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Abstract 
Given the integration of robots into educational contexts, understanding how children 

evaluate information from artificial agents is essential. This dissertation examines 

how children aged 4 to 6 selectively trust robots when receiving information across 

STEM (Science, Technology, Engineering, and Mathematics) and non-STEM 

domains. Building on the Theory of Artificial Mind (ToAM) which is an extension of 

the Theory of Mind (ToM), the association between ToM/ToAM and selective trust 

was investigated. Three research questions guided this study: (1) To what extent do 

children’s selective trust in robots and humans differ? (2) How does the domain of 

testimony (non-STEM versus STEM) influence children’s selective trust? (3) Do 

ToAM and ToM relate to children’s selective trust in robot and human informants? 

 

The study employed a conflicting informants paradigm wherein 107 Chinese children 

(M = 5.57 years, SD = 0.58, 44.86% girls) were randomly allocated into two between-

subjects conditions: a Nao-accurate condition and a Human-accurate condition. Each 

child encountered four informant dyads (one human, one robot) who provided 

conflicting testimony across four domains: one non-STEM domain (object labelling) 

and three STEM domains (physical science, life science, mathematics). Standardised 

scales were used to assess children’s ToM and ToAM abilities, with a focus on core 

components including desire, belief, knowledge, and emotion. Statistical analyses 

indicated that children consistently preferred accurate informants, irrespective of 

informant type, particularly in non-STEM domain. However, domain-specific 

analyses revealed nuanced preferences. Interestingly, within the physical science 

domain, children demonstrated notable uncertainty; they were inclined to nominate 

robots despite their inaccuracies yet endorsed information provided by humans and 

deemed humans as reliable source. Lastly, in the Nao-accurate condition, children’s 

ToM and ToAM scores both negatively predicted selective trust, suggesting that 

children with stronger cognitive functions were more cautious about trusting robots. 

In contrast, no significant relationships emerged in the Human-accurate condition. 

Collectively, these findings deepen our understanding of how young children evaluate 

informational reliability in AI-integrated early STEM education and highlight their 

developing cognitive sophistication. 
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Chapter 1 Introduction 

Moxie, a child-centred robot designed to support the development of social and 

emotional skills, was recently shut down due to funding failures. Many children 

reportedly felt as though they were losing a friend and even wrote farewell letters to 

Moxie (Notopoulos, 2024). A wise and enduring Chinese proverb from a millennium-old 

classic states: “As the world changes, so do events; as events change, so must our 

responses.” In today’s digital age, since technological but intelligent agents become 

increasingly integrated into children’s lives, understanding children’s perceptions of 

robots becomes essential (Breazeal et al., 2016; Brink & Wellman, 2020). Spektor-Precel 

and Mioduser (2015) introduced the concept of Theory of Artificial Mind (ToAM). A 

recent study by Mao et al. (2025) systematically examined preschoolers’ development of 

ToAM, suggesting a clear developmental progression. Notably, by the age of six, 

children exhibited near adult-level understanding of artificial minds. 

 

ToAM can be viewed as an extension of Theory of Mind (ToM) in the age of Artificial 

Intelligence (AI). While ToM refers to the cognitive ability to attribute mental states to 

other people and to recognise that these states may differ from one’s own (Premack & 

Woodruff, 1978), ToAM involves applying this capacity to artificial agents, such as 

robots or digital systems (Spektor-Precel & Mioduser, 2015). A key component of both 

ToM and ToAM is knowledge access. According to Vygotsky’s sociocultural theory, 

which emphasises the role of language and other symbolic systems in children’s learning 

and development within social contexts (Lantolf, 2000), children acquire knowledge 

through interactions with more knowledgeable others. By around age four, children begin 

to recognise that others may hold knowledge states different from their own (Wellman & 

Liu, 2004). Indeed, prior research has shown that even three-year-olds can selectively 

trust an accurate human informant over an inaccurate one (Koenig et al., 2004; Koenig & 

Harris, 2005). However, emerging research highlighted children aged 3 to 6 also attribute 

knowledge state to humanoid robots (Mao et al., 2025). This indicated that children may 

perceive robots as possessing specialised knowledge or information that is not readily 

accessible to themselves. Accordingly, important questions arose: Can children learn 

from robots? More specifically: do children trust and learn from robots in a way that 

mirrors their trust in humans? 
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The answer to the first question appears to be positive. Social robots are capable of 

supporting learning through interactive engagement (Belpaeme et al., 2018) and have 

been successfully used to teach various subjects, including English, science, and 

geometry (Rosanda & Istenic Starcic, 2020). In contrast, the answer to the second 

question is more complex. To better understand the social learning process, researchers 

have investigated the concept of selective trust (i.e., epistemic trust), which refers to 

children’s ability to evaluate and choose whom to trust based on specific cues or 

contextual factors (Koenig et al., 2004). In the child-robot interactions (CRIs) 

preschoolers often apply their understanding of human social behaviour to their 

interactions with robots, using this framework to judge how they engage with, and how 

much they trust, the information robots provide (Geiskkovitch et al., 2019). Even three-

year-olds have demonstrated the ability to selectively trust an accurate robot over an 

inaccurate one, showing patterns similar to how they evaluate human informants (Brink 

& Wellman, 2020).  

 

STEM education, which refers to learning science, technology, engineering, and 

mathematics (STEM), is understood as a process initiated by teachers who assess and 

support students’ conceptual development, inquiry skills, and connections to real-world 

applications (Allen et al., 2016). Due to the interdisciplinary nature of STEM learning, 

young children, particularly those in preschool, often find it difficult to grasp abstract 

concepts through direct observation or personal experience. Previous explorations have 

shown that robots can serve as effective instructional tools in STEM education by 

increasing motivation and making complex ideas more accessible (Budiharto et al., 

2017). Robotic teachers have been shown to support primary school students in learning 

mathematics and programming (Mertzani & Drigas, 2023), while preschoolers have also 

benefited from geometric thinking tasks supported by robotic social systems (Keren & 

Fridin, 2014). More broadly, children aged 4 to 15 who engage with robot-supported 

programming activities demonstrate improvements in problem-solving, critical thinking, 

and coding skills, along with sustained motivation (Mertzani & Drigas, 2023). 

 

Robots have been shown to be potentially powerful facilitators in STEM education 

across various age groups. However, limited research has examined how children learn 

from robot informants, and to date, no study has systematically manipulated robots to 
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deliver STEM-related testimony. This study addresses two significant gaps in the 

literature. First, it compares children’s selective trust in a human versus a robot across 

both non-STEM and STEM domains. Second, given that knowledge access is a core 

element of both ToM and ToAM, this study explores the relationship between children’s 

ToM and ToAM and selective trust in human and robotic informants. To the best of our 

knowledge, this is the first study to investigate how children learn from robot informants 

in the context of STEM-related testimony. In doing so, the study bridges cognitive 

development, social learning, STEM education, and early AI literacy, offering new 

insights into how young learners engage with artificial agents as knowledge sources and 

promoting AI-integrated STEM education.  

 

The current chapter includes elementary background and an introduction of the study. 

Chapter 2 begins by defining and conceptualising the key concepts of the study, 

encompassing ToM, ToAM and selective trust. It also introduces underpinning 

theoretical frameworks and critically reviews existing literature, highlighting the 

relationships between these concepts and identifying meaningful empirical findings. 

Chapter 3 outlines the research objectives, methodology, and research questions, 

grounded in a clear identification of the research gap. The fourth chapter provides a 

detailed account of the methodology, including sampling procedures, materials, research 

design, ethical considerations, and analytical methods. Chapter 5 presents the results in 

relation to each research question, using descriptive and inferential analyses such as 

correlation matrices, logistic regression models, and generalised linear mixed models. 

Finally, Chapter 6 summarises and interprets the findings, discusses their theoretical and 

practical implications, and offers directions for future research along with a reflection on 

the study’s limitations. 
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Chapter 2 Literature review 

2.1 Introduction of the literature review 

This chapter critically reviews the existing literature relevant to ToM, ToAM and 

children’s selective trust in human and robotic informants, with particular attention to 

how such trust manifests across STEM and non-STEM domains.  

 

Specifically, this review is structured into five main sections. It begins with an 

exploration of ToM and ToAM, tracing their developmental trajectories and cultural 

variations. Next, it examines the mechanisms of selective trust in human informants, 

detailing the cues children use to evaluate the credibility of information. The review then 

turns to selective trust in the context of STEM learning, followed by STEM education in 

diverse cultural backgrounds. Subsequently, there is a discussion of children’s trust in 

robotic agents and a comparison between human and robot informants. Finally, the 

chapter explores how children’s ToM and ToAM are empirically linked to their trust. 

Throughout, previous studies are reviewed by critically focusing on the advantages and 

disadvantages of cross-sectional, descriptive surveys, and experimental designs. Cross-

sectional studies and surveys revealed cultural and developmental differences in ToM 

and ToAM. Experimental designs have been widely employed in selective trust research, 

enabling researchers to find potential causal relationships between conflicting 

information and informants. 

 

In synthesising these diverse strands of research, this chapter identifies an underpinning 

theoretical framework that is grounded in previous literature yet especially tailored to 

support the scope of the current study. In parallel, research gaps are critically analysed at 

the conclusion of the chapter, providing the necessary foundation for formulating the 

research questions presented in the next chapter. 

 

2.2 From ToM to ToAM 

2.2.1 Theory of Mind (ToM) 

Theory of Mind (ToM) refers to the ability to understand that others have beliefs, desires, 

intentions, and emotions that may be different from one’s own. It enables children to 

understand and predict others’ behaviour based on internal mental states (Premack & 
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Woodruff, 1978). Children’s everyday conversations about people and minds are 

communicated through the use of terms like “think”, “want”, “feel”, and “know”, which 

are real-life expressions of the function of ToM. For instance, a child receives a candy 

from the teacher as a reward, but notices that the friend, who did not, looks sad. The 

child understands that the friend feels sad and may believe he was left out. In this 

situation, the child recognises that the friend has a different emotional experience (feeling 

sad) and a different belief (believing he was left out). Such an understanding of the other 

child would be indicative of ToM. Basically, the main stage of ToM development is 

preschool years. From basic theory exploration to social-emotional learning (Barlow et 

al., 2010) and future academic performance in the school years (Lecce et al., 2011), the 

worldwide discussion on ToM was supported by numerous evidence and nurtures 

thousands of children’s cognitive development. 

 

ToM consists of several key components, including desire, belief, knowledge, and 

emotion (Wellman & Liu, 2004) that emerge in a developmental sequence. Around age 

two, children begin to understand simple desires, and by age three, they start to grasp the 

concept of belief, although they still tend to explain behaviour primarily in terms of 

desires (Bartsch & Wellman, 1995). A three-year-old is more likely to say, “She wants 

(desire) some candies” than “She knows (belief) candies are nice.” A major milestone in 

ToM development is the understanding of false beliefs, which involves recognising that 

others can hold beliefs that do not reflect reality (Baillargeon et al., 2010). The well-

established Sally-Anne task assesses false belief understanding by presenting a scenario 

in which Sally places a marble in her basket and leaves. In her absence, Anne moves the 

marble to a new box. Children are then asked where Sally will look for the marble upon 

her return (Baron-Cohen et al., 1985). Most three-year-olds fail to predict Sally’s actions 

based on false beliefs (i.e., to look for the marble where Anne had placed it and perceive 

Sally could not know that Anne had moved the marble), whereas most four-year-olds 

succeed, marking significant progress in their ToM development (Rubio-Fernández & 

Geurts, 2016).  

 

Moreover, ToM also encompasses the ability to understand and interpret others’ 

emotions. From around age 3, children begin to use desires and beliefs to reason about 

emotional states, and this emotional understanding continues to develop over time 
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(Harris et al., 1989). A three-year-old sees others looking sad after not getting the toy 

says, “He’s sad because he wanted to play.” This shows the child is beginning to 

understand that emotions can be explained by both desires and beliefs. Regarding more 

advanced multiple emotions, children generally grasp that a person can experience one 

emotion internally while displaying another outwardly (e.g., smiling while feeling sad) 

between the ages of three and five, though three-year-olds show a limited capacity 

(Banerjee, 1997). 

 

In the present study, the component of ToM receiving the most attention is knowledge. 

Early research conducted in the United States and Australia has shown that children 

around the age of three typically grasp others’ desires and pass false belief tasks before 

they are able to infer whether someone possesses specific knowledge or not (Wellman, 

2018; Wellman & Liu, 2004). This indicated that children understand knowledge access 

after false belief and basic desire recognition (Wellman & Liu, 2004). However, 

empirical evidence from China, Iran, and Turkey (Wellman, 2018) has reported the 

reversal pattern. In these cultures, children understood knowledge acquisition before 

grasping diverse or false beliefs. Consequently, the developmental trajectory of ToM, 

particularly the understanding of knowledge and belief, may be shaped by cultural 

environment (Wellman, 2017, 2018).  

 

2.2.2 Theory of Artificial Mind (ToAM) 

Explored in ToM research for over thirty years, Wellman (2018), a leading pioneer in 

this field, emphasised the importance of studying how children understand extraordinary 

minds, such as those of God, superheroes, and Santa Claus, as well as what he defined as 

“state of the art questions in need of state of the art research,” including AI agents. In 

response to the growing trend of children attributing mental states to technological 

entities, Spektor-Precel and Mioduser (2015) defined the concept of Theory of Artificial 

Mind (ToAM). They observed that children often mentalise AI agents by attributing 

mental states such as desires, beliefs, and knowledge to them. When children observe or 

construe robot behaviours, they are more likely to interpret and describe robots as 

intentional agents, which reflects the development of ToAM. For example, during 

interactions with robots, children may attribute agency and emotional experiences to 

robots, sometimes treating them as human-like companions (Brink et al., 2019).  
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Just as in the early stages of ToM research, scholars have placed particular emphasis on 

false belief in ToAM investigation. Children aged 3 to 6 have demonstrated promising 

performance in false belief tasks involving robots. Surprisingly, when a humanoid robot, 

rather than a human, asked the classic false belief question (e.g., “Where will Maxi 

look?” in an unexpected location task), children aged three performed significantly better 

with the humanoid robot than with the human (Baratgin et al., 2020). Equally, typically 

developing children aged five to seven have shown the ability to attribute false beliefs to 

robots, suggesting they recognise robots as intentional beings. However, children aged 5 

to 8 with autism often face greater difficulty in recognising false beliefs with humans and 

robots (Zhang et al., 2019). Supporting these findings, Di Dio et al. (2020) applied both 

first and second-order false belief tasks. First-order task involves understanding that 

someone can hold a belief that differs from reality (e.g. “She thinks the toy is in the 

box”), while second-order task is more complex and involves understanding what one 

person thinks about another person’s thoughts (e.g. “He thinks that she thinks the toy is 

in the box”). They reported that most five- and seven- year-olds succeeded in first-order 

tasks involving robots, while nine-year-olds performed better in more advanced second-

order tasks (Di Dio et al., 2020). 

 

Two studies have investigated adults’ and children’s ToAM using standardised scales. 

