 2019). It has been recognized as 
an evidence-based effective method for developing early literacy, and 
has been widely adopted in classrooms and clinical settings across the 
country. While introducing structured literacy pedagogy into home 
learning environments, particularly through formal literacy activities, 
holds strong promise, its adoption in HLE remains limited due to care
givers’ limited professional competencies. Conversational AI systems 
present a promising potential to this challenge. By embedding 
pre-scripted conversational flow, these systems make it possible to 
deliver structured literacy pedagogy at home in a consistent, pedagog
ically grounded manner.

This study addresses this critical gap by developing Vovo, a 
conversational AI system designed to deliver formal literacy instruction 
in home environments. Grounded in structured literacy pedagogy, Vovo 
guides children through a seven-step vocabulary learning sequence to 
support their engagement in formal home literacy activities. By imple
menting and evaluating the system in home settings, this study provides 
empirical evidence on the effectiveness, affordances, and limitations of 
conversational AI for formal home literacy learning. It also explores 
families' perceptions of the system, offering insights into how AI can be 
designed to meet families’ needs and better support literacy develop
ment in home environments.

2. Related work

2.1. Early literacy development and home literacy environment

Early literacy refers to the foundational set of language, cognitive, 
and social-emotional skills that children begin to develop from birth and 
continue to build during the preschool years, before formal schooling 
begins (Puckett et al., 2009; Snow et al., 1998). According to the Na
tional Reading Panel (2000), early literacy encompasses a broad range 
of emergent skills that are strong predictors of later reading and aca
demic achievement, such as alphabet knowledge, phonological aware
ness, print knowledge, vocabulary, and narrative skills. Among these, 
vocabulary knowledge and narrative skills are especially important, as 
they directly influence children's reading comprehension and long-term 
academic performance (Biemiller, 2013; Kilpatrick, 2015; Moats, 2020; 
Scarborough & Dobrich, 1994). However, children of low 
socio-economic status (SES) or linguistically diverse backgrounds are at 
a greater risk of falling behind in these areas. Research has shown that 

by age four, children from high SES families are exposed to approxi
mately 30 million more words than their peers in low SES households 
(Hart et al., 1997), and children in homes where English is not the pri
mary language often receive less input in English vocabulary and 
grammar, leading to delayed language proficiency in academic contexts 
(Hammer et al., 2003). These disparities are largely shaped by differ
ences in home literacy environments.

The Home Literacy Environment (HLE) refers to the range of expe
riences within the home that influence children's early language devel
opment (Roskos & Neuman, 2003; Scarborough & Dobrich, 1994; 
Zimmerman, 2018). It encompasses literacy-related resources, daily 
literacy activities, and parent-child interactions about language and 
print (Bus et al., 1995; De Jong & Leseman, 2001; Zimmerman et al., 
2008). According to the HLE model, HLE can be categorized into two 
broad types: formal activities, where parents directly teach children to 
read and write (e.g., direct teaching of letters, sounds, or vocabulary), 
and informal activities, such as storybook exposure and shared story
book reading (Sénéchal et al., 1998; Sénéchal & LeFevre, 2002). Both 
formal and informal activities contribute significantly to children's 
language growth and future reading success. However, families from 
low SES and linguistically diverse backgrounds often face barriers to 
offering rich HLE experiences to their children. Parents in these contexts 
may lack the time, skills, and language proficiency necessary to main
tain consistent engagement in home literacy learning (Bus et al., 1995; 
Hammer et al., 2003; Van Steensel, 2006). As a result, children in un
derserved households may not receive the same level of early literacy 
support as their more advantaged peers. These disparities are especially 
evident in formal literacy instruction, which requires sustained parental 
involvement, pedagogical knowledge, and fluency in the language of 
instruction (Sénéchal & LeFevre, 2002). These challenges underscore 
the pressing need for accessible, language-rich, and pedagogically 
informed HLE tools to support early literacy development at home, 
particularly for children in under-resourced settings.

2.2. Literacy instruction and structured literacy

Structured literacy is an evidence-based instructional approach that 
emphasizes the explicit, systematic teaching of language and literacy 
components, including phonology, morphology, syntax, and semantics 
(Levey & Polirstok, 2011; Moats, 2020; Spear-Swerling, 2019). This 
method has been shown to significantly improve foundational literacy 
outcomes for learners across developmental stages, particularly for 
children of diverse linguistic and SES backgrounds or at risk of reading 
difficulties (Kilpatrick, 2015; Moats, 2020). Structured literacy has 
gained widespread adoption in school-based curricula and teacher 
preparation programs due to its robust empirical support and its align
ment with national and state literacy initiatives (National Reading 
Panel, 2000). However, its implementation in home literacy environ
ments remains limited. Many parents, particularly those from linguis
tically diverse or low-SES backgrounds, may lack the pedagogical 
knowledge or confidence to implement structured approaches at home, 
relying instead on informal or incidental literacy activities (Hammer 
et al., 2003; Sénéchal & LeFevre, 2002). This gap creates a missed op
portunity to extend high-quality, developmentally appropriate literacy 
instruction beyond the classroom and into children's everyday envi
ronments. Given the importance of early and consistent exposure to 
structured language input, there is a growing need to design tools and 
interventions that make structured literacy more accessible and feasible 
for families, thus improving children's literacy trajectories through in
tegrated school-home partnerships.

2.3. Conversational AI tools in home literacy learning

As LLMs are increasingly integrated into HLE, understanding their 
potential role in HLE practices has become an increasingly important 
question for both educational and Human-Computer Interaction (HCI) 
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researchers. Studies suggest that these AI tools can provide structured 
instruction (Leech et al., 2025; Siegle et al., 2023), boost motivation and 
engagement (Xu et al., 2022; Yıldız, 2023), and support early literacy 
skills (Durski et al., 2020; Han & Cai, 2023, pp. 470–474; Han et al., 
2024; Maspul, 2025). Recent advances in AI and LLMs offer new pos
sibilities for supporting children's literacy development, particularly 
through scholarly work stemming from research in Conversational 
Agents (CAs) and Intelligent Tutoring Systems. AI-powered CAs can 
serve as instructional agents and learning partners by providing adap
tive feedback (Yaseen et al., 2025), pronunciation support (Xiao et al., 
2024), rich lexical output (He et al., 2024; Xu et al., 2021; Yang et al., 
2024), reading companion (Durski et al., 2020), and interactive dia
logue (Xu et al., 2022, 2023, pp. 160–172; Zhang et al., 2025) to enrich 
literacy learning experiences. However, it is important to note that 
providing formal literacy experiences to children requires direct teach
ing, such as explicitly teaching letters, phonemes, and vocabulary 
(Burgess et al., 2002; Evans et al., 2000; Hood et al., 2008; Sénéchal 
et al., 1998; Sénéchal & LeFevre, 2002). This contrasts with implicit or 
whole-language approaches, which tend to emphasize contextual 
learning through open-ended conversations, as seen in most AI in HLE 
research. As a result, a key limitation of many existing CAs lies in their 
reliance on unstructured dialogue with limited incorporation of peda
gogically grounded guidance (Druga et al., 2017, pp. 595–600; Hubbard 
et al., 2021, pp. 1–10; Pérez-Marın & Pascual-Nieto, 2013). In addition, 
published research has focused on informal home literacy activities in 
controlled settings (e.g., lab, school) delivered by researchers or edu
cators (Létourneau et al., 2025; Mousavinasab et al., 2021; Pitura, 2024; 
Temiz & Kafadar, 2025), with limited evidence on their effectiveness in 
delivering formal literacy instruction in naturalistic home settings.

Another stream of studies has been focusing on Intelligent Tutoring 
Systems for their potential to deliver pedagogically grounded educa
tional guidance (Alam, 2023; Mousavinasab et al., 2021; Ni & Cheung, 
2023; Schmucker et al., 2024, pp. 75–90; Wang, 2025; Xiao et al., 2025). 
By leveraging adaptive technologies and domain-specific scaffolding, 
Intelligent Tutoring Systems can personalize instruction, monitor 
learner progress, and provide real-time feedback aligned with educa
tional goals (Létourneau et al., 2025; Liu et al., 2025; Mousavinasab 
et al., 2021; Wang et al., 2023). However, the technical affordances of 
Intelligent Tutoring Systems are not adequate to support human-like 
instructional delivery for complex language and literacy skills. For 
instance, a systematic review by Mousavinasab et al. (2021) found that 
the most frequently used AI techniques for Intelligent Tutoring Systems 
were action-condition rule-based reasoning, data mining, and Bayesian 
networks, which were not adequate to support the complexity of inter
active scaffolding necessary for adaptive feedback and personalized 
learning for literacy instruction at home (Yaseen et al., 2025; Yigitalieva 
et al., 2024, pp. 347–353). Another systematic review by Letourneau 
et al. (2025) found positive learning performance of ITS in 28 studies 
conducted with a total of 4597 K-12 students who used ITS for various 
subjects. However, many studies used shorter interventions (half lasting 
less than a week, some as brief as a single-class period) and a small 
sample size. Additionally, 82 % of the studies focused on STEM subjects, 
and less attention was given to foundational subjects such as language 
arts and language learning.