Banks (2020) was the first to adapt the well-established and widely used ToM scale 

developed by Wellman and Liu (2004) in human-robot interactions. The study found that 

adults mentalised robots in ways that mirrored their mentalisation of human agents, 

particularly when the robots displayed human-like social cues. More recently, Mao and 

colleagues (2025) extended this work to children, revealing a developmental sequence in 

children’s understanding of ToAM. Their findings indicated particular challenges in 

understanding false beliefs and emotions, as well as a distinction between ToM and 

ToAM. Although both studies used similar materials and procedures, their findings 

differed by age group, highlighting the developmental trajectory of ToAM from early 

childhood to adulthood. Of particular interest is the finding that Mao et al. (2025) also 

discovered that Chinese children tended to understand knowledge access earlier than 

false belief, a pattern consistent with ToM development in children from Asian cultural 

backgrounds. 
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2.3 Selective trust in human informants 

2.3.1 Introduction of selective trust 

Within a Vygotskian framework (Vygotskii & Cole, 1978), human activities take place 

within cultural contexts and are mediated by language and other symbolic systems. 

Children develop cognitively through meaningful dialogue with more knowledgeable 

others (John-Steiner & Mahn, 2003). While Piaget emphasised that children construct 

knowledge independently through hands-on exploration, Vygotsky argued that learning 

from others is also a vital mechanism for internalising knowledge. In particular, 

cognitively demanding domains such as geography, microorganism, history, and 

astronomy are often acquired through social input (Harris et al., 2006) rather than 

through individual experience or discovery. Indeed, children do not blindly trust 

testimonies, even from knowledgeable individuals. They engage in selective trust, 

evaluating both the information and the informant based on specific cues and contextual 

factors (Koenig et al., 2004). For example, preschoolers aged three to four prefer to learn 

novel labels (i.e., how to call a novel object) from informants who had previously 

labelled familiar objects correctly (Koenig et al., 2004). Even eighteen-month-old infants 

have been shown to preferentially select and interact with objects labelled by a reliable 

speaker (Crivello et al., 2021).  

 

2.3.2 Epistemic and social cues 

When deciding whom and what to believe, children primarily rely on two types of cues. 

The first are epistemic cues, which include the informant’s prior accuracy, confidence, 

and expertise. Prior accuracy has received the most attention since the emergence of 

selective trust research. Preschoolers tend to trust individuals who have previously 

labelled objects accurately (Koenig et al., 2004). Pasquini et al. (2007) tested children’s 

sensitivity to varying degrees of relative accuracy across four conditions: 100% vs. 0%, 

75% vs. 0%, 75% vs. 25%, and 100% vs. 25%. Their results showed that three-year-olds 

only demonstrated selective trust when one informant was entirely accurate, whereas 

four-year-olds could reliably select the relatively more accurate informant across all 

conditions. Confidence is another important epistemic cue. Children are more likely to 

trust an informant who expresses confidence in their statements, such as saying, “I 

looked and I saw an apple in the box” (Koenig, 2012). Finally, expertise also impacts 
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children’s trust. Koenig and Jaswal (2011) found that when naming unfamiliar dog 

breeds, young children tended to accept the testimony of a dog expert.  

 

Another important factor influencing trust is the use of social cues such as familiarity, 

moral behaviour, race, and group size. Evidence from the Strange Situation experiment 

shows that even nine-month-old infants can distinguish between their mothers and 

strangers, highlighting the importance of familiarity in early development (Ainsworth et 

al., 1978). In the context of selective trust, Corriveau and Harris (2009) found that 

children aged 3 to 5 tended to trust familiar teachers than unfamiliar ones when learning 

about novel objects. Similarly, Kinzler et al. (2011) reported that children preferred 

informants who spoke with a familiar local accent. Second, children also place greater 

trust in individuals who display positive personality traits such as honesty, kindness, and 

intelligence. In a study by Lane et al. (2013), when given a choice between an informant 

with positive traits who could not see inside a box and another with negative traits who 

could see inside, children aged 3 to 5 trusted the informant with positive traits. Further, 

children show a stronger tendency to trust individuals from their own ethnic group 

(Cameron et al., 2001) and prefer information endorsed by a group of people rather than 

by a single individual (Fusaro & Harris, 2008). 

 

When epistemic and social cues conflict, children must navigate a complex decision 

about whom to trust. When preschoolers were asked to choose between a “kind but 

inaccurate” informant and a “mean but accurate” one, children aged 3 to 5 showed mixed 

responses. But six-year-olds prioritised accuracy, choosing the mean but reliable 

informant (Lane et al., 2013). This interesting shift reflects a growing emphasis on 

epistemic reliability over social traits. Similarly, preschoolers do not always view adults 

as the most reliable informants. For example, children aged 3 to 5 were more likely to 

direct toy-related questions to a peer and nutritional questions to an adult, suggesting 

they view peers as better sources for “children world” knowledge (VanderBorght & 

Jaswal, 2009). Generally speaking, a meta-analysis by Tong et al. (2020) examined the 

role of both cues. With a moderate effect size (Hedges’ g = 0.59), results showed that 

children generally preferred accurate and knowledgeable informants. However, when 

cues conflicted, older (more than aged four) children increasingly favoured epistemic 

cues, while younger children often favoured socially familiar or in-group informants, 

even if they were less accurate (Q(1) = 4.65, p = .031). 
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2.3.3 The measurement of selective trust 

Two main experimental paradigms have been widely adopted in selective trust research: 

the single informant paradigm and the conflicting informants paradigm (Cao et al., 

2025). In the single informant paradigm, only one informant is presented, and researchers 

manipulate cues such as the informant’s expertise or moral traits. Children are then asked 

to decide whether to accept or reject the informant’s testimony. However, most selective 

trust studies employ the conflicting informants paradigm. This typically involves a 

familiarisation-test procedure. During the familiarisation phase (also referred to as the 

“history phase” in some studies, see Danovitch et al., 2023), children are introduced to 

two informants with contrasting characteristics, allowing them to form initial 

impressions. In the test phase, both informants provide conflicting information, and 

children are asked to choose which informant to trust. For example, in a classic study by 

Koenig and Harris (2005), children observed two speakers label familiar objects — one 

consistently accurate and the other inaccurate (familiarisation phase). Later, children 

received novel labels from both informants and were asked to endorse one of them (test 

phase). 

 

2.4 Learning STEM knowledge selectively 

2.4.1 STEM education in preschool  

Although early research on selective trust focused primarily on object labelling involving 

familiar and novel items (e.g., “what is this?” “It is a ball.”), children also acquire more 

complex knowledge from surrounding cultural environment, such as moral norms 

(Doebel & Koenig, 2013), historical facts (Skjæveland, 2017), and professional expertise 

(Landrum et al., 2013). One extraordinarily complicated yet underexplored domain is 

STEM knowledge. Due to animistic thinking (Harvey, 2005), young children often 

attribute mental states to animals, plants, or even non-living entities (e.g., believing the 

sun feels hot and asking the clouds for help), which conflict with scientific explanations. 

In fact, most countries have increasingly recognised the transformative potential of 

STEM education and allocated substantial funding to support high-quality STEM 

initiatives (Department of Education, 2024b; Zhao, 2018). As Johnson (2013) noted, 

STEM education fosters children’s development of problem-solving, critical thinking, 
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and digital literacy by integrating practices such as scientific inquiry, technological and 

engineering design, and mathematical analysis.  

 

Across both Western and non-Western contexts, early childhood STEM education 

increasingly emphasises hands-on exploration, problem-based learning, and child-led 

experimentation. In the United States, the Next Generation Science Standards (NGSS) 

advocate for engaging preschoolers in foundational scientific practices such as asking 

questions, making observations, and interpreting data from an early age (Council, 2013). 

In the United Kingdom, the Early Years Foundation Stage (EYFS) integrates science and 

numeracy into everyday learning through informal play and guided discovery 

(Department of Education, 2024a). Particularly, the Forest School model has also gained 

popularity across Europe, offering young learners opportunities to engage with STEM 

principles through embodied interaction with the natural environment (Cudworth & 

Lumber, 2021). Activities involving spatial awareness, sensory exploration, and material 

experimentation allow children to encounter scientific and mathematical concepts in 

meaningful and unstructured ways (Kraftl, 2014). In China, national guidelines 

emphasise the integration of STEM within play-based pedagogy (Ministry of Education, 

2012). A common classroom programme is the “sinking and floating” activity, in which 

children aged 4 to 6 explore the buoyancy of everyday objects (such as leaves, stones, 

and plastic toys) through guided experimentation and observation.  

 

2.4.2 STEM knowledge in selective trust 

Despite exposure to STEM content in preschool curricula, children often find it difficult 

to grasp advanced scientific concepts. While they are capable of conducting simple 

experiments, making observations, and documenting results, — such as tracking the 

growth of an onion or comparing the falling speed of a feather and a metal object — they 

struggle to understand phenomena that are abstract or removed from everyday experience 

(e.g., the secret of Mars). They may find it difficult to generalise or transmit scientific 

knowledge to others. As a result, children frequently rely on external sources, including 

adults, animations, movies, and AI agents, to acquire STEM-related information. 

 

Given the scientific nature of STEM learning, researchers have begun examining how 

children selectively trust STEM-related information. Studies show that children as young 
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as three prefer to learn biological facts, such as food health and taste, from familiar 

mothers and professional teachers, rather than from strangers or clowns (Nguyen, 2012). 

When learning about unfamiliar animals, children are more likely to trust accurate 

informants or group consensus (Sampaio et al., 2019). Considering the physics, children 

are more inclined to believe physically impossible events when experienced through 

immersive technologies like virtual reality compared to traditional picture books 

(Schmitz et al., 2020). Another evidence revealed that fourth and fifth graders trust 

mathematical knowledge from an accurate informant rather than an inaccurate one 

(Durkin & Shafto, 2016). Thus, children learn STEM information from a broad 

resources, but still rely on social and epistemic cues. 

 

Several studies have explored children’s trust in various subdomains in STEM 

information. A key finding is that children demonstrate an early understanding of the 

division of cognitive labour which refers to the cognitive effort involved in tasks. 

Precisely, children aged 3 to 5 were able to correctly attribute observable knowledge, 

such as treating illness or fixing cars, to familiar experts like doctors or mechanics. 

However, only four- and five-year-olds could accurately assign deeper scientific 

knowledge to appropriate experts, recognising that an eagle expert might also possess 

broader knowledge about birds, animals, and biology (Lutz & Keil, 2002). When 

evaluating biological and physical explanations, children aged 4, 5, and 7 reduced their 

trust in informants who provided low-quality explanations, even when those informants 

were introduced as domain experts (Clegg et al., 2019). Nonetheless, when experimental 

designs were held constant, children aged 4 to 6 showed no significant differences in 

their trust toward STEM and non-STEM testimony, but transmit more accurate physical 

information to the third party rather than mathematical ones (Danovitch et al., 2023). 

Taken together, while STEM content is often more complex and incomprehensible, 

preschoolers are still capable of evaluating the accuracy of information and the reliability 

of informants, much like they do with simpler knowledge. 

 

2.5 Selective trust in the robot informants 

2.5.1 Selectively trust AI agents 

The integration of AI agents into various contexts has created new learning approaches 

for children. In response, researchers have applied the selective trust paradigm to 
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examine children’s interactions with different types of technological agents. Digital voice 

assistants (DVAs) are intelligent and network devices that respond to voice commands 

such as “Hi Siri” or “Tell me the weather,” processing spoken input and providing verbal 

output. When children ask questions and retrieve information from DVAs, this 

interaction can be considered a form of selective trust. Girouard-Hallam and Danovitch 

(2022) investigated children’s trust in DVAs by comparing the responses of children 

aged 4 to 5 and 7 to 8. The results showed that older children were more likely to seek 

factual information from DVAs and ask personal information from humans. Similarly, Li 

et al. (2023) found that children aged 5 to 6 demonstrated greater trust in DVAs 

compared to those aged 3 to 4, with adults showing the highest level of trust in the 

technology. 

 

Second, previous studies have shown that preschool-aged children are capable of 

selectively trusting robots in ways that align with how they evaluate human informants. 

To the best of my knowledge, one of the earliest studies applying the selective trust 

paradigm to robots was conducted by Breazeal et al. (2016). In their study, children aged 

3 to 5 were inclined to ask for and endorse information from a robot that responded 

contingently with real-time feedback and eye contact, rather than a non-contingent robot. 

Geiskkovitch et al. (2019) further adapted the conflicting informants paradigm within the 

context of CRI and found that children aged 3 to 5 assessed a robot’s trustworthiness 

based on its history of errors. Particularly, in another task in Geiskkovitch et al.’s (2019) 

study, when both robots provided the same label for different unfamiliar objects, children 

were more likely to choose the object labelled by the previously reliable robot. Brink and 

Wellman (2020) reported similar findings and further emphasised that children 

selectively trust humanoid robots, but not non-humanoid machines, even when those 

machines are accurate. What’s more, children between 4 and 7 with autism also preferred 

accurate robots over inaccurate ones, similar to their typically developing peers. 

However, they exhibited generally lower levels of selective trust, regardless of whether 

the informant was a robot or a human (Chen et al., 2024). 

 

Most selective trust research in CRIs has focused on non-STEM domains, primarily 

using object-labelling tasks, (Baumann et al., 2023; Brink & Wellman, 2020; Chen et al., 

2024; Geiskkovitch et al., 2019; Stower et al., 2024) rather than exploring complicated 

social information or STEM knowledge. When learning social emotional testimonies 
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(e.g., “How to make yourself happy when you feel sad?”) from a humanoid robot and a 

non-humanoid robot, children aged 4 to 7 tended to trust humanoid one more. However, 

in the single informant paradigm, appearance plays a smaller role in shaping trust (Cao et 

al., 2025). Some studies have explored domains closer to STEM knowledge. Breazeal et 

al. (2016) presented children with information about animals, such as their characteristics 

and habits (e.g., “My favourite animal is the loma! I like how it’s white with such big 

antlers!”), which aligns with early biological science content. Kory Westlund et al. 

(2017) found that even three-year-old children were able to learn novel animal names 

from robots by following non-verbal cues such as gaze direction and gesture, 

highlighting the potential of robots to support both verbal and non-verbal learning. 

 

2.5.2 Human informants VS. robot informants 

Another important direction of research in selective trust within CRI focuses on 

comparing the reliability of human and robot informants. Using a single informant 

paradigm, Cao et al. (2025) found that children aged 4 to 7, particularly those between 4 

and 5 years old, were more likely to direct their questions to humanoid robots than to 

human informants. Several studies also employed the conflicting informants paradigm to 

assess children’s preferences when faced with contradictory information. For instance, 

children aged 3 to 6 were more likely to endorse labels from a previously accurate robot, 

even when a human informant was also reliable. Interestingly, they tended to interpret 

robot errors as accidental but judged human errors as intentional (Stower et al., 2024). 

Similarly, children aged 5 preferred learning new labels from a competent robot over an 

incompetent human, while acknowledging the robot’s mechanical nature (Baumann et 

al., 2023). These findings suggest that in selective trust, preschool-aged children often 

display a trust preference toward robots rather than humans, especially when the robots 

are perceived as accurate. 

 

In contrast, mixed findings have emerged regarding children’s trust in human versus 

robot informants. On the one hand, younger children often show a preference for human 

informants. Li and Yow (2024) found that while five-year-olds trusted accurate robots 

and humans equally and distrusted inaccurate ones to a similar extent, three-year-olds 

were more likely to trust inaccurate humans over inaccurate robots. Similarly, in a trust 

game study, seven-year-olds displayed greater trust in robots, whereas three-year-olds 
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demonstrated a stronger preference for humans (Di Dio et al., 2020). On the other hand, 

the domain of testimony may play a crucial role in shaping children’s trust. Children 

aged 3 to 6 preferred to consult robots for mechanical knowledge but were least likely to 

trust them for biological or psychological information (Oranç & Küntay, 2020). 