Implementing AI-powered literacy instruction tools to support HLE is 
a promising future direction, but further research is needed to clarify 
how it compares directly to traditional human-led instruction in both 
educational and home settings. In early childhood and special educa
tion, previous studies have shown that AI-powered tools can signifi
cantly improve literacy outcomes, including vocabulary acquisition and 
reading comprehension, often performing on par with or slightly better 
than traditional teacher-led methods in certain contexts (Cha & Daud, 
2025; Hsu et al., 2023; Lee et al., 2023; Mostow et al., 2003; J. Wu, 
2024). AI tools provided personalized and engaging experiences, but 
concerns about socio-emotional support and over-reliance on technol
ogy were noted (Cha & Daud, 2025; Li et al., 2024). Blended models that 

combine AI tools with the guidance of a human instructor consistently 
yielded the most robust outcomes, leveraging the strengths of both ap
proaches (Cha & Daud, 2025; Chiu et al., 2023; Lai, 2025; Z. Wu et al., 
2024). These models enhance engagement, support self-regulation, and 
maintain the critical human element necessary for holistic literacy 
development. Although many studies show that children are capable of 
engaging in interactive learning interventions that integrate AI and 
benefit both cognitive and emotional growth (Chen, 2024; Solichah & 
Shofiah, 2024), other challenges remain, including lack of parent 
guidance, limited curriculum design for home settings, and the need for 
more long-term studies to assess the sustained impact of AI on literacy 
(Chen, 2024; Solichah & Shofiah, 2024; Su & Yang, 2023b; Yang, 2022).

2.4. Parents’ perceptions of AI in home literacy learning

Many parents view AI technologies positively, recognizing their 
potential to improve children's learning experiences and support early 
literacy, especially when tools are designed to be engaging and user- 
friendly (Han & Cai, 2023, pp. 470–474; Su, 2024; Su & Yang, 
2023a). For example, Tsang et al. (Tsang et al., 2025) found that parents 
appreciate AI-powered systems for their ability to personalize and 
engage children, and these tools can foster collaboration and 
self-reflection in family literacy activities. When explicitly comparing 
parent-led vs. AI-guided dialogic reading in an exploratory randomized 
clinical trial (RCT), Xiao et al. (Xiao et al., 2025) found dialogic reading 
with CAs or with parents demonstrated comparable benefits for chil
dren's vocabulary, comprehension, and retelling in post- and delayed 
tests in e-book reading. AI-based tools can also influence parental 
involvement in early literacy development in several ways. In a survey 
with 74 U.S. parents with children between five and eight years old, 
Quan et al. (2024) found more than 50 % parents demonstrated positive 
attitudes towards ChatGPT use for parenting tasks, which further led to 
encouragement for their children to use ChatGPT. Qualitative interviews 
with parents with children under 13 years old (Quan et al., 2025a) 
further indicated that both play-driven and knowledge-driven conver
sations, especially related to various disciplinary literacy on STEM (e.g., 
math, biology, astronomy) and language art (e.g., reading, writing). 
Parents are motivated to adopt AI-based tools when they perceive both 
practical (utilitarian) and enjoyable (hedonic) benefits, and these mo
tivations are strengthened by the tool's autonomy, human-like interac
tion, and parents' openness to innovation (Lin et al., 2023). However, 
parents also report practical concerns, such as children's limited 
comprehension abilities, uncertainty about the appropriateness of AI 
content, and time constraints which limit their supervision or support 
for their children's AI use (Su, 2024). Su (2024) surveyed 215 kinder
garten parents and reported perceived acceptance for using AI-powered 
literacy tools at the kindergarten level, yet their children often experi
ence barriers such as limited comprehension ability with AI-generated 
learning content, time constraints, and uncertainty regarding the 
appropriateness of AI learning content. Other researchers also expressed 
concerns about parents' equitable access, cultural sensitivity, and the 
need for comprehensive frameworks to guide the integration of AI into 
home literacy practices (Chen, 2024; Kucirkova & Hiniker, 2024; Su & 
Yang, 2023b). For instance, Kucirkova and Hiniker (2024) found that 
Norwegian parents were concerned that conversational AI may hinder 
family values of literacy education, family bonding, and habit cultiva
tion. Specifically, parents were concerned about CAs' inability to com
plex, non-standardized conversations with flexible language use in a 
typical human-to-human conversation.

Therefore, a deeper understanding of the diverse needs, concerns, 
and expectations of families is critical to the successful adoption and 
long-term engagement with AI-powered literacy tools.

2.5. Research questions

A growing body of research highlights the potential of AI to support 
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home literacy learning, with recent advancements in conversational AI 
and intelligent tutoring systems demonstrating their abilities to provide 
personalized, adaptive, and engaging educational experiences. Howev
er, most existing AI tools focus on informal literacy activities and are 
typically implemented in controlled and researcher-led settings. There is 
a limited comprehensive evaluation of these tools in naturalistic home 
environments, particularly in the context of formal, direct literacy in
struction. In addition, little is known about how parents and children 
perceive these tools or how their usage experiences shape those per
ceptions. These gaps highlight the need to develop and rigorously 
evaluate AI-powered systems that provide pedagogically informed, 
formal literacy support within home environments, particularly for 
families facing challenges such as limited time, instructional knowledge, 
or language proficiency.

To address this gap in current research, the present study designed a 
conversational AI system grounded in the structured literacy pedagogy 
to deliver formal literacy instruction in home environments. The aim of 
this study is to investigate; (1) whether Vovo can successfully deliver 
structured instruction and engage children in meaningful language use 
as human caregiver, (2) to compare performance across Vovo-led and 
parent-led sessions, identifying the unique benefits and challenges of AI 
system compared to human, and (3) what are the parents and children's 
attitudes and perceptions toward using AI as a home literacy learning 
tool. By situating the AI system within real home environments and 
implementing it with natural child interaction, we seek to better un
derstand AI-powered tools as potential partners in early language 
development. Three research questions guided the current study: 

• RQ1: How effective is a conversational AI system in supporting 
children's literacy learning at home?

• RQ2: What are the advantages and challenges of the conversational 
AI system in literacy learning at home?

• RQ3: How do children and parents perceive conversational AI as a 
home literacy learning tool?

3. Methods

3.1. Study design

This study developed an LLM-powered conversational AI system, 
named Vovo, to support children's vocabulary learning and creative 
storytelling in home environments. A within-subject design was 
employed where each child participated in both AI-led and parent-led 
instructional conditions during each learning session, in order to 
compare the AI system's performance with human caregivers while 
minimizing cross-subject variability. A six-week micro-longitudinal 
study was conducted to capture the consistency of the system over time, 
facilitating a nuanced understanding of both children's learning expe
riences and parents' perceptions of the AI system in naturalistic home 
settings.

3.2. Design of Vovo

Vovo is a web-based conversational AI system designed for home 
literacy learning, implemented as a single-page application accessible 
through a standard web browser. The system integrates multiple tech
nical components to support real-time, child-facing interaction. At its 
core, Vovo is powered by OpenAI's GPT-4o large language model, which 
generates instructional dialogue grounded in structured literacy peda
gogy through carefully engineered prompts. Speech input is processed 
using automatic speech recognition (ASR), while speech output is 
delivered via a synthetic text-to-speech (TTS) voice selected for warmth, 
clarity, and child-friendly prosody. The system supports real-time turn- 
taking with interruption handling, allowing children to interject at any 
point during instruction. In parallel, on-screen transcription using 
Deepgram Nova-4 is displayed during the interaction to provide visual 

reinforcement of spoken language, supporting printed language expo
sure. Vovo uses a cartoon skunk avatar as its visual identity to foster 
playful engagement with young children. Fig. 1 demonstrates the 
interface of Vovo.

The conversational flow was grounded in the structured literacy 
pedagogy of vocabulary instruction (Biemiller, 2013; Spear-Swerling, 
2019), incorporating a seven-step instructional sequence that targets 
three key vocabulary learning goals: accurate pronunciation, word 
meaning, and contextual usage (seven-step instructional sequence is 
demonstrated in Fig. 1). Target vocabulary was drawn from the Berkeley 
Unified School District Academic Vocabulary List and categorized into 
three developmental levels based on children's baseline language pro
ficiency (for more details, see the Measurement section). Each session 
began with a friendly greeting from Vovo, “Hey buddy! Can you tell me 
which team you're in—green, blue, or red?“, prompting the child to select a 
level corresponding to their assigned vocabulary set. After confirming 
the level, Vovo randomly selected a word from the corresponding list 
and asked the child whether they already knew the word. If the child 
confirmed they were unfamiliar with it, Vovo initiated the structured 
instructional sequence, guiding them through pronunciation, definition, 
and contextual use. Vovo's output was prompted to maintain a devel
opmentally appropriate language and engaging tone by incorporating 
simplified phrasing, active scaffolding, adaptive feedback, and friendly 
expressions tailored to young children.

The system relies primarily on verbal input/output and does not 
track gaze, facial expressions, or body movement. The platform operated 
without requiring login credentials and used minimal data collection. 
All Vovo sessions were conducted using laptop, tablet, or desktop 
computer through a web browser. Although the system is technically 
accessible on mobile devices, smartphones were not used during data 
collection to ensure consistency in screen size, audio quality, and 
interaction conditions across participants. As a result, all reported 
quantitative and qualitative findings reflect children's interactions with 
Vovo on laptop, tablet or desktop platforms only. Prior to deployment, 
Vovo underwent in-lab pilot testing to ensure system stability, content 
safety, and usability.

3.3. Participants

This research is approved by the IRB committee at the first author's 
institution. After receiving IRB approval, the research team recruited 
participants through personal and professional networks. All partici
pants consented to be part of the research. Inclusion criteria included: 
(1) child age between 3 and 7 years, (2) English as the primary home 
language, and (3) no reported developmental delays. The final partici
pants included 10 children (5 girls, 5 boys), ages 3.7–7.7 years (M =
5.4). Demographic information is shown in Table 1. Descriptive statis
tics showed that children's average age was 5.8 years (M = 68 months, 
SD = 15.80). 70 % of children identified as White, 20 % as multiracial, 
and 10 % as Hispanic. All children's language proficiency fell within the 
typical developmental range (M = 106.30, SD = 17.08) (Dunn, 2019). 
All parents reported English as the primary language used at home. In 
terms of socioeconomic status (SES), the study included families across a 
broad household income range, from $35,000-$49,999 to $150, 
000-$199,999, with 50 % of participants declining to report income and 
10 % reporting incomes below the national average.

3.4. Measurement

3.4.1. Baseline language proficiency
To accommodate language proficiency levels and ensure develop

mentally appropriate instruction, children's receptive vocabulary was 
assessed prior to the study using the Peabody Picture Vocabulary Test, 
Fifth Edition (PPVT-5) (Internal reliability = .95) (Dunn, 2019). Based 
on children's standard scores and age-equivalent levels, children were 
grouped into three instructional tiers that matched their developmental 
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stage: Green (Grade 1), Blue (Grade 3), and Red (Grade 5). The vocab
ulary used in this study was purposefully selected to focus on high-utility 
academic words that is essential for reading comprehension but not 
often acquired through informal HLE activities and everyday conver
sation. Research has shown that early exposure to academic vocabulary 
contributes significantly to school readiness and long-term academic 
achievement (Beck et al., 2013; Biemiller, 2013). By introducing these 
words in a structured and supported way at home, our study aimed to 
build the foundation for children's future academic success. The Ber
keley Unified School District (BUSD) Academic Vocabulary List was 
selected for this study because it draws from a range of well-established 
academic sources, including the Coxhead Academic Word List, the En
glish for Academic Purposes (EAP) Word List, and Dr. Kate Kinsella's 
Academic Word Lists. The selection criteria emphasized word frequency, 
morphological diversity (e.g., roots, prefixes, suffixes), and alignment 
with the Common Core Literacy Standards, ensuring that the chosen 
words are both age-appropriate and likely to appear across multiple 

subject areas and grade levels.

3.4.2. Instructional delivery
To evaluate the effectiveness of Vovo in delivering instruction and 

compare with a human caregiver, instructional delivery was evaluated 
by scoring how many instructional steps out of seven were successfully 
delivered during the session. A step was marked as delivered if the AI or 
parent initiated the specific instructional prompt (e.g., “Can you read the 
word with me? Additional.“) regardless of the child's response. Each step 
was coded using binary code (1 = completed; 0 = not completed), 
allowing each session to receive a total score ranging from 0 to 7.

3.4.3. Learning outcome
Based on language development and structured literacy pedagogy 

(Beck et al., 2013; Coyne et al., 2007; Levey & Polirstok, 2011; 
Spear-Swerling, 2019), children's learning outcomes were assessed 
across three key learning goals: pronunciation, meaning, and contextual 

Fig. 1. Vovo's interface and instructional flow.

Table 1 
Demographic information of participants.

Child ID 
Age

(Years: 
Months)

Gender Race Hispanic Language 
Proficiency

Parent 
ID

Caregiver Age 
(Years)

Family Income Prior AI 
Usage

C1 5:10 Boy Multiracial No 106 P1 Mother 40 $35,000–$49,999 Sometimes
C2 5:10 Boy White No 94 P2 Father 30 Not Specified Never
C3 5:01 Girl White No 119 P3 Father 30 Not Specified Never
C4 4:10 Boy White No 113 P4 Mother – Not Specified Not Specified
C5 6:01 Boy White No 126 P5 Mother 33 Not Specified Sometimes
C6 5:02 Girl White No 102 P6 Grandmother 52 $100,000– 

$149,999
Never

C7 7:07 Boy White No 135 P7 Father 40 $150,000– 
$199,999

Rarely

C8 3:07 Boy White No 92 P8 Father 40 $150,000– 
$199,999

Rarely

C9 7:05 Girl White No 93 P9 Other 
Caregiver

19 Not Specified Sometimes

C10 4:03 Boy Multiracial Yes 78 P10 Mother 25 $150,000– 
$199,999

Never

Note. Language Proficiency = Standard Score of Peabody Picture Vocabulary Test – Fifth Edition (PPVT-5).
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use. Each skill was scored from 2 = accurate response, 1 = partially 
correct/imprecise response, to 0 = incorrect/no response. A mean score 
across three areas was calculated to represent the child's overall learning 
outcome for each word in one learning session.

3.4.4. Family's perception
Semi-structured interviews were conducted after the intervention to 

explore both parents' and children's perceptions of Vovo. The parent 
interview protocol was adapted from a developed framework by the 
authors (Quan et al., 2024), grounded in the Technology Acceptance 
Model (TAM). It included items addressing perceived usability, 
instructional value, trustworthiness, and design expectations. The chil
dren's interview protocol was developed by the research team based on 
the Godspeed Questionnaire Series (Bartneck et al., 2009), and focused 
on children's general perceptions of AI, their learning experiences with 
Vovo, and their preferences regarding AI versus parent-led instruction. 
The interview protocols are detailed in Table 2.

3.5. Study procedure

To explore in-depth interaction patterns, we conducted a six-week 
home-based study in which each child was expected to engage in 
learning sessions with both Vovo and their parent three times per week. 
While the goal was consistent engagement over six consecutive weeks, 
families were given flexibility in scheduling to accommodate individual 
routines. The study consisted of three phases: (1) Kick-off Zoom Session; 
researchers conducted a baseline vocabulary assessment to evaluate 
each child's baseline language proficiency and provided a walkthrough 
of Vovo's features and instructions to both parents and children. (2) Six- 
Week Interaction Period; children engaged in learning sessions with 
Vovo and their parents, separately, at home. The research team moni
tored the learning process via online Zoom meetings and recorded the 
interactive process for later analysis. (3) Debrief Zoom Session; both 
children and parents participated in a semi-structured interview where 
they shared their perceptions and experiences using Vovo. All sessions 
were conducted via Zoom and video-recorded for transcription and 
further analysis. All child interviews were conducted under the super
vision of a parent or guardian. Fig. 2 demonstrates the procedure of the 
study.

3.6. Data analysis

In our data analysis, we employed a mixed-methods approach that 
combined both quantitative and qualitative analysis. For the quantita
tive analysis, we assessed Vovo's instructional delivery and children's 

learning outcomes across both AI-led and parent-led conditions. We then 
conducted paired-samples t-tests to examine whether there were sta
tistically significant differences between the two conditions. To identify 
and account for potential confounding variables, we conducted Pearson 
correlation analyses, which revealed that age and prior language pro
ficiency were correlated with learning outcomes. To mitigate these 
confounds, we used standardized pre-assessment tools and compared 
participants using age-normed standard scores, allowing us to interpret 
learning gains relative to each child's developmental language level.

For the qualitative analysis, we employed inductive thematic anal
ysis (Braun & Clarke, 2006) to analyze both the video-recorded learning 
sessions and the post-intervention parent interviews. The procedure 
began with the researcher reviewing all video recordings to identify 
recurring keywords, salient moments, and illustrative quotes for open 
coding. These excerpts were used to generate preliminary themes. Next, 
the researcher conducted another round of systematic video review, this 
round with detailed note-taking and partial transcription of key epi
sodes. The transcripts and field notes were then organized under the 
emergent themes, with iterative refinement to ensure alignment with 
the rubric categories. In qualitative research, establishing validity in
volves demonstrating that the process used to develop interpretations is 
credible and well supported by the data (Creswell & Miller, 2000). 
Therefore, we establish validity through a combination of thick 
description and triangulation. In this study, the lead author reviewed the 
data codes and re-watched the data with other researchers to ensure that 
the cases presented in the findings are representative and are illustrated 
with rich context. Discrepancies were resolved through discussion to 
ensure the inter-coder reliability. The video analyses allowed us to 
complement the quantitative findings with descriptive insights into the 
different instructional dynamics present in AI versus human-led ses
sions. Data cleaning, descriptive statistics, and statistical analyses were 
conducted using R version 4.4.1. Random intercepts were used where 
appropriate to account for the nested structure of the data (i.e., repeated 
sessions within children).