However, Kory Westlund et al. (2017) found no significant differences in children’s 

word recall when novel animals were labelled by a human or a robot using identical non-

verbal cues such as gaze and orientation. Taken together, the current body of research 

presents inconsistent patterns, and due to the limited number of studies focusing 

specifically on STEM-related testimony, it remains unclear whether children are more 

inclined to trust human or robotic informants in STEM learning contexts. 

 

2.6 The role of ToM and ToAM on selective trust 

2.6.1 The association between ToM and selective trust 

A growing body of research has demonstrated a strong association between children’s 

ToM abilities and their capacity for selective trust, suggesting that mental state reasoning 

plays an important role in guiding trust-related decisions. Several scholars argued that 

both ToM and selective trust typically emerge around the age of three or four (Ding et 

al., 2017). DiYanni et al. (2012) found that children’s understanding of false beliefs was 

positively correlated with their ability to selectively trust reliable informants. Similarly, 

children with stronger ToM skills were more likely to favour an unfamiliar but reliable 

source over a familiar one with a history of inaccuracy (Palmquist et al., 2022). In 

another study, Brosseau-Liard et al. (2015) showed that children with higher ToM 

performance were more inclined to base their trust decisions on epistemic cues rather 

than superficial traits, such as physical strength. Evidence from infancy further supported 

this link: even at 18 months, early knowledge inference (a precursor to ToM), has been 

positively associated with selective trust (Crivello et al., 2021). Collectively, these 

findings suggested that ToM is a foundational cognitive capacity that enables children to 

evaluate the credibility of informants and make more informed learning choices. 

 

However, the influence of ToM on selective trust may be moderated by additional 

factors. First, children aged 3 to 4 from middle socioeconomic backgrounds exhibited 

higher ToM scores but unexpectedly performed worse on selective trust tasks compared 

to their peers from lower socioeconomic backgrounds (Souza et al., 2021). Second, 
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inhibitory control which is a cognitive process that enables individuals to suppress 

automatic responses in favour of goal-directed actions has been shown to support trust 

regulation. Crivello et al. (2021) found that children with stronger ToM and inhibitory 

control were more capable of distrusting misleading social robots, suggesting that 

managing selective trust requires both mental state reasoning and self-regulation. Third, 

longitudinal findings indicate no stable predictive relationship between ToM and 

selective trust across early childhood. While these two abilities may develop 

concurrently, they appear to be functionally distinct. Notably, selective trust assessed in 

the first year was a significant positive predictor of ToM in the second year (Ding et al., 

2017). In summary, the relationship between ToM and selective trust appears to be 

shaped by socioeconomic background, inhibitory control, and developmentally 

independent over time. 

 

2.6.2 The association between ToAM and selective trust 

Direct assessments of ToAM remain limited, with much of the existing literature instead 

discussing the concept of mental state attribution (MSA). Similar to ToAM, MSA is also 

coined as the ability to attribute mental states to others or technical agents (Thellman et 

al., 2022). Instead, it was evaluated through more explicit and decontextualised questions 

(e.g., “would the robot feel pain?”) instead of contextual stories, implicit mental state 

inference and behaviour prediction in ToAM (e.g., in Sally-Anne task, children are 

required to reason Anne’s next action based on implicit false belief) (Mao et al., 2025). 

Compared to ToAM, however, MSA research has predominantly addressed children’s 

ontological understanding of robots. Thus, given the conceptual proximity between 

ToAM and MSA, and the current scarcity of dedicated ToAM research, the following 

discussion on the relationship between ToAM and selective trust also draws on empirical 

findings from MSA studies. 

 

There is no clear consensus in the literature regarding the association between ToAM and 

selective trust, as findings have varied inconsistently. Above all, several studies have 

reported positive correlations. Li et al. (2024) conducted an explanatory study with three- 

to four-year-olds using a five-item ToAM scale encompassing desire, belief, false belief, 

and emotion components, alongside a single informant paradigm and an inhibitory 

control assessment. Results indicated that ToAM was positively associated with selective 
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trust (r = 0.26, p < 0.05), as was inhibitory control (r = 0.48, p < 0.01). Oranç and Küntay 

(2020) found that the more perceptual properties (e.g., seeing and hearing) children aged 

3 to 6 attributed to a humanoid robot, the greater their tendency to trust it. Equally, 

children aged 3 trusted accurate social robots over inaccurate ones, and this trust 

increased when they perceived the robot as having human-like psychological agency 

(Brink & Wellman, 2020). In another study, children consistently attributed traits such as 

liking (e.g., “wants to be your friend”) and competence (e.g., “is smarter”) to the robot, 

while attributing agency (e.g., “acts on purpose”) and blame (e.g., “makes mistakes”) 

more frequently to the human informant (Stower et al., 2024).  

 

On the contrary, two indirect but relevant studies have reported patterns suggesting a 

negative or more complex relationship. With a trust game called “Guess where it is”, Di 

Dio et al. (2020) assessed children’s trust in both human and robotic agents alongside 

their ToM and MSA. Findings indicated that children with higher ToM scores were more 

sceptical during the trust game, displaying reduced willingness to follow either 

informant’s suggestion across ages 3, 5, 7, and 9. Notably, however, the study did not 

specifically analyse the relationship between MSA and selective trust. In a separate meta-

analysis, Stower et al. (2021) examined children’s trust in robots, distinguishing between 

social trust — defined as the belief that an agent will keep promises — and competency 

trust, which is more closely aligned with selective trust. Interestingly, the results showed 

that while a humanoid appearance increased children’s social trust in robots (g = 0.53, 

95% CI [0.28, 0.78]), it significantly reduced their competency-based trust (g = -0.49, 

95% CI [-0.81, -0.17]). These findings suggest that while children may develop stronger 

social bonds with human-like robots, they may simultaneously question their 

informational reliability.  

 

In addition to studies showing positive or negative patterns, some research has found no 

significant association between ToAM and selective trust. Baumann et al. (2023) used a 

parent-report ToM questionnaire assessing children’s understanding of emotion, 

intention, desire, perception, knowledge, and belief in social interactions. Their findings 

indicated that individual differences in ToM did not significantly predict selective trust 

behaviour. Similarly, while children aged 4 to 8 relied on prior accuracy when deciding 

whether to trust DVAs or humans, their MSA scores did not significantly influence their 

trust or learning outcomes, even though the MSA items only included epistemic 
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properties such as “know the answer” or “unsure of the answer” (Girouard-Hallam & 

Danovitch, 2022). These findings signified that the association between ToAM and 

selective trust may not be consistently observable across different measurement tools and 

task designs.  

 

2.7 Conclusion of the literature review  

This literature review systematically examined key research areas relevant to children’s 

selective trust in human and robot informants, specifically within STEM and non-STEM 

contexts, and explored the role of children’s ToM and ToAM. Initially, the review 

conceptualised ToM and its developmental trajectory, emphasising the centrality of 

understanding diverse beliefs, desires, emotions, and particularly knowledge states. 

Previous work highlighted cultural differences regarding knowledge access and false 

belief understanding. Expanding upon this, the review further introduced ToAM, 

exploring how children mentalise artificial agents, such as DVAs and robots, which they 

increasingly encounter in educational and social environments. Notably, literature 

reflected significant parallels between ToAM and ToM. However, limited studies to date 

have rigorously investigated the full spectrum of ToAM toward robots across different 

ages and cultural contexts. 

 

Subsequently, the literature on selective trust was critically reviewed, revealing that 

children from as early as three years old show nuanced trust behaviours based on 

informants’ epistemic and social cues, including accuracy, confidence, familiarity, and 

group consensus. However, while extensive research has investigated selective trust in 

human informants, fewer studies have systematically explored trust in robots, especially 

within cognitively demanding domains such as STEM. Prior studies suggested 

preschool-aged children demonstrate considerable trust in robots when these agents are 

accurate, though findings remain mixed regarding comparative trust levels in human 

versus robotic informants. Crucially, research specifically addressing children’s selective 

trust in STEM-related testimonies delivered by robots remains sparse. 

 

While studies on children’s selective trust in robots have flourished in recent years across 

China, the United States, and Singapore, this area of research remains relatively limited 

and is still in its infancy. Firstly, limited research has directly examined the relationship 
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between children’s ToAM and selective trust, even though selective trust behaviours can 

be interpreted as an explicit performance of knowledge access. While some researchers 

have acknowledged this connection and incorporated relevant assessments, very few 

have employed both standardised ToAM and ToM scales to systematically explore their 

association with trust-related outcomes. Certain studies have relied on implicit MSA 

(Brink & Wellman, 2020; Girouard-Hallam & Danovitch, 2022), while others excluded 

ToM measures altogether, even when human informants were involved (Stower et al., 

2024; Li et al., 2024). More importantly, the relationship between ToAM and selective 

trust remains inconsistent across various experimental paradigms, underscoring the need 

for further empirical validation. 

 

Furthermore, existing selective trust studies in the context of CRIs have primarily 

focused on object-labelling tasks, often neglecting more complex domains of social 

learning. Unlike simple object labels, STEM content is generally more cognitively 

demanding and less accessible for children to learn independently, yet it remains a 

central component of early childhood education (Danovitch et al., 2023). Reversely, 

selective trust in CRIs which concerned STEM knowledge mainly discussed the learning 

of animal names, neglecting more essential animal growth or basic math. Danovitch and 

colleagues (2023) found that children aged 4 to 6 showed no significant difference in 

their willingness to trust and transmit non-STEM object labels and mathematical 

information. However, unlike human informants, robots originate from STEM disciplines 

and are often perceived as products of technological advancement and the AI era. Indeed, 

children aged 5 to 6, particularly younger children, frequently view robots as mechanical 

devices rather than as agents with mental states (Katayama et al., 2010). Therefore, it 

remains unclear to what extent children are willing to trust a robot in transmitting STEM 

knowledge, given that the robot itself may be conceptualised more as a STEM object 

than as a knowledgeable informant.  

 

To sum up, limited systematic examination of the relationship between children’s ToAM, 

ToM, and selective trust in robots, particularly on their potential relationships. Moreover, 

there is an insufficient exploration of selective trust in robots beyond simple object-

labelling tasks. While children may perceive robots as machines or the products of 

technological advancement, the current body of selective trust research has not compared 

human and robot informants when learning STEM knowledge, such as physics, biology, 
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and mathematics. To my knowledge, this is the first study to directly compare children’s 

trust in robot versus human informants within the context of STEM-related testimony, 

offering novel insights into how cognitive reasoning supports trust in artificial agents 

about important knowledge. 

 

2.8 Theoretical framework in this study 

Overall, the conceptual framework illustrates how the advent of AI not only introduces 

new conceptual pathways (ToAM) but also reconfigures existing psychological processes 

(ToM and selective trust), with implications for how children evaluate and learn from 

both human and robotic informants. The diagram summarises three central constructs 

derived from the literature review: ToM, ToAM, and selective trust, represented 

respectively by the blue, green, and pink rectangles. Each construct is further delineated 

by its key subcomponents. ToM pertains to children’s understanding of human agents in 

terms of desire, belief, knowledge, and emotion. With the increasing presence of artificial 

intelligence in children’s environments, ToAM has emerged to describe how children 

attribute similar mental states to AI agents such as robots. The transition from ToM to 

ToAM is indicated by a solid single-headed arrow, reflecting how children begin to 

mentalise AI entities. As children generally learn from robots, ToAM than linked to 

selective trust, especially when the informant is an AI agent. The selective trust 

component is structured around three nested layers: the informant (e.g., human or robot), 

trust cues (e.g., accuracy for epistemic cues and familiarity for social cues), and the type 

of information (e.g., non-STEM and STEM). 

 

As shown in Figure 1, a solid double-headed arrow connects ToM and selective trust, 

signalling a well-established reciprocal relationship in which mental state attribution 

informs trust (see section 2.6.1) and, conversely, engagement in trust scenarios may 

impact ToM. In contrast, a dashed double-headed arrow links ToAM and selective trust, 

representing a less conclusive body of evidence with mixed findings across studies (see 

section 2.6.2).  

 

The framework is framed by two tiers of contextual factors. The white boxes, placed 

adjacent to each core construct, indicate proximal influences — variables that more 

directly shape the development and functioning of ToM, ToAM, and selective trust. 
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These include, for example, age and developmental stage, socioeconomic background, 

and cognitive ability such as inhibitory control. Surrounding it is a larger grey frame, 

which signals distal factors: broader socio-technical changes, such as the increasing 

integration of AI in education and childhood settings, which indirectly prompt the 

evolution of these constructs.  

 
Figure 1 The theoretical framework which maps key concepts in the current study and point out a socio-

cognitive scaffold. 
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Chapter 3 The present study 

The present study aims to address research gaps by investigating how children aged 4 to 

6 selectively trust a humanoid robot (Nao) versus a human informant across four 

domains of knowledge: object labelling (non-STEM), physical science, life science, and 

mathematics (STEM). Employing a conflicting informants paradigm, in which a robot 

and a human provide contradictory testimony, the study captures children’s nomination 

preference, endorsement and accuracy judgement in a controlled setting. 

 

The research adopts a mixed design, with accuracy condition (Nao-accurate vs. Human-

accurate) as a between-subjects variable, and information domain (non-STEM, physical 

science, life science, and mathematics) as a within-subjects variable. This structure 

allows for the examination of both cross-condition differences in trust and within-child 

variation across knowledge domains. The primary outcome measures include children’s 

responses to nomination, endorsement, and accuracy questions, which together reflect 

their selective trust patterns. 

 

In addition, children complete validated scales of ToM and ToAM. These measures are 

used to explore the potential relationship between children’s ToM/ToAM and selective 

trust. By analysing both implicit cognitive profiles and explicit behavioural choices, the 

study aims to clarify whether children apply similar trust strategies when evaluating 

artificial agents compared to human informants. 

 

The findings may have significant educational implications. As robots and other AI 

agents become more integrated into early learning environments, it is essential to 

understand how children perceive and evaluate these non-human sources of knowledge. 

Insights from this research could inform the design of developmentally appropriate 

educational technologies and guide educators in supporting children’s critical thinking 

about information and informants in both human and artificial forms. Moreover, findings 

in this study can be a theoretical basis for using robots in early STEM education. 

 

Overall, this study proposes the following research questions and corresponding 

hypotheses: 
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RQ1 (research question 1): To what extent do children’s selective trust in robots and 

humans differ? 

 

RQ2: How does the domain of testimony (non-STEM versus STEM) influence children’s 

selective trust?  

 

RQ3: Do ToAM and ToM relate to children’s selective trust in robot and human 

informants? 

 

Regarding children aged 4 to 6 who have demonstrated sensitivity to epistemic cues such 

as accuracy and can distinguish accurately from inaccurately informed robots (Koenig et 

al., 2004; Brink & Wellman, 2020; Geiskkovitch et al., 2019), it is logical to expect this 

sensitivity to consistently apply irrespective of the informant type. It is hypothesised that 

children will show greater selective trust in the robot (Nao) when they think the robot is 

accurate, and greater trust in the human when they think the human is accurate, reflecting 

sensitivity to informant reliability regardless of agent type (H1). 