4. Findings

In this section, we first present the quantitative findings that show 
how effective the AI system was in supporting literacy learning at home. 
Next, we draw on qualitative data to help explain and add context to 
those results. Finally, we explore how families perceived this experience, 
offering a comprehensive picture of what learning literacy with the AI 
system was like at home.

4.1. RQ1: How effective is a conversational AI system in supporting 
children's home literacy learning?

4.1.1. Descriptive statistics
Over the six weeks, child participants completed a total of 150 

instructional sessions, with 84 AI-led and 66 parent-led sessions. Across 
the sample, children participated in an average of 15 learning sessions 
(SD = 7.7). Participation ranged from 7 to 28 sessions, with a median of 
12.5 sessions, indicating moderate variability in engagement across 
children. The average length of each session is 3 min 40 s (SD = 1.59). 
On average, children completed 4.47 out of 7 instructional steps (SD =
1.64) and achieved a mean outcome score of 1.14 out of 3 (SD = .69) 
across both instructional conditions. Correlation analyses revealed that 
age was significantly associated with language proficiency, instructional 
delivery, and learning outcomes. Language proficiency was correlated 
with learning outcomes and instructional delivery. Additionally, 
learning outcomes were associated with instructional delivery and 
learning conditions (see Table 3). The Shapiro-Wilk test was employed 
to examine the assumption of normality of the difference scores between 
paired conditions. Results indicated that the difference scores for both 
instructional delivery (W = .955, p = .727) and learning outcomes (W =
.937, p = .517) did not significantly deviate from normality. Therefore, 

Table 2 
Interview protocols for parents and children.

Parents' Interview Protocol Children's Interview Protocol

1. What are your overall impressions of 
Vovo as a learning tool for your child

1. What do you think Vovo is like? Is 
Vovo smart, friendly, and good at 
listening? Why?

2. How helpful do you think Vovo is for 
sup- porting your child's literacy 
learning?

2. Did Vovo help you learn something 
new? What's a cool word Vovo 
taught you, and what does it mean?

3. How much do you and your child 
enjoy using Vovo?

3. Was it fun to play and talk with 
Vovo? Why?

4. Do you trust Vovo to interact with 
your child? Do you have any concerns 
about your and/or your child's use of 
Vovo?

4. When you talk to Vovo, do you feel 
safe and comfortable, or do you feel 
nervous? Why?

5. How likely are you to continue using 
or try other conversational AI tools (or 
allow your child to use them)?

5. Who do you prefer to learn with, 
Vovo or your parents? Why?

6. Do you have any suggestions on the 
future development of Vovo?

6. Let's pretend you're the super 
designer of Vovo and can make it 
even cooler! What would you keep 
the same? What would you change?
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the normality assumption for the paired-samples t tests was met.

4.1.2. Instructional delivery
To examine Vovo's effectiveness as a home literacy learning partner, 

we first compared how well it delivered target learning tasks to children 
versus parents. Instructional delivery was evaluated by scoring the 
number of instructional steps out of seven that were successfully deliv
ered by the system or parents, separately. For each child, an average 
delivery rate was calculated across all sessions over the six-week period 
for both conditions. Then we conducted a paired-sample t-test to 
examine whether there was a significant difference in instructional de
livery between Vovo and human caregivers. Results indicated no sta
tistically significant difference between the two conditions, with t (9) =

1.70, p = .123, Cohen's d = .38. Although the difference was not sta
tistically significant, the observed small-to-moderate effect size (d = .38) 
suggests that Vovo demonstrated a similar instructional effect in com
parison to parents. This indicates that Vovo provided consistent in
struction across sessions, acting as a consistent instructional partner 
similar to a human caregiver (Fig. 3).

4.1.3. Learning outcomes
To further evaluate Vovo's effectiveness in supporting literacy 

learning at home, we conducted a paired-samples t-test to compare the 
learning outcomes between the AI-led and parent-led conditions. Three 
core vocabulary skills, pronunciation, meaning, and use in context, were 
assessed to determine whether the AI could effectively support the 

Fig. 2. Study design.

Table 3 
Descriptive statistics and correlations among study variables.

Variable M SD Min Max Age Lan. Ins. Lea.

Age 68.75 15.80 43 89 1 ​ ​ ​
Language Proficiency 106.30 17.08 78 135 .34*** 1 ​ ​
Instructional Delivery 4.47 1.64 0 7 .52*** .30*** 1 ​
Learning Outcome 1.14 .69 0 2 .71*** .42*** .66*** 1

Note. Correlations are shown below the diagonal. *p < .05, **p < .01, ***p < .001.

Fig. 3. Paired Sample T-Test for Effectiveness of AI vs. Parent-Led Session.
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development of essential early literacy skills. For each child, we calcu
lated the mean learning outcomes value across all sessions with Vovo 
and with a parent. The results indicated a statistically significant dif
ference between AI-led and parent-led sessions, with learning outcomes 
in parent-led sessions significantly higher than in AI-led sessions (t (9) =
11.83, p < .001, Cohen's d = 3.74). The large effect size (d = 3.74) in
dicates a substantial advantage for parent-led instruction, suggesting the 
strong influence of parent-led learning within the home context. This 
finding suggests that children achieved greater learning gains when 
instruction was led by parents rather than the AI system, even when both 
conditions followed the same instructional sequence (See Fig. 3).

In summary, while the AI system provided an effective instructional 
delivery comparable to that of human caregivers, parent-led sessions 
resulted in more substantial improvements in children's literacy learning 
outcomes.

4.2. RQ2: What are the observed advantages and challenges of the 
conversational AI system in home literacy learning?

To better understand the quantitative findings on the AI system's 
effectiveness, we conducted video analyses to capture more nuanced 
aspects of the interactions during both AI-led and parent-led sessions. 
Through qualitative analysis, we identified the system's distinct advan
tages, which positively contributed to the learning process, as well as 
challenges that hindered learning and are in need of refinement in future 
design.

4.2.1. Advantages
Advantage in Pedagogical Advancement. The AI-led sessions 

demonstrated a high level of pedagogical advancement in instruction by 
(1) consistently delivering the structured instructions, (2) providing 
effective scaffolding, and (3) offering personalized learning experi
ences. First, the system was able to follow the scripted structured lit
eracy instructional sequence with precision. The instructional delivery 
showed strong consistency, with no notable failures on the pedagogical 
level. Second, the system was able to provide effective scaffolding by 
offering clarifying prompts, elaborations, and contextual examples 
when children showed hesitation or confusion. Parent-led sessions oc
casionally revealed limitations in instructional scaffolding. Some care
givers (e.g., P1, P5) defaulted to repeating dictionary definitions without 
simplification or contextualization, while others (e.g., P1, P2) responded 
to children's disengagement by reiterating instructions without adjust
ment, such as “I'll say the definition one more time. Limited means restricted 
in size, amount, or extent. Can you tell me what it means?” (P1). Moreover, 
the system demonstrated capacity for personalized interaction by 
adapting to each child's individual needs, interests, and engagement 
levels. It was able to incorporate children's unique ideas, tailor its 
prompts and responses accordingly, provide elaborations, and integrate 
their creative contributions into a cohesive instructional dialogue 
centered on target vocabulary. This capability is similar to what was 
observed in parents (e.g., P1, P4, P6, P7, P8, P9, P10), who demon
strated a nuanced understanding of their children's preferences and 
often incorporated familiar routines, personal stories, or shared family 
experiences into the learning process. This combination of structured 
pedagogy, responsive feedback, and child-centered personalization 
contributed to a professional and engaging instructional experience 
aligned with core principles of early literacy instruction. For illustrated 
example quotes, see Table 4.