 

RQ2 addresses domain-specific variations in selective trust. Research indicates that 

young children conceptualise robots as products of technology (Katayama et al., 2010) 

and are inclined to trust them for mechanical knowledge (Oranç & Küntay, 2020) and 

learning about habits of animals (Breazeal et al., 2016). Using expertise as an epistemic 

cue, children may view robots as experts in STEM and humans as experts in everyday 

knowledge, reflecting an early understanding of the division of cognitive labour. Thus, it 

is hypothesised that children will be more likely to trust the robot in STEM domains and 

more likely to trust the human in the non-STEM domain, indicating domain-specific 

preferences in informant trust (H2).  

 

Finally, though the association between ToAM and selective trust in robots remains 

unclear in previous research, ToM is positively correlated with selective trust in human 

informants and varies by several factors. Mao et al. (2025) noted age-related differences 

in both ToM and ToAM development, suggesting age as a covariate. Consequently, it is 

hypothesised that children with higher ToAM scores will be more likely to trust an 

accurate robot, while those with higher ToM scores will be more likely to trust the 
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accurate human informant (H3). However, these associations are expected to be 

statistically controlled for children’s age. 

  



 25 

Chapter 4 Methods 

4.1 Participants 

Although most selective trust studies have focused on children aged 3 to 6, Danovitch et 

al. (2023) limited their sample to children aged 4 and above, noting that 3-year-olds may 

have difficulty understanding certain STEM-related testimonies. Considering the 

syllabus and learning aim of Chinese early childhood education, children aged 4 are 

generally confident in engaging with STEM knowledge. Based on simulations with a 

sample size of 100 and assuming a log-odds effect size of 0.80 for the condition × 

domain (2 × 4) interaction, the estimated statistical power was 48% (95% CI [37.9%, 

58.2%]). Each knowledge domain included three trials, resulting in a total of 12 trials per 

participant. Although a sample of 100 participants is sufficient to detect moderate to 

large effects, the target sample size was increased to 120 children aged 4 to 6 to account 

for potential attrition due to participant withdrawal or absence. A detailed power analysis 

is provided in Appendix A. 

 

Participant recruitment and data collection took place between April and May 2025. 

Initially, 120 children aged between 4 and 6 years were recruited from a kindergarten in 

southeastern China. Two participants were absent during the ToAM and ToM assessment 

session, while an additional two quitted due to difficulties comprehending the 

experimental procedures. A total of 116 children successfully completed the first session 

and proceeded to the subsequent selective trust session. However, six children were 

absent from the selective trust session due to illness, and three others withdrew as they 

were unable to understand the tasks. Ultimately, the final sample comprised 107 children 

aged between 4.62 and 6.61 years (M = 5.57, SD = 0.58, 48 (44.86%) girls). All of them 

completed the ToAM and ToM session. Further, participants were randomly allocated to 

one of two conditions in the selective trust session: the Nao-accurate condition (n = 51; 

M = 5.62, SD = 0.59; age range = 4.62 – 6.61; 22 (43.13%) girls), and the Human-

accurate condition (n = 56; M = 5.52, SD = 0.58; age range = 4.65 – 6.61; 26 (52.34%) 

girls). Anecdotally, the city’s residents consider the residential area where the 

kindergarten is located to be middle-class and the main residents are Han Chinese.  
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Figure 2 The assignment of participants. 

 

4.2 Materials 

4.2.1 Robot Nao 

The present study selected a humanoid robot Nao (see Figure 3) as the main stimulus in 

both ToAM and ToM and selective trust sessions. Developed by Softbank robotics, Nao 

is a fully programmed humanoid robot widely applied in education, psychology and 

health care. Designed by SoftBank Robotics, Nao is 58cm tall and has a humanoid 

appearance with a head, torso, arms, and legs, allowing it to mimic human movements 

and gestures. Standing about 58 cm tall, Nao is equipped with a wide range of sensors, 

including cameras, microphones, and tactile sensors, allowing it to perceive and interact 

with surrounding environment. It has 25 degrees of freedom, enabling realistic and 

dynamic movement. Nao is the robot’s official name and does not have an inherent 

gender. Throughout the study, researchers used the pronoun “it” to refer to Nao, as the 

Chinese pronouns for it (它), he (他), and she (她) are all pronounced “ta.” 

 

Instead of deploying the authentic robot, a static image of Nao accompanied by 

synthesised speech was used in each session for several reasons. First, this approach 

ensured consistency across participants by eliminating variability that might result from 

real-time behavioural fluctuations or potential malfunctions of the robot. All children 

were exposed to identical stimuli, allowing the assessment to proceed smoothly and 

reliably. Second, due to practical constraints, including the robot’s weight (11.9 pounds) 

and the substantial costs associated with purchasing, transporting, maintaining, and 

programming a robot, the digital representation offered a more feasible and accessible 
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alternative. Third, prior research on children’s perceptions of and trust in artificial agents 

has successfully employed screen-based stimuli (e.g., Nao in Banks, 2020 and 

Geiskkovitch et al., 2019; DVAs in Zhou et al, 2025 ; non-humanoid robot in Katayama 

et al, 2010). Such approaches were grounded in the existing literature and have produced 

robust and meaningful findings. Therefore, this research utilised the image due to the 

benefits of enhanced consistency and stability, limited resources and funding, and the 

methodological validity demonstrated by prior studies 

 

 
Figure 3 The official image of robot Nao.  

Note: The photo is shot by Softbank robot [https://robotsguide.com/robots/nao]. 

 

4.2.2 ToAM and ToM assessment 

The materials and procedure for the ToAM and ToM assessments were adapted from a 

previous work (Mao et al., 2025).  Similar to the settings in Mao et al. (2025), children in 

the current study completed both the ToM and ToAM scales. The ToM scale, originally 

developed by Wellman and Liu (2004), has been widely applied across diverse cultural 

contexts (Wellman, 2010). The ToAM version was adapted by Mao et al. (2025), 

maintaining the core structure and descriptions. Both scales comprised seven items: 

Diverse Desires, Diverse Beliefs, Knowledge Access, Contents False Belief, Explicit 

False Belief, Belief-Emotion, and Real-Apparent Emotion. The distinction between the 

two scales lies in the character involved — human for ToM and robot for ToAM. As 

shown in Table 1, items increased in difficulty, and children received one point for each 

completely correct response, yielding a total score ranging from 0 to 7. Task order and 

stimulus presentation were randomised to minimise bias. Each story was narrated aloud 

by the researcher and accompanied by contextually appropriate images. 
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Table 1 The description of ToAM and ToM items 

Task Description 

Diverse Desires Judging whether two persons or two robots have different desires regarding 

the same objects. 

Diverse Beliefs Judging whether two persons or two robots have different beliefs regarding 

the same objects, when the participant does not know which belief is true or 

false. 

Knowledge Access After seeing inside a box, the participant judges (yes-no) the knowledge of 

another person or robot who does not see what is in the box. 

Contents False Belief After seeing inside a box, the participant judges another person’s or robot’s 

false belief about what is in a distinctive container. 

Explicit False Belief Judging how a person or a robot will search with mistaken belief. 

Belief-Emotion Judging how a person or a robot will feel with mistaken belief. 

Real-Apparent Emotion Judging whether a person or a robot can feel one thing but display a 

different emotion. 

Note: The description is quoted from Mao et al. (2025). 

 

4.2.3 Informants in the selective trust 

To investigate children’s selective trust in robots, the study used the Nao robot as one of 

the informants across four knowledge domains. Robots in pink, blue, grey, and orange 

represented the non-STEM, physical science, life science, and mathematics domains, 

respectively. Given the influence of ToAM and ToM, and the central role of human 

informants in real-life learning, four Chinese female volunteers (M = 25.09, SD = 2.45, 

all were Han Chinese) were recruited to serve as human informants. To minimise colour-

based preference bias, each human informant wore clothing that matched the 

corresponding robot’s colour (see Figure 4). While Robots were presented as static 

images with synthesised speech, human informants appeared in videos, speaking in a 

calm tone without moving their bodies or limbs. As informants’ prior accuracy and 

knowledge states may influence children’s judgements, each robot – human dyad was 

introduced at the start of learning in each new domain. To support domain-specific 

character recognition, each informant was assigned a unique name, with robots named 

after their colour (e.g., “pink”) and humans possessed nicknames (e.g., “Yueyue”). This 

helped children identify each dyad as a distinct character within its respective domain.  
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Figure 4 The four dyads of informants 

Note: The image shows four dyads of informants (robot – human), each representing a different domain. 

Top left: non-STEM (pink – Yueyue); top right: physical science (blue – Shanshan); bottom left: life 

science (grey – Xixi); bottom right: mathematics (brown – Junjun). Each dyad includes a Nao robot (left) 

and a female human agent (right), presented as distinct characters with matching colours. 

 

4.2.4 Information in the selective trust task 

The non-STEM materials consisted of familiar everyday objects, aligning with the non-

STEM materials in Danovitch et al. (2023). In the test phase, novel objects created by Li 

et al. (2023) were used, each labelled with a nonsensical, reduplicative pseudoword. Prior 

to the experiment, a separate group of 30 children (not involved in the main study) 

assessed the materials. All reported no preference for the artificial labels and were 

unfamiliar with the novel objects (Li et al., 2023). On the other hand, the STEM 

materials were adapted from Danovitch et al. (2023). During the familiarisation phase, 

children were presented with common STEM knowledge. In the test phase, they 

encountered novel and nonsensical items representing foundational concepts in physical 

sciences, life sciences, and mathematics, in line with U.S. and China early education 
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guidelines. Table 2 and Table 3 exhibit the materials and corresponding statements used 

during the familiarisation and test phases. All materials were displayed onscreen via 

PowerPoint during formal data collection, with both robot and human voices used to 

convey the information. 

 
Table 2 Materials and statements in the familiarisation phase 

Subdomain Image Statement one Statement two 

Non-STEM Cup This is called a cup.  This is called a shoe. 

 Key This is called a key. This is called a spoon.  

 Ball This is called a ball.  This is called a book.  

Physical Science Ice cube melting Ice melts when it gets hot.  Ice melts when it gets 

cold.  

 Pile of dirt Dirt gets wet in the rain.  Dirt gets dry in the rain.  

 Broken glass Glass breaks when hit by a 

rock.  

Glass breaks when hit by a 

feather.  

Math 3 dogs, 1 cat There are more dogs than 

cats.  

There are more cats than 

dogs.  

 Tall girl, short boy The girl is taller than the 

boy.  

The boy is taller than the 

girl.  

 Circle and triangle Circles are round.  Triangles are round.  

Life Science Turtle Turtles have a shell on 

their back.  

Turtles have wings on 

their back.  

 Bird Birds fly in the air.  Birds fly in the water.  

 Plant Plants need water to grow.  Plants need candy to grow.  

 
Table 3 Materials and statements in the test phase 

Subdomain Image Statement one Statement two 

Non-STEM 

 

Kaka Hoho 

 

 

Biubiu Kuku 



 31 

 

 

Soso Nunu 

Physical Science Red object  This floats in water.  This sinks in water.  

 White object This turns red in sunlight. This turns blue in 

sunlight. 

 Black object This is soft on the 

bottom. 

This is hard on the 

bottom. 

Math Brown object  This is bigger than a 

shoe.  

This is smaller than a 

shoe.  

 Orange object  This is heavier than an 

apple.  

This is less heavy than an 

apple.  

 Bucket  There are two oranges in 

the bucket.  

There are four oranges in 

the bucket.  

Life Science Animal that looks like a 

chubby frog  

This lives in trees.  This lives in the ground.  

 Animals that looks like a 

possum  

This sleeps only at night.  This sleeps only during 

the day.  

 Animal that looks like 

an armadillo  

This has many sharp 

teeth.  

This has no teeth.  

 

4.3 Procedure 

At the outset, the researcher explained the study procedure to the children and distributed 

information sheets and consent forms to their parents. Only children with authorised 

parental consent and oral assent were included in the study. Testing took place in a quiet 

room within the kindergarten, where each child completed a one-on-one session with the 

researcher, free from disruptions or distractions. During the first two weeks, children 

completed both the ToM and ToAM scales. In the following two weeks, children 

participated in the selective trust tasks. In the selective trust session, children were 

randomly assigned to one of two conditions: the Nao-accurate or Human-accurate 

condition. In accordance with ethical guidelines and setting rule, participating children 

did not receive any gifts or rewards after tests. 
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4.3.1 ToAM and ToM assessment 

This session followed the procedure outlined in Mao et al. (2025). It began with a warm-

up activity in which children were introduced to two main characters — a female human 

and the Nao robot — through a series of slides accompanied by audio recordings. These 

recordings, using either authentic or AI-simulated voices, provided each character’s 

name and distinctive traits. To ensure comprehension, children were asked to recall and 

name each character, and recordings were replayed as needed until the correct responses 

were given. Following this introduction, participants completed the ToM tasks and their 

adapted ToAM counterparts, based on the validated scale developed by Wellman and Liu 

(2004). The child received one point for each task completed with a fully correct 

response. Using ToAM Explicit False Belief task as an example, the full assessment 

procedure is illustrated in Figure 5. 

 

 
Figure 5 The procedure of Explicit False Belief task in ToAM 

Note: This flowchart illustrates the warm-up and ToAM Explicit False Belief task. In the warm-up (first 

screen), children are introduced to the two characters — Tong (human) and Nao (robot) — and asked to 

identify them. In the Explicit False Belief task (second and third screens, only displays ToAM assessment), 

Nao is looking for his book, which is actually in the backpack, though he believes it is in the drawer. 

Children answer a target question assessing Nao’s belief and a reality question to confirm factual 

understanding. The ToM assessment is similar. 
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4.3.2 Selective trust  

Selective trust tasks adapted the well-established conflicting informants paradigm from 

Brink and Wellman (2020) and Koening et al. (2004). Children were randomly assigned 

to one of two between-subjects conditions: Nao-accurate or Human-accurate. In the first 

condition, Nao 100% correctly label the objects and answer the questions, while human 

is 0% accurate across four domains. In the second condition, vice versa. In each 

condition, children were presented with pairs of informants — one Nao robot and one 

human — who provided conflicting information. Each dyad represented a specific 

domain (non-STEM, physical science, life science, or mathematics), and informants were 

distinguished visually by colour. Overall, the position of each informant (left or right) 

and their speaking order (first or second) were counterbalanced across participants to 

minimise order and position bias. Figure 6 outlines the selective trust task using a non-

STEM object labelling example in a Nao-accurate condition. 

 

Familiarisation phase In this phase, each robot – human dyad provided information 

across the four domains. For the non-STEM labelling tasks, each informant labelled four 

familiar items. One informant consistently gave accurate labels, while the other provided 

incorrect ones. After each trial, children answered a name-check question to assess their 

judgement. For example, in the Nao-accurate condition: “Pink said it’s a cup, and 

Yueyue said it’s a shoe. What do you think it’s called?” In the three STEM subdomains, 

the procedure followed the same structure. For instance, in the Human-accurate 

condition, a question might be: “Grey said turtles have wings on their back, and Xixi said 

turtles have a shell on their back. What do you think is true?” In addition, only children 

who correctly named each informant advanced to the test phase.  