Advantage in Language Appropriateness. Vovo exhibited a strong 
advantage in language appropriateness across three dimensions. First, it 
consistently employed age-appropriate language, using clear and 
developmentally suitable vocabulary and sentence structures tailored to 
young children aged 3–7. The system avoided overly complex phrasing, 
instead using simple terms and familiar context to explain the target 
words and facilitate comprehension. In contrast to the gen-AI system, 
many parents faced difficulties in accurately defining academic 

vocabulary and translating it into child-friendly language. 4 out of 10 
children encountered situations in which their parents were not familiar 
with the target word and had to check a dictionary or seek external help. 
For example, “I don't know what ameliorate means.What does it mean?.. 
Um, I just looked it up and it says to make something back or unsatisfactory 
better. Okay … I need you to repeat that definition in your own words.” (P5). 
Second, the AI demonstrated a capacity for creative and lexically 
diverse language use. The AI system demonstrated notable strengths in 
generating creative and imaginative language, particularly when chil
dren struggled to use target vocabulary in context. While parents varied 
in their ability to model contextual usage, Vovo consistently provided 
rapid, engaging, and age-appropriate prompts. These creative outputs 
make the storytelling and sentence generation go smoothly while also 
promoting children's expressive language and narrative skills develop
ment. Finally, the system offered immediate and accurate syntactic 
scaffolding. When children produced grammatically incorrect re
sponses, Vovo gently modeled the correct usage while offering 
constructive suggestions and positive reinforcement, supporting chil
dren's syntactic development. In contrast, parent-led sessions revealed 
limited evidence of grammar correction. Illustrated example quotes are 
listed in Table 5.

Advantage in Verbal Social-emotional Support. Vovo demon
strated the strength in verbal social-emotional support by providing (1) 
positive feedback and (2) conversational regulation. First, Vovo 
consistently provided encouraging positive feedback, such as praise (e. 
g., Vovo to C3: “That's an exciting addition to your story.”), encourage
ment (e.g., Vovo to C1: “I'd love to hear more about it.”), affirmations of 
effort (e.g., Vovo to C4: “You're getting better each time!“), and comfort 
children when they were frustrated (e.g., Vovo to C2: “That's okay, lets 
try again.”). Similarly, parents also be generous and emphasize 
providing positive feedback, but AI and parents demonstrated different 
patterns in how they provided positive feedback. Statistical analyses 
revealed that the AI system provided more frequent, elaborated, and 
lexically rich praise, whereas parental feedback was generally shorter 
and simpler, though often paired with nonverbal cues such as clapping, 
smiling, or gestures (e.g., P1: “That was your first sentence.” [Clapping]). 
Second, Vovo showed promise in conversational regulation, particu
larly in sustaining instructional flow. It was able to redirect off-task 

Table 4 
Example quotes of pedagogical advancement.

Advantage Example Quotes

Instructional 
Consistency

Vovo: “Let's explore the word analyze together. Analyze means 
to look at something very carefully to understand it better. For 
example, if you have a puzzle, you might analyze each piece to 
see where it fits. Do you understand the word analyze? Can you 
try to explain it in your own words?”
C7: “Okay. I analyze the puzzle, and like so like I like after I 
think that I finished every piece, I analyze it to make sure that I 
got every piece in the right spot.”
Vovo: “That's fantastic. You used the word analyze perfectly. 
You looked carefully to make sure every piece is in the right spot. 
Well done.”

Effective Scaffolding Vovo: “Let's create a story together. How about we start with the 
setting of a birthday party. We can say Jamie was so excited that 
she could anticipate all her friends arriving with gifts and 
laughter. What happens next in your story?”
C4: “Jamie opens her gifts.”
Vovo: “Great job. The story could go something like this; Jamie 
was so excited that she could anticipate all her friends arriving 
with gifts and laughter. As the party went on, Jamie opened her 
presents and her friend Tammy … ”

Personalized 
Learning

Vovo: “Now, would you like to make up a short story using the 
word as- sert?”
“C7: “Like if a Komodo Dragon asserts their feelings.”
Vovo: “That's a creative start. Let's continue. A Komodo Dragon 
asserts its feelings by standing tall and showing its strength to 
other animals. It confidently lets everyone know who is in charge. 
Great job using the word assert in your story.”
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dialogue and clarify misunderstandings when children became 
distracted, confused, or introduced unrelated topics. This capability 
parallels parents' efforts to maintain engagement, typically through so
cial negotiation, repetition, or incentives. Example quotes can be found 
in Table 6.

4.2.2. Challenges
Challenge in Speech Recognition. Vovo faced speech recognition 

limitations, which can be divided into three main areas: (1) mishearing 
inputs, (2) misunderstanding speech, and (3) misinterpreting the pause. 
First, Vovo sometimes mishears background noises and non-relevant 
sounds from the environment, often misinterpreting them as user 
input. This led to interruptions in the interaction flow and off-topic re
sponses. In contrast, human caregivers handle auditory input with 
greater nuance. They actively manage the environment by reducing 
background noise, asking others to remain quiet, or moving the child to 
a quieter space. Second, it sometimes misunderstands young children's 
nonstandard pronunciations or phonological variations (a common 
phenomenon of phoneme deletion, repetition, or substitution in early 
childhood, e.g., saying “tat” instead of “cat” (Levey & Polirstok, 2011)), 
resulting in misunderstandings that could cause frustration. Lastly, Vovo 
had difficulty interpreting pauses accurately. Children exhibited pau
ses frequently due to thinking, confusion, reflection, distraction, or fa
tigue. Vovo was not always able to distinguish between a thoughtful 
silence and disengagement, sometimes ending sessions prematurely or 
providing prompts too quickly. Human caregivers, in contrast, demon
strated greater sensitivity to the nuances of silence. They used wait time 
effectively, interpreted children's facial expressions or body language, 
and scaffolded responses through prompts or encouragement. Example 
quotes are illustrated in Table 7.

Challenge in Instructional Persistence. A notable limitation of 
Vovo was its tendency to terminate sessions easily when children 
expressed disinterest; the system often responded with affirmation and 
promptly disengaged. While this reflects user-centered AI design prin
ciples prioritizing human control, it presents challenges for sustaining 
learning, especially with young children who lack consistent self- 
regulation and learning routines. Participants such as C4 (4 years 10 
months), C8 (3 years 7 months), and C10 (4 years 3 months) exhibited 
the lowest session completion rates with the AI. In contrast, human 
caregivers demonstrated greater instructional persistence through 
emotional encouragement (e.g., P1: “You can do it. Try it.“), incentives 
(e.g., P10: “Finish the sentence and you'll get a cookie.“), and firm 
restatement of expectations (e.g., P1:“I need you to sit up nice and straight. 
Can you say illustrate?“). Example quotes can be found in Table 8.

Challenge in Nonverbal Social-Emotional Support. As a conver
sational AI system, another limitation of Vovo is its lack of nonverbal 
social cues. Vovo relies solely on auditory input and spoken language for 

Table 5 
Example quotes of language appropriateness.

Advantage Example Quotes

Age 
Appropriateness

Vovo: “Let's explore the word analyze together. Analyze means to 
look at something very carefully to understand it better. For 
example, if you have a puzzle, you might analyze each piece to see 
where it fits. Do you understand the word analyze? Can you try to 
explain it in your own words?" 
C7: “Okay. I analyze the puzzle, and like so like I like after I think 
that I finished every piece, I analyze it to make sure that I got every 
piece in the right spot." 
Vovo: “That's fantastic. You used the word analyze perfectly. You 
looked carefully to make sure every piece is in the right spot. Well 
done."

Lexical Diversity Vovo: “Let's make a story."
C1: “What's something you like to create?"
Vovo: “That's a great question. If I could create something I'd love 
to create a magical garden where all sorts of flowers and animals 
can talk and help each other. What about you? Is there something 
special you'd like to create?"
C1: “Yes."

Syntactic 
Scaffolding

C5: “I run out for my benefit because you can exercise and keep 
healthy."
Vovo: “That's great effort. Here's a little tweak. I went outside for 
my benefit because exercising keeps me healthy. Can you try saying 
that?"
C5: “I went outside for my benefit, because, as I said, exercising 
keeps me healthy."
Vovo: “Good try. Let's refine it a bit. I went outside for my benefit, 
because, as I said, exercising keeps me healthy. Can you try saying 
it like that?"
C5: “I went outside for my benefit, because, exercise is keeping me 
healthy."
Vovo: “That's a great sentence. You said, I went outside for my 
benefit, because, I said exercise is keeping my knee healthy. Well 
done."

Table 6 
Example quotes of verbal social-emotional support.

Advantage Example Quotes

Positive Feedback Vovo: “Awesome. Can you say the word analyze and tell me 
what it means in your own words?”
C5: “Like I analyze really like special stuff to make sure I get 
everything good.”
Vovo: “That's a great sentence. You're using analyze to 
describe looking at special stuff, to make sure everything is 
good."

Conversational 
Regulation

Vovo: “Awesome. Can you say the word emphasize and tell me 
what it means in your own words?”
C7: “Emphasize means you can't get water up J's (C7's brother) 
nose.”
Vovo: “It sounds like you're thinking about swimming 
exercises, but let's get back to emphasize. It means to give special 
importance to something. Can you try explaining it in your own 
words?”
C7: “It's like I can't fight J.”
Vovo: “Okay. Let's try using emphasize in a sentence. You 
could say the teacher will emphasize the importance of doing 
homework. Do you want to try making a sentence with 
emphasize?”
C7: “Yes.”
Vovo: “Great. Go ahead and give it a try. What's your sentence 
with the word emphasize?”
C7: “My teacher emphasizes that you can't go on the 
playground when it's wet.”
Vovo: “That's a fantastic sentence. Well done!”

Table 7 
Example quotes of speech recognition.

Challenge Example Quotes

Mishearing Vovo: “Great job. The rain can cause the grass to grow. You're 
doing fantas- tic. Would you like to make your own sentence with 
the word cause?"
C2: “Hold on.” (Participant talked to his sister. This causes 
Vovo to buffer.)
Vovo: “All right. If you have any questions or want to learn 
another word in the future. You're doing great."

Misunderstanding Vovo: “Great job. The story could go something like this; Jamie 
was so ex- cited that she could anticipate all her friends arriving 
with gifts and laughter. As the party went on, Jamie opened her 
presents and her friend Tammy … "
C4: “I need a birthday party.” (The system misinterpreted it as 
“I need a bath today,” according to the transcript.)
Vovo: “That's perfectly fine. Let's wrap up for today. Can you 
remind me what anticipate means?” (After C4's response, Vovo 
ended the session.)

Misinterpreting 
Pause

Vovo: “Now, how about creating a short story using the word 
ultimate? You can use any characters or setting you like."
C7: “So once there's this ultimate Komodo/King Cobra … " 
(Child pauses, thinking.)
Vovo: “That's a great twist. Let's continue. One day a King Cobra 
appeared on the island, challenging Slash for the title of Ultimate 
Protector. The island animals watched as Slash and the King 
Cobra faced off."

S. Quan et al.                                                                                                                                                                                                                                    Computers and Education: Artiϧcial Intelligence 10 (2026) 100549 

9 



communication, without access to other sensory or expressive modal
ities. As a result, it is facing challenges in sustaining children's attention, 
regulating behavior, and building emotional connections during in
struction. In contrast, parents frequently employed rich nonverbal be
haviors while interacting with their children, such as eye contact, smiles, 
affirming gestures (e.g., thumbs-up, clapping, high-fives), and attention- 
directing cues (e.g., snapping fingers, gentle shoulder taps). This 
absence of embodied social presence in Vovo may reduce children's 
engagement, especially for those who rely on such cues to remain 
focused and motivated during learning.

Challenge in Phoneme Instruction. Vovo's functionality is limited 
to phoneme instruction. As a system built on a text-to-speech generative 
model (ChatGPT-4o), it lacks the ability to isolate and explicitly teach 
phonemes, syllables, or blending skills that are foundational for early 
literacy, particularly for children struggling with the decoding or pro
nunciation of multi-syllabic words. The system cannot identify difficult 
syllables or break words down into single phonemes, which often results 
in children continuing to struggle with unfamiliar sounds without 
receiving effective instruction. In contrast, human caregivers demon
strated significant advantages; they slowed their speech, modeled 
articulation using visible mouth and tongue movements (e.g., P8: “No, 
look at me, look at me. Still.“), and supported phonological segmentation 
and blending through repetition (e.g., P3: “Current-ly, currently-ly, 
currently-ly.“). By comparison, Vovo only delivers whole-word pro
nunciations without phonological scaffolding, limiting its effectiveness 
for children developing foundational literacy skills.

In summary, quantitative analyses revealed that Vovo delivered 
structured literacy instruction consistently and comparably to human 
caregivers. However, children achieved higher learning outcomes dur
ing parent-led sessions. Qualitative findings supported these results by 
identifying Vovo's strengths in pedagogical consistency, age-appropriate 
language, and positive verbal socioemotional support, which contrib
uted to the effectiveness of its instructional delivery. At the same time, 
limitations in speech recognition, instructional persistence, nonverbal 
social cues, and phoneme instruction may have contributed to the gap in 
learning outcomes. Together, the findings suggest that while Vovo holds 
promise as a consistent instructional partner for formal home literacy 
learning, the involvement of human caregivers remains irreplaceable 
and contributes significantly to children's learning outcomes.

4.3. RQ3: How do children and parents perceive conversational AI as a 
home literacy learning tool?

To better understand how families perceive Vovo as a home literacy 
learning tool, we analyzed interviews with a focus on parents' and 
children's attitudes toward the AI system based on their experience and 
their expectations of the future design.

4.3.1. Parents perceptions
Parents perceived Vovo as intelligent, professional, useful, and 

trustworthy. Parents generally held positive perceptions of Vovo, 
frequently describing it as smart, professional, and helpful. For example, 
P5 noted, “She (Vovo) explains all the words mean. It's smarter than us,” 
while P1 mentioned, “Vovo was able to immediately recite the definition. I 
feel like that's very smart.” P4 mentioned, “I like how it revisits the word 

again and again.” P6: “(Vovo) knew the definitions. Knew how to explain it 
in an easy understandable way.” Most parents (P1, P4, P5, P6, P7, P10) 
viewed the tool as useful for language development and expressed in
terest in continue using it (e.g., P10: “It's telling him the meaning of every 
word … Getting exposed in the language is helpful.” P4: “I would definitely 
introduce this in my classroom, I see it as promising.”). P7 highlighted its 
potential to support independent learning at home, stating, “It would be 
a way for him to learn without taking up an adult's time.” It highlighted the 
potential substitute role that AI can play in home literacy learning. Many 
parents (P1, P2, P3, P5, P6, P7, P9, P10) also observed that their children 
were indeed learning new words and enjoying the experience. As P1 
described, “I feel excited whenever I know that he's gonna be talking to Vovo 
… just because I love hearing the words and seeing him learn the words, he 
uses them when he's even around the house, he'll use the word, so I do feel like 
he enjoys.” Importantly, all parents reported no privacy or content 
concerns with Vovo, describing it as safe and trustworthy. For instance, 
P10: “I personally don't (have any privacy concerns.) I've never had an issue 
with (Vovo) like us being online with him and anything.” P1: “I don't feel like 
from the experience that I've had so far with Vovo. I don't feel like Vovo would 
teach my child any words that he shouldn't know or teach him anything that 
he shouldn't be doing."

Parents expected enhancement in speech recognition and 
multimodal interface design. We found that parents expressed ex
pectations for AI tools in two main areas: technical expectations, which 
addressed issues such as reliability on speech recognition and func
tionality, and interface design expectations, which emphasized the need 
for engaging, multimodal, and visually supportive features. Parents 
highlighted difficulties when the AI system failed to understand chil
dren's pronunciation, particularly for those with emerging language 
skills or speech issues. Several parents (P2, P4, P7, P8, P10) noted mo
ments when miscommunication led to child frustration, which in turn 
caused parental frustration. For instance, P4: “People with speech issues, 
certain sounds you can't pronounce. I think it would be hard (to communicate 
with Vovo).", and P7: “He doesn't necessarily speak the clearest, but I could 
hear what he was saying (correctly). And it wasn't picked up the right word 
(by Vovo). So it was taking the conversation in another direction … It un
derstands you, but it doesn't understand you conversationally.” One parent 
explained, “For people with speech issues, I think it would be hard who can't 
pronounce certain (sounds), it would be hard” (P4). These accounts suggest 
that accurate recognition of young children's varied voices remains a 
critical design need. Another area of expectation concerned noise 
handling. Parents also noticed that the tool was overly sensitive, 
sometimes picking up irrelevant sounds: “Like you breathed too heavy it 
stopped. So, they're very sensitive” (P6). Together, these insights under
score the importance of designing robust AI that can filter distractions 
and sustain attention on the child.

Another expectation from parents is the improvements in interface 
design, particularly the inclusion of visual and multimodal supports. 
Parents stressed that children found it difficult to engage with disem
bodied voice interaction alone. One parent reflected, “There's nothing to 
look at when somebody's talking to her … maybe if there was like a digital 
person … it might be a better interactive” (P6). Another emphasized the 
role of visuals in comprehension: “Seeing words is obviously hard … some 
of the words, I think would be more helpful as like, here's a picture of this” 
(P10). Suggestions extended beyond simple images to playful and age- 
appropriate characters, as one parent proposed, “even if it's a dinosaur 
even or a little monster … if they could just see something talking back to 
them. I feel like that would help” (P1). Other recommendations included 
game-like elements and interactive options, as described by a parent 
who imagined, “set up more like not quite a game, but with characters and 
interactive … making it more exciting” (P9). Collectively, these expecta
tions underline that AI tools for young learners should not only focus on 
auditory but also engage children through rich, multimodal, and playful 
interfaces.

In summary, parents perceive Vovo positively for its intelligence, 
professionalism, usefulness, and trustworthiness, with expectations on 

Table 8 
Example quotes of instructional persistence.

Challenge Example Quotes

Instructional 
Persistence

Vovo: “That's a fun way to remember it. Event is something that 
happened or a special occasion. Would you like to try making a 
sentence with event?
“C2: “Not today, maybe next year."Vovo: “Sure thing. If you 
want to continue another time or have any ques- tions, feel free to 
reach out. Have a great day.”
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improved speech recognition and multimodal engaging design.