 

Test phase In the subsequent test phase, each robot – human dyad labelled novel items 

using pseudowords, starting with the non-STEM domain. Children were first asked to 

select which informant they wished to consult regarding the novel object (nomination 

question), for example: “Which one do you want to ask, Nao or Yueyue?” Both 

informants then labelled the same object using different pseudowords (information 

provided). In each condition, one informant was consistently accurate (100%) based on 

the familiarisation phase, while the other was consistently inaccurate (0%). 
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Following the information presentation, children were asked to endorse one of the labels 

(endorsement question), such as: “Nao said it’s a Kaka, and Yueyue said it’s a Hoho. 

What do you think it’s called? A Kaka or a Hoho?” Finally, they were asked to judge 

which informant was more trustworthy (accuracy question), for instance: “Which one is 

good at answering this question?” To sum up, in each trial, children responded to one 

nomination question, one endorsement question, and one accuracy question. This 

procedure was identical across all four domains, with content tailored to the respective 

subject area. 

 

Familiarisation-test loop As noted earlier, children were presented with knowledge from 

four domains. Each domain followed a familiarisation-test loop, meaning that 

participants first completed both the familiarisation and test phases for one domain 

before proceeding to the next. The order of domains was randomised across participants 

to minimise possible order effects. Before each new domain, the researcher emphasised 

that the robot – human dyad was different from the previous one, introducing them with 

distinct names to reinforce their uniqueness. 

 

Coding For analysis purposes, children’s choices were coded as follows: selecting Nao 

was recorded as “1” and selecting the human informant as “0” for nomination, 

endorsement and accuracy questions. This coding was used across both Nao-accurate 

and Human-accurate conditions to ensure consistency between conditions and 

information domains. Although traditional selective trust paradigms typically code 

accuracy-based choices as “1”, this study adopted a consistent agent-based coding 

approach to support cross-domain and cross-condition comparisons. In contrast, 

responses to the name-check questions during the familiarisation phase served solely to 

help children become familiar with the informants and recognise their relative accuracy. 
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These responses were not recorded for analysis. 

 
Figure 6 The procedure of selective trust in non-STEM domain 

Note: This sequence assesses children’s trust and decision-making. After the introduction of rules, children 

complete a familiarisation phase where Nao correctly labels three familiar objects, while Yueyue labels 

them incorrectly (Nao-accurate condition). In the test phase, children are shown a novel object and asked 

whom they want to ask (nomination question). Each informant provides a different pseudoword. Children 

then answer an endorsement question and an accuracy question.  Once children completed the 

familiarisation-test loop in one domain, they proceeded to the next domain. 

 

4.4 Ethical Consideration 

4.4.1 Basic ethical considerations 

To protect participants’ privacy and rights, I referred closely to the Ethical Guidelines for 

Educational Research as set out by the British Educational Research Association (BERA, 

2024). BERA emphasises that children should be treated with dignity, fairness, and 

respect, and that their participation should be developmentally appropriate and free from 

coercion or harm. The participated children are vulnerable due to their age and limited 

capacity to give informed consent. Therefore, all procedures were designed to be 

developmentally appropriate and ethically sound. Warm-up sessions were used to build 

rapport, while all questions were simplified and supported with visuals to reduce 

cognitive load. Furthermore, the study complies with relevant Chinese laws on the 

protection of minors and strictly avoids exclusion based on protected characteristics such 

as race, religion, sex, or sexual orientation. Only age and disability were considered as 

justified criteria in relation to study eligibility. 
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The current study received ethical approval from the Education Departmental Research 

Ethics Committee (DREC) at the University of Oxford (Ethics reference: Education 

(Educ) DREC – 1433726). The project is categorised under Approved Procedure 25 as 

outlined by the Central University Research Ethics Committee (CUREC). This procedure 

governs research involving children aged 3 to 16 years, provided that non-invasive 

methods are used and participants are recruited via an organisation, such as a school or 

early years setting. The study fully adhered to the University of Oxford’s regulations and 

policies relating to research involving human participants, personal data, and vulnerable 

groups, ensuring that appropriate safeguards were in place throughout. Overall, the 

ethical approval and relevant materials are shown in Appendix I to L. 

 

4.4.2 Consent and assent 

To secure access and support, I submitted a cover letter to the headteacher of the 

participating kindergarten, outlining the research objectives, methodology, and ethical 

safeguards. The letter clearly described how data would be collected, stored, and 

anonymised, and emphasised the voluntary nature of participation for both children and 

their parents. As a result, the headteacher and teaching staff gave full approval and 

support for the research. Recruitment and data collection were conducted in close 

collaboration with the kindergarten, ensuring that all activities were aligned with the 

school’s safeguarding practices and the children’s everyday routines. 

 

In line with CUREC guidelines, which stress the importance of informed consent and 

age-appropriate assent, the study followed a two-stage consent process. Children were 

introduced to the study using simple, developmentally appropriate language, while 

parents received a physical information sheet and consent form. The information sheet 

clearly outlined the study’s purpose, procedures, data protection measures, and 

participants’ rights. Written informed consent was obtained from parents or legal 

guardians, and oral assent was secured from each child before participation. The 

voluntary nature of participation was emphasised, and children were reminded that they 

could withdraw at any time without consequence. Although no objections were raised 

during the sessions, several children chose to discontinue due to the cognitive demands 

of the task, and their decisions were fully respected. 
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4.4.3 Data Storage 

In line with BERA and CUREC guidelines, I took care to ensure the secure handling and 

storage of personal data. All participant information was anonymised at the point of 

analysis to protect privacy. During the dissertation project period, a fully anonymised 

version of the dataset will be stored in Nexus 365 OneDrive for Business, accessible only 

to the researcher and supervisor. Upon project completion, the data will be transferred to 

the Oxford Research Archive (ORA) for secure long-term storage and potential future 

secondary analysis, in accordance with institutional data management policies. No 

information related to participants’ health, physiological data, financial details, or 

organisational records was collected. 

 

4.5 Travel and fieldwork Risk assessment 

Following the procedures of the Department of Education at the University of Oxford, I 

completed and submitted a comprehensive Travel and Fieldwork Risk Assessment, 

which has been formally approved. Although conducting research outside of Oxford, I 

was working in my home country of China, where I am a native speaker and deeply 

familiar with the local culture, language, and law. This familiarity gives me great 

confidence in navigating the environment safely and respectfully. I remained in regular 

contact with my supervisor and have local emergency support from family. I hold valid 

university travel insurance, and all COVID-19 and public health measures are strictly 

followed. No high-risk activities or politically sensitive topics are involved in this child-

friendly, ethically sound study. 

 

4.6 Statistical analyses 

4.6.1 ToAM and ToM assessment 

The dataset of the final sample (N = 107) proceeded in two stages: descriptive and 

inferential analyses. First, descriptive statistics were calculated to summarise 

participants’ demographic information and overall performance across the ToM, ToAM, 

and selective trust tasks. For the ToM and ToAM assessments, binary scores (1 = correct, 

0 = incorrect) were computed for each of the seven tasks, with total scores ranging from 

0 to 7. These scale scores were treated as continuous variables and described using 

measures of central tendency and dispersion, including the mean and standard deviation. 
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Distribution characteristics were assessed using skewness and kurtosis values, and the 

Shapiro-Wilk test was applied to evaluate the normality of ToAM and ToM score 

distributions.  

 

Further, to examine whether children’s performance on ToAM and ToM tasks was 

influenced by stimulus type (robot versus human), a binary logistic regression analysis 

was conducted (Peng et al., 2002). Logistic regression predicts the probability of a binary 

outcome based on explanatory variables and estimates how a one-unit change in a 

predictor affects the odds of that outcome occurring. In this study, logistic regression 

allowed for the estimation of how the type of stimulus affected the log-odds of producing 

a correct answer. This approach is appropriate for binary outcome variables and estimates 

the probability of a correct response (coded as 1) based on the explanatory variable 

“stimulus.” Specifically, robot Nao was set as the reference category, enabling direct 

comparison with the human condition.  

 

4.6.2 Selective trust  

For the selective trust data, measures including the nomination, endorsement, and 

accuracy questions (coded as 1 = Nao chosen, 0 = human chosen) were summarised 

using proportions across four domains (non-STEM, physical science, life science and 

mathematics) and two conditions (Nao-accurate and Human-accurate). Accordingly, in 

the following analyses, a positive coefficient indicates a greater likelihood of choosing 

the Nao, whereas a negative coefficient indicates a greater likelihood of choosing the 

human. These proportions were further compared against chance (50%) using chi-square 

goodness-of-fit tests. Given the categorical and discrete nature of the data, the chi-square 

test was more appropriate and robust than a one-sample t-test, which requires continuous 

and normally distributed variables. The test was applied within each combination of 

condition and domain, enabling a basic evaluation of children’s trust behaviour in 

relation to the informant’s accuracy and the type of knowledge presented. 

 

Different from the ToAM and ToM assessment, although the response of selective trust 

(the dependent variable) is binary, there exists a random effect of repeated measure since 

we asked the same person three times (three trials) in one domain. Linear mixed model 

(LMM) allows us to calculate the random effect but fails to explore the binary variable. 
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Generalised Linear Model (GLM), such as logistic regression, handles non-normal 

response variables. Thus, combining the effects of LMM and GLM, generalised mixed 

model (GLMM) is applied. GLMMs are an extension of GLMs and are suitable for the 

analysis of non-normal data with a clustered structure (Tuerlinckx et al., 2006). It is 

acceptable to evaluate how condition (Nao-accurate or Human-accurate), information 

domain (non-STEM, physics, life science and mathematics), the scale score of 

ToAM/ToM contribute to children’s selective trust responses.  

 

Prior to analysis, key assumptions of binomial GLMMs were reviewed. First of all, each 

outcome variable (nomination question, endorsement question, and accuracy question) 

was binary and appropriately modelled using a binomial distribution with a logit link. In 

the model developing, a part of the R command “family = binomial” not only specified 

the binomial nature of the outcome, but also set the default with a logic link. Secondly, as 

responses were repeated measures, the data were structured across two levels: multiple 

questions nested within each participant and multiple trials within each domain. Since 

observations from the same participant may be correlated, random effects for participant 

ID and trial were included to account for this dependency. Thus, the models comprised 

both fixed and random effects. Last but not least, checks for multicollinearity and 

overdispersion were conducted for each model, confirming adequate model fit. Detailed 

results are reported in the Appendix E. 

 

Furthermore, pairwise post hoc comparisons were conducted using estimated marginal 

means with Tukey’s adjustment to control the familywise error rate (the probability of 

making a Type I error among a specified group) across multiple domain comparisons 

(Nicholson et al., 2022).  From another angle, Tukey test can compare multiple within-

subject groups and needs equal or near equal sample size in each group (Ryan, 1959). 

Under each condition, participants are informed all four domains of knowledge, resulting 

in an equal group. Tukey test, in this study, controlled Type I errors and was suitable for 

pairwise comparison. 

 

Effect size quantifies the magnitude of a relationship or difference in a standardised way, 

enabling comparisons across studies or experiments. Unlike p-values, which indicate 

whether an effect exists, effect size provides practical significance and insight into the 

strength or importance of the effect (Fritz et al., 2012). R2 is a statistical measure that 
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represents the proportion of variance in the dependent variable which is explained by the 

independent variables (Ozili, 2023). Therefore, the study applied R2 to assess the effect 

size of logistic regression models and GLMMs. For the post-hoc test, one widely used 

effect size is Cohen’s d. It standardises the difference between two means relative to their 

pooled standard deviation (Cohen, 1992). Cohen’s d is a measure of statistical 

performance, with outstanding advantages such as single measure, easy-computered and 

independent of the cutpoint of the test (Hasselblad & Hedges, 1995). Here, outcome is 

binary and using GLMM with binomial family, the model returns log-odds instead of 

automatically returning Cohen’s d. A commonly accepted approximate Cohen’s d is log-

odds ratio divided by 1.81 (Chinn, 2000). Since this approximate calculation is validated 

in several studies (e.g., Salgado, 2018), the current study also applied.  

 

4.6.3 The association between ToAM, ToM and selective trust 

The phi coefficient was used to assess the association between two binary variables 

(Akoglu, 2018). When both variables are coded as 0 and 1, the phi coefficient is 

equivalent to the product-moment correlation coefficient. In fact, a Pearson correlation 

calculated between two binary variables yields the same value as the phi coefficient 

(Guilford, 1936), making phi a straightforward and streamlined alternative. Accordingly, 

this study employed the Pearson correlation test to examine the correlations between the 

ToAM and ToM scales, as well as the individual binary-scored items within each scale. 

 

To address the RQ3, a correlation analysis was conducted to examine how children’s 

ToAM and ToM scores were related to their selective trust in both robots and humans. 

Unlike the phi coefficient matrix, which focused on individual binary-scored items, this 

analysis used total ToAM and ToM scores, which were continuous but not normally 

distributed, along with binary responses from the nomination, endorsement, and accuracy 

questions. A point-biserial correlation was selected as the most appropriate method. This 

statistical approach is a special case of Pearson’s product-moment correlation and is 

suitable when one variable is continuous and the other is dichotomous (Kornbrot). It does 

not require both variables to be normally distributed or to have a linear relationship, 

making it well suited to the characteristics of the current data. 
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Notably, given the developmental nature of ToM and ToAM from ages 3 to 6, as 

demonstrated by Mao et al. (2025), the current study employed partial correlation 

analyses using for both the phi coefficient and point-biserial correlation methods. Partial 

correlation estimates the relationship between two variables while statistically controlling 

for the influence of a third variable (Epskamp & Fried, 2018) — in this case, age. This 

approach was selected to account for age-related variance, which, while developmentally 

important, was not the primary focus of the current study. This adjustment enhances the 

interpretability of the cognitive overlap between ToM, ToAM, and selective trust, 

independent of developmental variability. 
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Chapter 5 Results 

5.1 Descriptive analysis 

5.1.1 ToAM and ToM assessment 

Table 4 displays proportions of correct responses and standard deviations for each of the 

seven tasks on the ToAM and ToM scales. Children’s mean score on the ToAM scale 

was 4.48 (SD = 1.91), while their mean score on the ToM scale was 3.91 (SD = 2.17), 

suggesting an ability to attribute mental states to robots and humans in this sample. 

Shapiro-Wilk tests were performed and revealed that both ToAM (W = 0.91, p < 0.001) 

and ToM scale scores (W = 0.92, p < 0.001) significantly deviated from a normal 

distribution. ToAM displayed slight negative skewness (-0.17) and low kurtosis (-1.28), 

while ToM was symmetric (skewness = 0.00) but also platykurtic (kurtosis = -1.32). 

Although both distributions appear approximately symmetric, the combination of 

statistical significance and low kurtosis values suggests that the variables deviate from 

normality, particularly in terms of their tail distributions. For more details in descriptive 

analysis, see Appendix F and Appendix G. 

 

Specifically, for both scales, largest proportion correctly answered early-developing 

items: Diverse Desires, Diverse Beliefs, and Knowledge Access. Prior evidence 

suggested that most children aged 3 successfully completed the first two items on both 

the ToM and ToAM scales (Wellman & Liu, 2004). By around age 5, children began to 

understand that both humans and robots can hold knowledge states that differ from their 

own (Mao et al., 2025). As items increased in complexity, correct response rates 

decreased. This trend was especially evident in the final three tasks — Explicit False 

Belief, Belief-Emotion, and Real-Apparent Emotion — which require more advanced 

reasoning. Notably, Real-Apparent Emotion had the lowest accuracy in both conditions, 

with a correct response rate of only 0.24 for both ToAM and ToM, indicating that 

children had particular difficulty understanding that an agent (human or robot) might feel 

one emotion while displaying another on face.  

 
Table 4 Mean of correct responses and standard deviations for ToAM and ToM scale and items 

 
correct proportion M SD skewness kurtosis 

ToAM      

Diverse Desires 97.20%     
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Diverse Beliefs 85.05%     

Knowledge Access 77.57%     

Contents False Belief 57.01%     

Explicit False Belief 53.27%     

Belief-Emotion 53.27%     

Real-Apparent Emotion 24.30%     

total  4.48 1.91 -0.17 -1.28 
 

 
  

  

ToM  
  

  

Diverse Desires 76.64%     

Diverse Beliefs 73.83%     

Knowledge Access 64.49%     

Contents False Belief 53.27%     

Explicit False Belief 50.47%     

Belief-Emotion 47.66%     

Real-Apparent Emotion 24.30%     

total  3.91 2.17 0.00 -1.32 

 

5.1.2 Selective trust 

Table 5, Table 6, and Table 7 presented the proportion of choices in three questions. To 

assess whether children’s selective trust significantly deviated from chance (50%) across 

conditions and domains, chi-square goodness-of-fit tests were conducted. This non-

parametric test was used to evaluate whether the observed frequencies of selecting either 

Nao or the human informant differed from an equal 50/50 distribution, which would 

suggest random responding. Appendix H plots the proportion of choosing Nao in each 

measure across domain and condition. 

 

Children’s responses to the nomination question were distinct across domains and 

conditions (see Table 5). In the Nao-accurate condition, children selected Nao 

significantly more often than would be expected by chance across all domains, indicating 

strong preference for the previously accurate informant. In the Human-accurate 

condition, children preferred to ask information from human more than Nao in most 

domains, except for the physical science, where choices did not differ significantly from 

chance (χ² = 0.02, p = 0.877). 

 
Table 5 Response to nomination questions in Nao vs. human informants across domains and conditions 
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Nao-accurate Human-accurate 

Domain Nao human χ2 p-value Nao human χ2 p-value 

Non-STEM  71.90% 28.10% 29.3 <0.001 35.71% 64.29% 13.7 <0.001 

STEM 
  

  
  

  

physics 62.75% 37.25% 9.94 0.002 50.60% 49.40% 0.02 0.877 

life science 74.51% 25.49% 36.8 <0.001 38.10% 61.90% 9.52 0.002 

mathematics 75.82% 25.18% 40.8 <0.001 59.52% 40.48% 6.10 0.014 

Note: All tests were performed with 1 degree of freedom (df = 1).  

 

Chi-square goodness-of-fit tests were conducted to determine whether children’s choices 

on endorsement question differ from chance (see Table 6). In both Nao-accurate and 

Human-accurate conditions, children significantly endorse the accurate informants 

across all four domains. 

 
Table 6 Response to endorsement questions in Nao vs. human informants across domains and conditions 

 
Nao-accurate Human-accurate 

Domain Nao human χ2 p-value Nao human χ2 p-value 

Non-STEM  86.93% 13.07% 83.5 <0.001 22.62% 77.38% 50.4 <0.001 

STEM         

physics 74.51% 25.49% 36.8 <0.001 36.31% 63.69% 12.6 <0.001 

life science 71.24% 28.76% 27.6 <0.001 32.74% 67.26% 20.0 <0.001 

mathematics 72.55% 27.45% 31.1 <0.001 27.98% 72.02% 32.6 <0.001 

 

Table 7 displayed whether children’s judgements on accuracy question deviated from 

random responding. Briefly, in both conditions, children consistently trusted the accurate 

informant, whether Nao or a human, across all information domains. 

 
Table 7 Response to accuracy questions in Nao vs. human informants across domains and conditions 

 
Nao-accurate Human-accurate 

Domain Nao human χ2 p-value Nao human χ2 p-value 

Non-STEM 88.89% 11.11% 92.6 <0.001 27.38% 72.62% 34.4 <0.001 

STEM         

physics 77.12% 22.88% 45.0 <0.001 39.88% 60.12% 6.88 0.009 

life science 75.16% 24.84% 38.8 <0.001 34.52% 65.48% 16.1 <0.001 

mathematics 75.16% 24.84% 38.8 <0.001 27.98% 72.02% 32.6 <0.001 
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5.2 Inferential analysis in ToAM and ToM assessment 

Key assumptions of logistic regression were also addressed (Peng et al., 2002). First, 

although logistic regression does not assume a linear relationship between predictors and 

the outcome, it assumes that any continuous predictors have a linear relationship with the 

logit-transformed outcome. This is a key assumption introduced by the logistic link 

function, which maps the linear combination of predictors onto a probability bounded 

between 0 and 1 (MacKenzie et al., 2018). As the present model did not include 

continuous predictors, this assumption was not applicable. Second, the assumption of 

independent errors was satisfied because each child contributed only one independent 

response and there was no clustering in the data. Finally, multicollinearity was not a 

concern, as the model included only one predictor. Overall, logistic regression was both 

statistically appropriate and theoretically aligned with the study design. Here, Nao is 

served as the reference category. The null model included no predictors, while the full 

model included stimulus type as the sole predictor. 

 

Diverse Desires A logistic regression was conducted to examine the effect of stimulus 

type on children’s performance in the Diverse Desires task. The model including 

stimulus as a predictor provided a significantly better fit to the data than the null model 

(χ²(1) = 22.36, p < .001). With a moderate effect, the regression coefficient was B = -

2.36, with an odds ratio of 0.09, indicating that more children tend to respect Nao’s 

diverse desire, but project their own desire onto the human. 

 

Diverse Beliefs The full model also significantly outperformed the null model (χ²(1) = 

4.16, p = 0.041). The regression coefficient was B = -0.70, with an odds ratio of 0.50. 

This suggests children were half as likely to respond correctly when the informant was a 

human compared to when it was the robot Nao. 

 

Knowledge Access The model including stimulus as a predictor provided a significantly 

better fit than the null model (χ²(1) = 4.48, p = 0.034). The regression coefficient was B 

= -0.64, and the odds ratio was 0.52. This indicates that children are inclined to attribute 

knowledge to Nao rather than the human. 
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Content False Belief The full model did not differ from the null (χ²(1) = 0.30, p = .0582) 

and there was no significant difference between two stimuli on this item. 

 

Explicit False Belief The full model did not significantly improve model fit compared to 

the null model (χ²(1) = 0.17, p = 0.681). Stimulus type did not significantly predict 

performance on this item. 

 

Belief-Emotion The full model did not significantly improve model fit compared to the 

null model (χ²(1) = 0.67, p = 0.412), revealing no significant effect of stimulus. 

 

Real-Apparent Emotion There was no variation in the outcome, and the full model did 

not improve fit compared to the null model (χ²(1) = 0.00, p = 1.00). 

 
Table 8 Logistic regression results predicting children’s performance on ToAM and ToM items 

Model B SE Nagelkerke R2 p-value odds ratio 

Diverse desires -2.36 0.62 0.18 <0.001 0.09 

Diverse beliefs -0.70 0.35 0.03 0.045 0.50 

Knowledge access -0.64 0.30 0.03 0.036 0.52 

Contents false belief -0.15 0.28 <0.01 0.583 0.86 

Explicit false belief -0.11 0.27 <0.01 0.682 0.89 

Belief-emotion -0.22 0.27 <0.01 0.412 0.80 

Real-apparent emotion <0.001 <0.001 0.00 1.00 1.00 

Note: The regression models include stimulus (Nao versus human) as the predictor, enabling analysis of its 

effect on task performance and the distinction between ToAM and ToM. Odds ratios and Nagelkerke R² 

statistics were used to interpret the strength and quality of the model. 

 

5.3 RQ1 and 2: Selective Trust Differences by Agent and Testimony Domain 

5.3.1 Nomination question 

GLMMs were employed to assess how various factors influenced children’s responses to 

the nomination question. Candidate predictors were added stepwise, and models were 

compared using the Bayesian Information Criterion (BIC) and conditional R² as 

indicators of model fit and effect size. All models included random intercepts for 

participant ID and trial to account for repeated measures. The null model (BIC = 

1633.11, R² = 0.00) included no predictors and served as a baseline. Model 1 added the 
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main effect of condition, resulting in a substantial BIC reduction (ΔBIC = -33.44, p < 

0.001; R² = 0.32). However, its explanatory scope was limited due to the inclusion of 

only a single predictor. Model 2 incorporated condition, domain, and their interaction, 

providing a stronger theoretical basis. Although its BIC (ΔBIC = 25.58, p = 0.004) was 

slightly higher than that of Model 1, the improvement in conditional R² (R² = 0.34) 

indicated better overall explanatory power. Model 3 added ToAM scores but showed no 

substantial gain in explanatory value (R² = 0.34), while BIC not significantly increased 

(ΔBIC = 49.72, p = 0.479), reducing model parsimony. The full model, which included 

all main effects and interactions, had the highest R² (R² = 0.35) but the largest BIC 

(ΔBIC = 104.09, p = 0.843), suggesting overfitting. In conclusion, Model 2 was selected 

as the final model as it balanced statistical performance, interpretability, and theoretical 

relevance. The results of each model are presented in Appendix B. 

 

In the selected model 2, condition, domain and their 2-way interaction effect were 

entered with the nomination question response treated as the dependent variable. A 

Type II Wald chi-square test revealed a significant main effect of condition (χ²(1) = 

41.64, p < 0.001), and a significant interaction between condition and domain (χ²(3) = 

17.87, p < 0.001). The main effect of domain was not significant (χ²(3) = 1.64, p = 

0.651). Multicollinearity was assessed using generalised variance inflation factors 

(GVIFs). All adjusted GVIF values were below 3.5, indicating acceptable levels of 

collinearity: condition (1.40), domain (3.32), and the interaction term (3.36). 

Overdispersion was tested using Pearson residuals and revealed no evidence of 

overdispersion (χ²(1274) = 1044.78, p ≈ 1.00) (for the visualisation, see Appendix E). 

These diagnostics indicate that the model fits the data well and meets key assumptions 

for GLMMs. 

 

From the Tukey adjusted post-hoc test, a main effect of condition confirmed that children 

were significantly more likely to trust Nao in the Nao-accurate condition compared to 

the Human-accurate condition (z = 6.65, p < 0.001, d = 0.87). In the Nao-accurate 

condition, children were more likely to choose Nao in the mathematics compared to the 

physical science with a medium-sized effect (z = 2.72, p = 0.033, d = 0.41). In the 

Human-accurate condition, a significant difference was found between the non-STEM 

and physics domains, with children showing more trust in Nao for physics information (z 

= 2.97, p = 0.016, d = 0.39).  
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5.3.2 Endorsement question 

For the endorsement question, a similar model comparison procedure was conducted 

using stepwise GLMMs. The null model (BIC = 1417.00, R² = 0.00) and Model 1, which 

included only condition as a predictor (ΔBIC = -55.02, p < 0.001; R² = 0.56), provided 

limited explanatory power. Model 2, which included condition, domain, and their 

interaction, offered a strong balance between model fit and parsimony (ΔBIC = 13.58, p 

< 0.001; R² = 0.58). Although more complex models slightly increased R², they also 

resulted in higher BIC values, indicating overfitting (model 3: ΔBIC = 42.33, p = 0.060; 

R² = 0.59; full model: ΔBIC = 99.13, p = 0.496; R² = 0.61). Therefore, Model 2 was 

selected as the final model for analysing endorsement behaviours. The results of each 

model are presented in Appendix C. 

 

In the model 2, the main effect of condition (χ²(1) = 64.54, p < 0.001) and the 2-way 

interaction effect (χ²(3) = 24.71, p < 0.001) were significant while there is no significance 

in the main effect of domain (χ²(3) = 3.30, p = 0.347). Multicollinearity diagnostics 

indicated acceptable GVIF values for all predictors (condition = 1.20; domain = 3.27; 

condition × domain = 3.29). An overdispersion test revealed no evidence of 

overdispersion (χ²(1274) = 880.93, p = 1.00), confirming adequate model fit (for the 

visualisation, see Appendix E). 

 

Tukey test found that children were more likely to choose Nao in the Nao-accurate 

condition than in the Human-accurate condition (z = 8.46, p < .0001, d = 1.63), 

indicating a very large effect. Within the Nao-accurate condition, children were 

significantly more likely to trust Nao in the non-STEM domain compared to the life 

science (z = 3.76, p = 0.001, d = 0.67), mathematics (z = 3.46, p = 0.003, d = 0.62), and 

physical science domains (z = 3.04, p = 0.013, d = 0.55). In the Human-accurate 

condition, only an increased likelihood of selecting Nao in the physical science compared 

to the non-STEM domain (z = 3.23, p = 0.007, d = 0.50) detected. Children’s selective 

trust varies by domain, particularly when robots are accurate informants, with reduced 

trust observed in object labelling compared to STEM-related domains. 
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5.3.3 Accuracy question 

GLMMs were employed to assess how various factors influenced children’s responses to 

the accuracy question. The null model contained no predictors (BIC = 1332.36, R² = 

0.00). Model 1 added the main effect of condition and substantially improved fit, though 

it explained no additional variance (ΔBIC = -46.54, p < 0.001; R² = 0.00). Model 2 

introduced condition, domain, and their interaction. Although its BIC increased slightly, 

it accounted for substantially more variance (ΔBIC = 13.80, p < 0.001; R² = 0.65). Model 

3 and the full model did not improve R² beyond 0.65 and exhibited non-significant higher 

BIC values (model 3: ΔBIC = 42.97, p = 0.074; full model: ΔBIC =95.78, p = 0.282), 

suggesting overfitting. Therefore, Model 2 was selected as the final model for analysing 

accuracy judgements. The results of each model are presented in Appendix D. 

 

A Type II Wald chi-square test revealed significant main effect of condition (χ²(1) = 

51.77, p < 0.001) and interaction effect (χ²(3) = 20.17, p < 0.001). The main effect of 

domain showed no significance (χ²(3) = 6.45, p = 0.092). All adjusted GVIF values 

showed acceptable levels of multicollinearity: condition (1.16), domain (3.30), and 

condition × domain (3.32). Overdispersion was also assessed, with a non-significant 

result (χ²(1274) = 831.96, p = 1.00), suggesting no evidence of overdispersion (for the 

visualisation, see Appendix E).  