4.3.2. Children's perceptions
Children perceived Vovo as fun but prefer to learn with parents. 

In the interviews, children described their learning experiences with AI 
as fun, smooth, and effective, and characterized Vovo as kind and 
engaging. For example, C9 (7 years, 5 months) stated,“She's fun, and she 
does try to talk and play with me,” and C5 (6 years) noted,“Because it's 
fun.” Several children (C2, C3, C5, C7, C9) also emphasized that they 
learned with Vovo, with C7 (7 years, 7 months) explaining, “She teaches 
me the word properly,” and C5 remarking, “I learn a whole bunch of new 
words.” All 10 children mentioned that Vovo spoke to them in a smooth 
way and described Vovo as kind. However, some children also high
lighted issues with speech recognition. For instance, one child (C5) 
observed, “When there's a noise louder than me, she's mostly focused on 
that. When I'm the loudest noise, she focuses on me,” suggesting that 
background noise could interfere with Vovo's responsiveness.

When asked whether Vovo felt more like a human or a computer, all 
10 children identified Vovo as a computer, offering explanations such as 
“Because it's in the computer” (C1, 5 years, 5 months). This suggests that 
while children recognized Vovo's intelligence, they did not attribute 
human-like qualities to Vovo. Regarding learning preferences, 9 out of 
10 children said they enjoyed learning with their parents more. Their 
reasoning centered on emotional connection, with children explicitly 
expressing sentiments such as, “Because she (Vovo) is not my mommy” 
(C10, 4 years, 3 months) and “Because her is not mommy, I love my 
mom”(C1, 5 years, 5 months). These findings indicate that while chil
dren regarded Vovo as a fun and capable learning companion, they did 
not perceive her as a substitute for parental involvement.

In summary, parents perceived Vovo as intelligent, useful, and 
trustworthy, and expressed expectations for system improvement in 
speech recognition, noise handling, and the inclusion of multimodal, 
visually supportive features to sustain engagement. Children found it 
fun and engaging but still preferred learning with parents, emphasizing 
the importance of social emotional connection. Fig. 4 provides an inte
grated summary of findings from quantitative data, video observations, 
and parent-child interviews, highlighting the system's strengths, limi
tations, and how families perceived its educational value.

5. Discussion

Drawing on home literacy environment (HLE) theory and structured 
literacy pedagogy, this study demonstrates how AI tools can serve as 

formal home literacy learning partner by actively engaging children in 
structured instructional HLE activities. It extends the application of 
structured literacy pedagogy beyond school settings into informal home 
learning contexts. By examining families' perceptions of Vovo as a home 
literacy learning partner, this study advances understanding of families’ 
perspectives and expectations on conversational AI design and imple
mentation, contributing insights to the development of socially 
responsive and pedagogically grounded AI systems for home literacy 
learning.

5.1. Effectiveness of conversational AI in home literacy (RQ1)

This study makes a theoretical contribution by applying structured 
literacy pedagogy to a home learning environment through a conver
sational AI system. Structured literacy has long been recognized as an 
effective instructional approach in formal education settings, but its 
implementation in home environments has been limited due to the 
professional expertise required of instructors. By embedding this peda
gogy into a conversational AI system, the study demonstrates how 
structured literacy can be delivered consistently at home, addressing a 
critical gap in home-based literacy support. It also takes a meaningful 
step toward promoting educational equity by introducing a promising 
support for children who may have limited formal HLE experiences due 
to socioeconomic or contextual constraints. Quantitative findings on 
instructional effectiveness suggest that conversational AI systems like 
Vovo can successfully deliver pre-scripted structured literacy pedagogy 
in a consistent manner, supporting the potential of conversational AI as a 
learning partner for formal home literacy instruction.

However, results also revealed discrepancies in learning outcomes, 
pointed out its limitation as an AI system. First, as a computational 
system, Vovo operated based on pre-programmed instructions and 
lacked the social-emotional bonds with children that naturally arise in 
child–parent interactions (Formosa et al., 2025). According to socio
cultural theory (Vygotsky, 1978), children learn more effectively when 
interacting with emotionally responsive human partners, as these re
lationships promote stronger engagement, motivation, and retention of 
learning. Such social and emotional responsiveness remains difficult for 
computational agents to fully replicate (Wu, 2024). Second, the AI 
system's limitations in phoneme-level instruction likely impacted chil
dren's learning outcomes. Unlike parents who could visually model 
mouth movements, isolate and repeat problematic syllables, and tailor 
feedback, Vovo was unable to provide phoneme-level scaffolding. This 
scaffolding is particularly critical for children who are still developing 

Fig. 4. Summary of findings.
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phonemic awareness (Levey & Polirstok, 2011). These findings highlight 
the importance of designing AI systems with greater social-emotional 
responsiveness and pedagogical affordances that can better support 
children's literacy development at home.

5.2. Advantages and challenges of conversational AI in home literacy 
(RQ2)

This study also extends the theoretical scope of home literacy envi
ronment (HLE) frameworks. The design of Vovo extends the traditional 
HLE activities from parent-child interactions, shared reading activities, 
and reading resources exposure into an AI-enhanced literacy learning 
experience. By analyzing Vovo's advantages and challenges, the findings 
share insights into how conversational AI systems perform as a formal 
home literacy learning partner compared with human caregivers and 
offer insights on how to better leverage the strengths of AI to support 
early literacy learning at home.

Pedagogically, Vovo demonstrates a strong capacity to deliver 
structured literacy instruction with high fidelity, providing professional- 
level scaffolding and maintaining a consistent instructional sequence 
aligned with structured literacy pedagogy. This reflects a key advantage 
of AI as a formal home literacy learning partner due to its ability to 
reliably execute pre-designed, pedagogically informed prompts without 
instructional drift (Schmucker et al., 2024, pp. 75–90; Siegle et al., 2023; 
Van Steensel, 2006). It overcomes disparities in caregivers’ capacity to 
provide formal home literacy activities, offering children equitable ac
cess to pedagogically grounded HLE supports. However, preschoolers 
and early elementaryers are still developing self-regulation, attention 
control, and task persistence; as a result, effective instruction at this 
developmental stage often requires external regulation and support to 
sustain engagement (Amershi et al., 2019, pp. 1–13; Blair & Raver, 
2015; Puckett et al., 2009; Shneiderman, 2020). It highlights the need 
for future designs to incorporate developmentally appropriate engage
ment strategies and move beyond child-AI dyadic interactions toward a 
parent-child-AI triadic learning model, involving parents as a moderator 
to support learning under the AI learning environments.

Linguistically, Vovo demonstrates the capacity to provide devel
opmentally appropriate language input by modeling vocabulary expla
nations, syntactic structures, and repeatedly exposing target words 
within meaningful contexts. This reflects a key educational advantage of 
conversational AI systems, which is their ability to deliver stable, high- 
quality linguistic input that aligns with children's language development 
needs (Beck et al., 2013; Hirsh-Pasek et al., 2015; Justice et al., 2008; 
Rowe, 2012). From an HLE perspective, such consistent, enriched, and 
intentional language input represents a core feature of an ideal HLE that 
supports children's language growth (Sénéchal & LeFevre, 2002). 
However, limitations in Vovo's speech recognition frequently result in 
mishearing or misinterpreting children's input, disrupting conversa
tional contingency and potentially constraining opportunities for 
responsive language learning, highlighting implications for AI language 
learning systems, particularly the need to strengthen child-directed 
speech recognition and conversational repair mechanisms.

Social-emotionally, Vovo demonstrated strengths in verbal 
engagement, including providing positive feedback more frequently and 
with greater lexical richness than parents, as well as redirecting off-task 
conversation back to the learning tasks. Such consistent encouragement 
and predictable responses help support motivation and task persistence 
in early literacy learning (Hattie & Timperley, 2007; Justice et al., 2018; 
Yaseen et al., 2025). However, due to the limitations of LLM technolo
gies adopted in this study which primarily support verbal interactions, 
Vovo's social responsiveness remains constrained by its lack of 
embodiment and visual input/output. Language acquisition in early 
childhood involves using language in a social context through pragmatic 
cues such as facial expressions, gestures, eye contact, turn-taking, and 
joint attention (Levey & Polirstok, 2011; Puckett et al., 2009). The 
development of pragmatic and social-emotional skills is critical for early 

literacy development. This constraint represents a critical gap in Vovo's 
design and suggests integration of nonverbal, socially and emotionally 
responsive features in future AI literacy systems for young children.

5.3. Improve conversational AI to meet family's need (RQ3)

This study contributes to emerging discussions on socially responsive 
AI design by exploring families' perceptions and needs related to chil
dren's use of conversational AI in home literacy learning. Through 
examining parents' and children's use experiences, we found that fam
ilies expect AI systems that were multimodal, consistent, and socially 
responsive. Children expressed a preference for learning with care
givers, revealing a future direction for designing socially responsive AI 
and exploring parent-child-AI triadic learning dynamics that better 
support emotional engagement and learning.