 

Tukey test revealed that children are significantly more likely to identify Nao as the more 

accurate informant in the Nao-accurate condition with a very large effect size (z = 7.57, 

p < .0001, d = 1.79). Precisely, within the Nao-accurate condition, children were 

significantly inclined to trust Nao in the non-STEM domain compared to the life science 

(z = 3.41, p = 0.004, d = 0.67), mathematics (z = 3.42, p = 0.004, d = 0.67), and physical 

science domains (z = 2.99, p = 0.015, d = 0.59). Within the Human-accurate condition, 

the significant contrasts were between the physical science and both the mathematics (z 

= 2.85, p = .023, d = 0.46) and the non-STEM domain (z = 2.99, p = 0.015, d = 0.49), 

suggesting children were less likely to judge the human as accurate in the physical 

science. These findings support the view that children’s accuracy judgements are 

influenced not only by who is accurate but also by the domain of information presented, 

with reduced trust in the informant (robot or human) within the physical science domain. 
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5.3.4 The pattern of selective trust 

GLMMs and Post hoc analyses, alongside predicted probability plots shown in Figure 7, 

found consistent and interpretable patterns across the nomination, endorsement and 

accuracy questions. Across all three measures and four domains, children were 

significantly more likely to trust Nao in the Nao-accurate condition compared to the 

Human-accurate condition (ps < 0.001), with predicted probabilities (see Figure 7) 

showing a strong downward shift from Nao-accurate condition to Human-accurate 

condition. This highlighted that children reliably tracked the prior accuracy of informants 

when making a decision about trustworthiness. 

 

The plots further illustrated domain-specific differences, particularly between non-STEM 

and physical science domains. For the endorsement and accuracy questions, children’s 

trust in Nao was especially strong in the object labelling under the Nao-accurate 

condition. They kept trusting Nao in three questions. Conversely, under the Human-

accurate condition, children generally preferred the human informant, which was most 

notable in the non-STEM domain. Trust in the life and physical science remained more 

equally balanced. Though Tukey comparisons revealed fewer domain contrasts, 

compared to the physics, human were recognised as more trustworthy in the non-STEM 

object labelling across three questions. This might demonstrate heightened sensitivity to 

informant reliability when the task involves simpler, more familiar content that requires 

lower cognitive demands. Notably, even in the Human-accurate condition, while most 

children tended to endorse the human and view them as the accurate informant, some still 

chose to ask Nao for information, particularly regarding physical science content. Based 

on the descriptive analysis, however, children’s responses to the nomination question in 

the physical domain did not significantly differ from chance, indicating difficulty in 

making a clear decision. 
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Figure 7 Predicted probabilities of choosing Nao for the nomination, endorsement, and accuracy questions. 

Note: From the left to right, panels show predicted probabilities of choosing Nao across conditions for the 

nomination, endorsement, and accuracy questions. Lines represent three domains, and shaded areas 

indicate 95% confidence intervals. Downward slopes across panels reflect decreased trust in Nao when the 

human informant is accurate, highlighting condition and domain effects in children’s selective trust. 

 

5.4 RQ3: The association between ToAM, ToAM and selective trust  

This section focuses on RQ3 and corresponding hypothesis. First of all, to examine the 

potential inter-item relationships within the ToM and ToAM assessments, a partial 

correlation matrix was computed and visualised as a heat map (see Figure 8). This 

analysis accounts for the potential confounding effect of age on performance, providing a 

more precise assessment of the cognitive overlap between ToM and ToAM. Correlations 

among early-emerging tasks such as Diverse Desires and Diverse Beliefs were weak and 

mostly non-significant, suggesting minimal correspondence between ToM and ToAM 

reasoning at foundational developmental levels. The tasks in the assessment were 

structured in a developmental progression, beginning with simpler concepts such as 

desires and beliefs, and advancing to more complex tasks involving Knowledge Access, 

False Belief, Belief-Emotion, and ultimately Real-Apparent Emotion. However, 

significant associations began to emerge at intermediate levels of difficulty. Knowledge 

Access (ToM) was not only significantly correlated with the corresponding ToAM item 

but also associated with the other three items. Moreover, the strongest correlations 

appeared among items probing more a more advanced developmental level. Explicit 

False Belief, Belief-Emotion, and Real-Apparent Emotion in ToAM were each 

significantly associated with their ToM counterparts. Besides, the total scale score of 

ToAM and ToM are strongly associated (r = 0.80, p < 0.001). These findings 

demonstrated an increasing convergence between ToM and ToAM performance as 

cognitive demands grow, supporting the view that more advanced reasoning about robot-

focused ToAM relies on similar meta-representational capacities as human-oriented 

ToM. 

 

Secondly, the Point-Biserial correlation with age as a covariate was conducted to explore 

the association between ToAM/ToM and selective trust due to its interpretability and 

widespread use for binary × continuous comparisons. Correlation tests were computed 

separately for the Nao-accurate and Human-accurate conditions. The correlation was 
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exhibited in Figure 9. In the Nao-accurate condition, several small but statistically 

significant negative correlations were detected. ToM scores were negatively associated 

with the nomination (r = -0.10, p < 0.05), endorsement (r = -0.16, p < 0.001) and 

accuracy questions (r = -0.18, p < 0.001). Similarly, ToAM scores were also negatively 

correlated with all three selective trust measures, including nomination (r = -0.10, p < 

0.01), endorsement (r = -0.13, p < 0.001), and accuracy questions (r = -0.14, p < 0.001). 

Although the correlations were relatively weak, these results still revealed that children 

with higher ToAM or ToM scores were somewhat less likely to trust the robot, even 

when the robot had been perfectly accurate. On the contrary, when the human informant 

was much more accurate, all correlations between ToAM and ToM scale scores and trust 

measures were near zero and statistically non-significant. In brief, neither scale showed a 

clear association with selective trust under the Human-accurate condition. 

 

Overall, most items in the ToM scale showed significant correlations with their ToAM 

counterparts, with the exception of the early-developing tasks of Diverse Desires and 

Diverse Beliefs. The correlations were generally medium to strong and statistically 

significant. While ToAM and ToM were closely related, their associations with selective 

trust were more complex. In the Nao-accurate condition, small but statistically 

significant negative correlations emerged between children’s ToM and ToAM scores and 

their selective trust measures. This indicated that children with stronger mental state 

attributing were slightly less likely to trust the robot, despite its prior accuracy. In 

contrast, in the Human-accurate condition, few meaningful associations were observed. 

No medium or large effect sizes were found in either condition. 



 53 

 
Figure 8 The associations between ToM and ToAM 

Note: Associations between ToM and ToAM were examined across tasks ordered from developmentally 

simpler (e.g., Diverse Desires) to more complex levels of reasoning (e.g., Real-Apparent Emotion). Heat 

map of the phi (𝜙) correlations. The phi coefficient ranges from -1 to +1, where red indicates a positive 

correlation (with darker red reflecting stronger associations) and blue indicates a negative correlation.  

* p < 0.05; ** p < 0.01; *** p < 0.001. This significance notation is applied consistently in all subsequent 

figures and tables. 
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Figure 9 The associations between ToM/ToAM and selective trust 

Note: Associations between ToM and ToAM beliefs and children’s responses to accuracy, endorsement, 

and nomination questions, controlling for age, by condition. Correlation values are reported as Pearson’s r, 

as the point-biserial correlation is mathematically equivalent to Pearson’s product-moment correlation 

when one variable is continuous, and the other is discrete. 
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Chapter 6 Discussion 

6.1 Findings and interpretations 

This study aimed to bridge existing research gaps by investigating how 107 Chinese 

preschool children aged 4 to 6 (1) selectively trusted human and robotic informants 

(specifically, a humanoid robot called Nao) across four knowledge domains: non-STEM 

object labelling, physical science, life science, and mathematics (STEM), and (2) ToM, 

ToAM and selective trust were associated. Three research questions were posed: To what 

extent do children’s selective trust in robots and humans differ (RQ1)? How does the 

domain of testimony (non-STEM versus STEM) influence children’s selective trust 

(RQ2)? Do ToAM and ToM relate to children’s selective trust in robot and human 

informants (RQ3)? 

 

Using a conflicting informants paradigm, children were randomly assigned to a condition 

in which either the robot or the human consistently provided accurate information. 

Measures of selective trust included children’s preferences for whom to ask for 

information, whose answers to endorse, and whom they judged as more accurate when 

learning both non-STEM (object labels) and STEM (physics, life science, and 

mathematics) information. Moreover, standardised assessments of ToM and ToAM were 

conducted using validated scales. These measures were used to examine the extent to 

which children’s mentalisation on humans and robots influenced their selective trust. The 

findings provided new insights into children’s interpretation about informant reliability 

across different knowledge domains and revealed important associations between mental 

state reasoning and trust. The main results are presented and discussed in the following 

sections. 

 

6.1.1 RQ1: Children rely on prior accuracy to trust both robots and humans 

As I hypothesised (H1), it was clear that children aged 4 to 6 detected and drew on the 

informants’ prior accuracy when deciding whether to trust robot or human informants. 

When the robot Nao was entirely accurate during the familiarisation phase, children were 

significantly more likely to seek information from Nao, endorse its testimony, and 

evaluate it as a reliable source in the test phase. Likewise, when the human informant 

was accurate, children were more inclined to nominate, endorse, and trust the human 
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over the robot. This pattern was consistent across both non-STEM and STEM domains, 

indicating that children preferred to trust the informant with a history of accuracy 

regardless of the agent’s identity. Children’s selective trust behaviour closely resembles 

the trust patterns previously observed in studies involving only human informants 

(Corriveau & Harris, 2009; Koenig et al., 2004; Koenig & Harris, 2005). Moreover, the 

present findings align with prior research on selective trust in robots (Baumann et al., 

2023; Brink & Wellman, 2020; Chen et al., 2024; Geiskkovitch et al., 2019) and other AI 

agents such as DVAs (Girouard-Hallam & Danovitch, 2022; Li et al., 2023). Whether 

informants are humans or novel AI agents, preschool children tended to rely on epistemic 

cues, prior accuracy in particular, to trust them and their information. 

 

A noteworthy methodological similarity across these studies is the consistent use of the 

humanoid robot Nao as the informant (e.g., Brink & Wellman, 2020; Li & Yow, 2023). 

Across different contexts, children were more likely to trust the informant who had 

demonstrated prior accuracy, regardless of whether that informant was Nao or a human. 

In contrast, however, Brink and Wellman (2020) found that when non-humanoid 

machines (inanimate and blob-like) were used as informants, children’s selective trust 

approached chance level (50%), suggesting that epistemic cues alone may be insufficient 

in the absence of human-like features. Moreover, although DVAs lack humanoid 

embodiment, their human-like voices and verbal interactivity continue to elicit 

considerable trust from young children (Li et al., 2023). In summary, preschool children 

are capable of selectively trusting both human and robotic informants with prior 

accuracy. However, this capacity appears to depend on the presence of human-like cues, 

such as a humanoid appearance or interactive audio features. 

 

Overall, while the findings confirm H1 that children rely on prior accuracy to guide their 

trust in both human and robotic informants, from previous evidence, this trust criterion 

appears to be impacted by the human-like cues in robots. The consistent use of humanoid 

robots such as Nao across studies, including the present one, indicated that children are 

more willing to apply selective trust strategies when the robotic agent exhibits familiar 

social cues — such as a face, interactive audio, or bodily orientation. This principle was 

also reflected in ToAM abilities. Banks (2020) revealed that adults attributed mental 

states to robots (also using Nao) only when it displayed social cues such as engaging in 

social interactions. In contrast, when robots lack these social cues, children’s selective 
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trust become less strategic and may revert to chance (Brink & Wellman, 2020). 

Consequently, selective trust in robots is not merely an assessment of epistemic cues but 

also shaped by the social cues that the robot conveys. 

 

6.1.2 RQ2: Domain-Specific trust with uncertainty in the physical domain 

Hypothesis 2 predicted that children would be more likely to trust the robot in STEM 

domains and the human in the non-STEM domain, reflecting domain-specific trust 

preferences. However, this hypothesis was not fully supported by the findings. Children 

consistently trust accurate informants in non-STEM domain across two conditions, but 

nominate and endorse Nao, and trust its information in the physical domain (e.g., ice 

cube melting, sinking and floating) when the human is accurate. 

 

Preschool-aged children did not apply a generalised rule such as “robots are STEM 

experts” and “humans are everyday knowledge experts,” which can be considered the 

expertise in epistemic cues.  Specifically, in the non-STEM object-labelling tasks 

involving familiar and novel items (e.g., “cup” and “kaka”), children aged 4 to 6 were 

significantly more likely to endorse the robot’s responses and judge it as trustworthy in 

the Nao-accurate condition than in the Human-accurate condition. Similarly, in the 

Human-accurate condition, they consistently nominated, endorsed, and evaluated the 

human as the more credible source for object labels. These findings contrast with prior 

research suggesting that children tend to prefer robots for mechanical or physical 

knowledge and humans for psychological or biological information (Oranç & Küntay, 

2020). One possible explanation is that non-STEM tasks were more familiar and 

cognitively accessible, requiring less abstract reasoning. This may have enabled children 

to apply prior accuracy cues more confidently (Pasquini et al., 2007). In contrast, the 

abstract and counterintuitive nature of STEM content may make it more difficult for 

children to evaluate the plausibility of information, resulting in less consistent trust. 

 

Interestingly, despite recognising the human informant’s accuracy, children sometimes 

still preferred to consult Nao for physical knowledge. Specially, in the Human-accurate 

condition, while most children endorsed the human and judged them as the more accurate 

informant across the four domains, some favoured asking Nao for physical knowledge. 

Children showed significantly lower trust in the human informant when responding to 
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physical science (e.g., novel object floats or sinks in the water) tasks compared with non-

STEM content (e.g., the label of novel object), across nomination, endorsement, and 

accuracy questions. However, their responses to the nomination question in the physical 

science domain did not significantly differ from chance, suggesting possible uncertainty 

in decision-making when faced with more cognitively demanding content and potentially 

less reliability of comparison between two informants. Similar findings were reported by 

Danovitch et al. (2023), who employed an identical materials for non-STEM information 

in the familiarisation phase and STEM information in both familiarisation and test 

phases. Their study showed that children aged 4 and 5 trusted and transmitted both non-

STEM and STEM information from an accurate human informant but were significantly 

more likely to transmit physical than mathematical knowledge. Physical concepts may be 

particularly challenging for preschoolers to grasp, despite being part of national curricula 

(Valovičová et al., 2020). This difficulty arises because physical phenomena often 

involve abstract or invisible mechanisms, such as force or density, which are less 

intuitively understood than observable traits. While children can perform simple 

experiments such as sinking and floating, they often lack understanding of the underlying 

principles and struggle to generalise this knowledge to novel concepts, such as unfamiliar 

red objects used in the current study. Their chance-level responses in the nomination 

question suggest confusion or uncertainty when reasoning about abstract physical 

content. 

 

The current study, conducted in China, reflected broader issues in early physics 

education. Compared to life science and mathematics, physics is less emphasised in 

Chinese kindergartens. Children often engage with animals and participate in counting 

tasks to support biological and mathematical learning, but exposure to physics is 

relatively rare. Although some kindergartens include physics-themed activities, these 

often lack conceptual explanation. For instance, while children enjoy building shadow 

patterns with multiple materials (e.g., wood, lamp), they are not taught why shadow sizes 

differ with the light changing. Furthermore, many Chinese preschool teachers report low 

confidence in delivering physics content, outlining inadequate training and teaching 

resources. Teachers always avoid having physics classes in public due to the lack of 

scientific instructions. Conversely, successful education depends not just on the resource 

but on how it is framed and communicated in dialogue with the child. Fridberg et al. 

(2019) highlighted that intersubjective communication, which is the teacher’s ability to 
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align their explanations with children’s perspectives, is key to effective physics teaching. 

Teachers’ lack of content knowledge is an obstacle reported in the implementation of 

early education programmes in physical science (Roehrig et al., 2011). 