Useful function identified by parents and children. Across in
terviews, families repeatedly described Vovo as “smart,” “knowledge
able,” and “helpful.” Such perceptions of the system's intelligence 
contributed to parents' trust in its educational value. These findings 
align with prior research indicating that families perceive conversa
tional AI tools as trustworthy educational resources for young children 
(Quan et al., 2024). This trust in the system's pedagogical credibility 
reinforces its role as a supportive tool for home literacy learning. Parents 
also frequently emphasized Vovo's capacity to provide immediate defi
nitions and clear explanations of unfamiliar words. This function not 
only reduced parents' need to intervene but also created opportunities 
for children to expand their vocabulary independently. Several parents 
observed that their children were able to transfer these newly acquired 
words into daily contexts, using them spontaneously around the house. 
Parents viewed such transfer as evidence of meaningful literacy 
learning. Parents highlighted the potential for Vovo to serve as a tool for 
children's self-directed literacy practice. They valued the possibility that 
children could engage productively with literacy tasks without requiring 
constant adult supervision, thereby freeing parents' time while main
taining ongoing educational support. This function was seen as partic
ularly promising for busy households seeking supplemental literacy 
opportunities.

Improve the speech recognition and multimodal design in AI 
Literacy Tools. Our findings suggest that technical and design limita
tions shaped how families experienced Vovo as a home literacy tool. In 
the study, we found that parents consistently noted that inaccurate 
speech recognition disrupted the flow of interaction, particularly in 
noisy home environments or when recognizing young children's voices. 
This highlights a critical need for more robust speech recognition that is 
sensitive to developmental and contextual factors, ensuring smoother 
and more reliable child-AI exchanges. In addition, both parents and 
children emphasized the importance of multimodal features for sus
taining engagement and supporting comprehension. Children expressed 
a preference for visible, interactive characters, while parents highlighted 
the need for visual support to enhance children's knowledge retention 
and engagement. Together, these insights point to the potential of 
embodied, visually engaging, and multimodal designs to not only 
maintain young learners' motivation but also to reinforce literacy 
learning through richer, multi-sensory experiences.

Emphasis on social-emotional bond in the learning process. Our 
interviews revealed that while children often described Vovo as “fun” or 
“smart,” they still expressed a preference for learning with their parents. 
This finding emphasizes the irreplaceable role of affective bonds in 
young children's learning (Puckett et al., 2009; Vygotsky, 1978). Given 
this, AI-enhanced home literacy tools like Vovo should be designed to 
complement, rather than replace, parental involvement. The goal should 
be to support shared learning experiences and extend the educational 
environment while maintaining opportunities for emotional closeness 
and co-regulation. Future AI design should consider features that 
encourage joint engagement, provide emotionally responsive feedback, 
and facilitate caregiver participation. Designing for emotional 

S. Quan et al.                                                                                                                                                                                                                                    Computers and Education: Artiϧcial Intelligence 10 (2026) 100549 

12 



connection as well as instructional content may lead to more meaningful 
and effective literacy support for young children at home.

These findings point to the family's needs and key design directions 
for conversational AI in home literacy. Strengthening speech recognition 
and noise handling can reduce frustration. Integrating multimodal and 
age-appropriate supports can sustain engagement. Positioning the tool 
to complement rather than replace parent-child interactions ensures that 
affective bonds remain central to early literacy learning. By aligning 
technical reliability with developmental needs and relational contexts, 
conversational AI can more effectively scaffold young children's literacy 
learning at home.

6. Implications, limitations, and future directions

This study contributes to ongoing conversations on the role of 
conversational AI in supporting home literacy learning. It represents a 
novel educational innovation by integrating structured literacy peda
gogy into a home-based, AI-enhanced instructional experience. By 
embedding structured literacy instruction within a conversational AI 
system, the study demonstrates how young children interact with AI for 
formal home literacy learning and how such systems can function as 
pedagogically grounded and consistent literacy partners at home. The 
study also captures families' lived experiences, highlighting their ex
pectations for multimodal and socially responsive AI systems design that 
meets children's developmental needs and home learning contexts.

While the present study offers valuable contributions to home liter
acy learning, there remain limitations for improvement and further 
exploration in future research. In terms of study design, the within- 
subjects design involving a small group of families enabled in-depth 
comparisons between AI-led and parent-led instructional conditions 
while controlling for cross-subject variability. However, the study's 
limited sample restricts the generalizability of the findings. Although the 
study included families from diverse socioeconomic backgrounds, the 
small sample size limits its generalizability and may not capture the full 
range of literacy challenges experienced by families. Additionally, the 
within-subject design was not fully counterbalanced, which may have 
led to order effects or learning transfer between conditions. Future 
research should aim to expand the participant pool to include families 
from a broader range of demographic backgrounds. This would enable a 
more comprehensive understanding of how factors such as age, socio
economic status, linguistic background, and prior technology exposure 
influence children's learning with conversational AI. Moreover, while 
qualitative analyses followed established procedures of inductive the
matic analysis, the small sample size and interpretive nature of quali
tative data constrained broader generalizability. Future research should 
expand both the participant pool and the coding team to enable greater 
inter-rater agreement and ensure the robustness and replicability of 
emergent themes across a more diverse range of child-AI interaction 
patterns.

In terms of AI system design, findings from this study suggest that 
future conversational AI systems for early literacy should move beyond 
voice-only interaction toward multimodal sensing and feedback. Parents 
and children consistently highlighted limitations related to speech 
recognition, attention regulation, and the absence of nonverbal social 
cues from our findings. Future systems could integrate multimodal 
sensing capabilities such as gesture recognition, gaze tracking, and facial 
expression analysis to better infer children's engagement, confusion, or 
hesitation. For example, detecting gaze aversion or prolonged silence 
could allow the system to distinguish between thoughtful pauses and 
disengagement, enabling more developmentally appropriate wait time 
and adaptive prompting (Abeles & Yuval-Greenberg, 2017; Doherty-S
neddon, Bruce, Bonner, Longbotham, & Doyle, 2002). Similarly, 
gesture-based input (e.g., pointing, nodding) could support joint atten
tion and reduce reliance on verbal responses alone, which is particularly 
important for younger children or those with emerging language skills 
(Nyatsanga et al., 2023, May). Addtionally, children's preference for 

learning with parents highlights the need to design AI systems that 
complement rather than replace caregiver involvement. A promising 
direction is the development of triadic interaction models in which the 
AI, child, and parent collaboratively participate in literacy activities.

Also, while Vovo demonstrated strong consistency in instructional 
delivery, it lacked mechanisms for dynamically adjusting instructional 
persistence and affective support. It also lacked personalization features 
such as memory across sessions or adaptive difficulty levels based on 
prior performance. This limited its capacity to deliver differentiated 
instruction tailored to individual learning trajectories. Future research 
should explore adaptive scaffolding strategies that adjust instructional 
pacing, repetition, and difficulty based on children's real-time perfor
mance and affective states, incorporating affect-aware feedback, such as 
detecting frustration, boredom, or excitement through vocal prosody or 
interaction patterns (Grawemeyer et al., 2017). Future work should also 
incorporate memory-augmented architecture and real-time learner 
modeling to support sustained, personalized interaction over time and 
enable rigorous evaluation of individual learning outcomes.

In addition, prior research suggests that device form factor can shape 
children's attention, posture, and interaction style during learning ac
tivities (Dubé & McEwen, 2017; Crescenzi, Jewitt, & Price, 2014). Dif
ferences in perception and engagement when using smartphones versus 
larger-screen devices represent an important future research direction. 
Future studies should explicitly compare children's learning experiences 
and social perceptions of conversational AI across device types, 
including laptops, tablets, and mobile phones, particularly given the 
prevalence of smartphone-based learning in home environments.

7. Conclusion

This study investigated the role of conversational AI in supporting 
formal literacy learning by developing Vovo, a structured literacy 
grounded AI system, in a six-week home intervention with 10 families 
and their children aged 3–7. Across 150 learning sessions, Vovo 
demonstrated consistent instructional delivery comparable to that of 
parents. While children showed greater learning outcomes in parent-led 
sessions and expressed preference for learning with parents, they also 
found Vovo to be kind, fun, and helpful. Video analyses highlighted 
Vovo's strengths in pedagogical consistency, language appropriateness, 
and verbal social-emotional support, alongside limitations in speech 
recognition, nonverbal social cues, instructional persistence, and 
phoneme instruction. Parents perceived Vovo as useful and trustworthy 
but also called for improvement in speech recognition and multimodal 
design. The study broadens the implications of structured literacy 
pedagogy into home settings and expands the theoretical scope of the 
home literacy environments by integrating AI-enhanced learning expe
riences. These findings highlight that conversational AI systems like 
Vovo can function as consistent and pedagogically grounded instruc
tional partners, while emphasizing the irreplaceable role of human 
caregivers. The study underscores the need for future AI design to 
enhance pedagogical affordances and social responsiveness, while also 
emphasizing the importance of developing triadic learning models that 
involve parents, children, and AI collaboratively.
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