 

6.1.3 RQ3: The association between ToM, ToAM and selective trust varies 

across conditions 

First, controlling for the effect of age, partial phi correlation demonstrated that ToAM is 

not simply a mirror of ToM but rather a parallel construct with domain-specific 

variances. Most ToM items significantly correlated with their ToAM counterparts, except 

for early-emerging components like Diverse Desires and Diverse Beliefs. Logistic 

regression further supported these patterns, revealing that children were significantly 

more likely to respect Nao’s diverse desires and beliefs and attribute knowledge to Nao 

rather than to a human. These results align with Mao et al (2025), who found that 

children aged 3 to 6 were more likely to project their own beliefs and knowledge onto 

peers than onto robots. Extending these findings to the selective trust research, children’s 

greater attribution of knowledge to robots may support their willingness to accept 

testimony from them. In the current study, children consistently showed a preference for 

the robot informant in the physical science for nomination, even when the human 

informant was entirely accurate. This noted a robust trust in the robot’s knowledge and 

belief states. This conceptual extension lends theoretical support to H3 — that children 

with higher ToAM scores would be more likely to trust the robot, while those with higher 

ToM scores would be more likely to trust the human informant — but this positive 

relationship requires statistical validation. 

 

Point-Biserial correlation with age as a covariate was conducted to explore the 

association between ToAM/ToM and selective trust, yet revealing results against H3. 

The ToM and ToAM scores were weakly but significantly negatively associated with 

trust across all measures in the Nao-accurate condition, suggesting that children with 

stronger cognitive attributions were more cautious about trusting robots. Conversely, in 

the Human-accurate condition, correlations between ToM/ToAM and trust were non-

significant, specifying that children’s selective trust in the human informant was not 

shaped by their mentalising skills. All correlations were weak (below 0.2), no moderate 

or strong associations were identified in either condition.  
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On the one hand, there existed a negative relationship between ToAM/ToM and selective 

trust when robot Nao was consistently correct. Such negative patterns were also detected 

in one empirical study using the Trust Game (Di Dio et al., 2020) and one meta-analysis 

reviewing children’s trust in social robots (Stower et al., 2021). Di Dio et al. (2020) 

found that children with higher ToM and ToAM were more sceptical and showed less 

willingness to rely on Nao during a Trust Game. Again, from the meta-analysis, it was 

clear that children may grow emotionally attached to robots without necessarily trusting 

their knowledge or testimony (Stower et al., 2021). This implied that mature cognitive 

functions may not lead to greater selective trust, but rather enable children to distinguish 

between social cues (e.g., friendliness, likeness) and epistemic cues (e.g., reliability, 

competency). Children with stronger mentalising abilities might adopt a more evaluative 

or critical stance, reflecting increased epistemic vigilance. This enhanced vigilance could 

lead them to scrutinise non-human agents more carefully, questioning their reliability 

even when they perform accurately.  

 

On the other hand, both ToM and ToAM were not significantly related to selective trust 

when the human was accurate, showing a neutral perspective. Previous studies indicated 

that the relationship between ToM and selective trust in human may be swayed by 

socioeconomic status and inhibitory control, which are not accounted for in the present 

study. The participants in my study were exclusively from middle-class urban areas, and 

no data on their inhibitory control levels were collected. Souza et al. (2021), for example, 

found that although middle-class children demonstrated more advanced ToM and 

vocabulary skills, their selective trust performance was paradoxically lower than their 

lower-class peers, suggesting that cognitive development does not always translate into 

optimal epistemic reasoning. Therefore, it is possible that the homogeneous middle-class 

background of my sample reduce the potential variability in selective trust that ToM or 

ToAM might otherwise relate. Since adults represent a familiar and consistently reliable 

source of information in children’s everyday lives, children may more easily access and 

apply prior accuracy about adult credibility, making trust in human informants less 

dependent on cognitive abilities such as ToM or ToAM. 

 

In addition to this work, only one study to date has simultaneously examined how 

children mentalise both AI and human informants in relation to their selective trust. 
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Girouard-Hallam and Danovitch (2022) found that children’s (from upper middle-class 

families) MSA to DVAs and humans (e.g., “Can [informant] think?”, “Can [informant] 

learn things?”) were generally not predictive of their selective trust in either type of 

agent, with the exception of pedagogical capacity (i.e., “Can [informant] teach you 

things?”). Combing with my findings, selective trust in AI agents versus humans 

appeared more cue-based (social and epistemic cues) than mentalisation-based (mental 

states). More broadly, ToM and ToAM (as well as inhibitory control) are all cognitive 

capacities that reflect the sophistication of children’s cognitive development. Crucially, 

children with more advanced cognitive capacities may treat AI agents with increased 

scepticism and caution, indicating an emerging epistemic maturity. Rather than accepting 

technological agents uncritically, these children demonstrate a capacity to evaluate their 

reliability thoughtfully. This is a promising indication that, within rapid advancement and 

growing societal enthusiasm for AI, the next generation are equipped to engage with such 

agents critically and objectively, maintaining a discerning mindset. 

 

6.2 Implications of the study 

The findings of this study have important implications for multiple stakeholders engaged 

in child development, AI in education, and curriculum design. 

 

For the practitioners in different fields, early childhood educators could be made aware 

of preschool-aged children’s STEM learning, especially physics. Children possibly find 

difficulties in understanding abstract physics-related knowledge. In addition to the hands-

on experiments and long-time observations, teachers could be made aware of elementary 

principles and master how to explain them to children with child-friendly language, 

helping children transmit knowledge to the close concepts. Moreover, it is essential to 

build AI literacy through guided interaction from early childhood as they are the digital 

natives. Teachers can scaffold children’s understanding of robots not only as tools, but as 

informants whose knowledge is context-dependent. If it is possible, headteachers could 

introduce authentic robots or other AI agents in the daily activities, making it accessible 

for children to have closer emotional bond with robots and deepen their epistemic 

understanding.  
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For robotic designers, this study underscores the importance of creating child-friendly 

robots that align with children’s developmental expectations and domain-specific trust. 

In STEM learning contexts, robots could be programmed to provide clear, age-

appropriate explanations that support inquiry and critical thinking. Designers could also 

consider incorporating subtle social cues such as gaze, gesture, and voice tone.  

 

For the policymakers, as digital technologies become more embedded in early childhood, 

policymakers play a key role in guiding ethical and developmentally appropriate 

practices. This study highlights the potential for robots to serve as instructional aids in 

STEM education. Policymakers could intend to support pilot programmes that 

responsibly introduce robots in early childhood classrooms. Further, given that ToAM 

and trust development may vary with age, culture, and socioeconomic status, efforts must 

ensure that AI-based learning tools are inclusive, culturally relevant, and accessible. 

Most importantly, there is a need for national or regional curricula to explicitly include 

early AI literacy, not only technical familiarity, but also critical thinking about artificial 

agents as knowledge sources. 

 

6.3 Limitations and future directions 

6.3.1 Limitations 

While this study offers novel insights, some limitations are acknowledged. Firstly, the 

study included a sample with a relatively narrow age range (4 to 6 years) and set age as a 

covariate. While this age group was appropriate for examining early ToM and ToAM 

development, it limits the generalisability of findings to other developmental stages. A 

longitudinal or broader age-range design which focuses on the age difference could 

reveal how selective trust, ToM, and ToAM evolve over time and interact across 

developmental trajectories. Second, the range of covariates considered when evaluating 

the association between ToM, ToAM, and selective trust. Prior research has shown that 

both socioeconomic background and inhibitory control can significantly impact the 

relationship between ToM and selective trust (Crivello et al., 2021; Souza et al., 2021). 

This research only included children from middle-class families and did not evaluate 

their inhibitory control. By omitting these variables, the current study may not fully 

account for the complexity of the relationship between ToM/ToAM and selective trust. 

Third, the study’s sample was drawn exclusively from China, which may limit the 
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generalisability of the findings across different socio-cultural contexts. Cross-cultural 

studies showed that while Western children typically understand false beliefs before 

knowledge access, Asian children often grasp knowledge access earlier (Wellman, 2017). 

Future research could include diverse cultural samples to investigate whether similar 

findings hold across contexts. 

 

6.3.2 Future directions 

Building on the current findings, several directions for future research are recommended. 

This study can be meaningfully extended to diverse cultural contexts. First, this study 

focused on a humanoid robot (Nao), but children interact with other AI agents, such as 

DVAs (e.g., Alexa), chatbots, or non-humanoid robots. Future research is recommended 

to examine whether and how children’s selective trust generalises across different AI 

modalities and how it compares to their trust in humans. Second, future studies could 

broaden the range of information domains. While this research focused on STEM and 

non-STEM object labelling, children routinely encounter other kinds of testimony, such 

as personal, moral, or historical information. As children are more likely to forgive 

robots’ errors while perceiving humans’ errors as intentional (Stower et al., 2024), they 

may prefer to trust robots when it comes to moral norms. 

 

6.4 Conclusion 

In conclusion, this dissertation investigated how 107 Chinese children aged 4 to 6 

selectively trust human and robotic informants (specifically the humanoid robot Nao) 

across STEM domains (physics, life science, and mathematics) and a non-STEM domain 

(object labelling), with particular attention to the roles of ToM and ToAM. Employing a 

conflicting informants paradigm, the study examined children’s responses to nomination, 

endorsement, and accuracy questions, alongside standardised ToM and ToAM 

assessments. Findings showed that although children’s trust patterns varied by domain 

and informant accuracy, they generally relied on prior accuracy when deciding whom to 

trust, especially in the non-STEM domain. Interestingly, in the physical science domain, 

children exhibited uncertainty: they tended to nominate inaccurate robots yet endorsed 

accurate human responses. Furthermore, in the Nao-accurate condition, both ToM and 

ToAM scores were negatively associated with selective trust, whereas these associations 
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were non-significant in the Human-accurate condition. These results advance our 

understanding of how young children navigate AI-integrated learning environments and 

assess accuracy of information and reliability of informants. Importantly, the findings 

underscore children’s emerging sane awareness in evaluating AI agents. Based on these 

insights, practitioners and policymakers are encouraged to strengthen early physics 

education and support digital literacy through thoughtful integration of educational 

technologies, with robots being a possible candidate. 
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Appendix A 

The procedure and result of power analysis 

To evaluate the appropriate sample size required to detect statistically meaningful findings, a 

simulation-based power analysis was conducted using the simr package in R. The target 

model was a generalised linear mixed-effects model (GLMM) predicting a binary outcome 

(i.e., choosing NAO or the human) with fixed effects for condition, domain, and their 

interaction, and random intercepts for participant ID and trial. For example, the model 

structure for the nomination question was specified as: 

 

nomination_question ~ condition * domain + (1 | id) + (1 | trial). 

 

The parameter of interest was the model-based interaction term condition × domain. Under 

each condition (Nao-accurate and Human-accurate), every child was presented with 

information from four domains, with each domain comprising three trials, resulting in a total 

of twelve observations per participant. A large effect size (log-odds = 0.80) was manually 

imposed on the interaction coefficient to simulate a conservative but meaningful difference. 

An initial sample size of 100 participants (each completing 12 trials, totalling 1200 

observations) was tested. The simulation was run across 100 iterations using a z-test. The 

resulting estimated power was 48% (95% CI [37.90%, 58.22%]), indicating that the current 

sample size was insufficient to reliably detect a large interaction effect. Considering potential 

attrition, the study initially recruited 120 children aged 4 to 6 years. Ultimately, 107 children 

fully participated in both two sessions. 
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Appendix B 

Table Fixed and interaction effect in GLMMs for the nomination question 

 BIC conditional R² χ² df p-value 

Null model 1633.11 0.00    
      

Model 1 1599.67 0.32    

condition   44.49 1 <0.001*** 
      

Model 2 1623.25 0.34    

condition   41.64 1 <0.001*** 

domain   1.64 3 0.651 

condition × domain   17.87 3 <0.001*** 
      

Model 3 1672.97 0.34    

condition   38.02 1 <0.001*** 

domain   1.62 3 0.656 

ToAM   1.60 1 0.206 

condition × domain   18.62 3 <0.001*** 

condition × ToAM   1.19 1 0.275 

domain × ToAM   1.77 3 0.620 

condition × domain × ToAM   2.92 3 0.404 
      

Full model 1777.06 0.35    

condition   37.97 1 <0.001*** 

domain   1.67 3 0.644 

ToM   0.86 1 0.353 

ToAM   <0.01 1 0.986 

condition × domain   18.36 3 <0.001*** 

condition × ToM   0.03 1 0.863 

domain × ToM   2.39 3 0.495 

condition × ToAM   0.37 1 0.544 

domain × ToAM   0.98 3 0.805 

ToM × ToAM   <0.01 1 0.936 

condition × domain × ToM   0.19 3 0.978 

condition × domain × ToAM   1.37 3 0.712 

condition × ToM × ToAM   0.47 1 0.491 

domain × ToM × ToAM   2.65 3 0.448 

condition × domain × ToM × ToAM  3.25 3 0.355 
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Appendix C 

Table Fixed and interaction effect in GLMMs for the endorsement question 

  BIC conditional R² χ² df p-value 

Null model 1417.00 0.00    
      
Model 1 1361.98 0.56    

condition   71.21 1 <0.001*** 
      
Model 2 1375.56 0.58    

condition   65.54 1 <0.001*** 

domain   3.30 3 0.347 

condition × domain   24.71 3 <0.001*** 
      
Model 3 1417.89 0.59    

condition   61.51 1 <0.001*** 

domain   3.50 3 0.321 

ToAM   0.66 1 0.415 

condition × domain   25.05 3 <0.001*** 

condition × ToAM   1.98 1 0.159 

domain × ToAM   8.94 3 0.030* 

condition × domain × ToAM   3.06 3 0.383 
      
Full model 1517.02 0.61    

condition   54.48 1 <0.001*** 

domain   3.00 3 0.392 

ToM   1.05 1 0.305 

ToAM   0.30 1 0.582 

condition × domain   22.97 3 <0.001*** 

condition × ToM   0.62 1 0.432 

domain × ToM   1.59 3 0.662 

condition × ToAM   0.10 1 0.749 

domain × ToAM   0.19 3 0.978 

ToM × ToAM   0.37 1 0.544 

condition × domain × ToM   4.55 3 0.208 

condition × domain × ToAM   0.66 3 0.883 

condition × ToM × ToAM   1.75 1 0.186 

domain × ToM × ToAM   1.26 3 0.738 

condition × domain × ToM × ToAM   2.80 3 0.424 
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Appendix D 

Table Fixed and interaction effect in GLMMs for the accuracy question. 

  BIC conditional R² χ² df p-value 

Null model 1332.36 0.00    
      
Model 1 1285.82 0.00    

condition   56.86 1 <0.001*** 
      
Model 2 1299.62 0.65    

condition   51.77 1 <0.001*** 

domain   6.45 3 0.092 

condition × domain   20.17 3 <0.001*** 
      
Model 3 1342.58 0.65    

condition   48.90 1 <0.001*** 

domain   6.61 3 0.085 

ToAM   0.10 1 0.758 

condition × domain   20.39 3 <0.001*** 

condition × ToAM   2.64 1 0.104 

domain × ToAM   2.82 3 0.420 

condition × domain × ToAM   6.52 3 0.089 
      
Full model 1312.2 0.65    

condition   46.39 1 <0.001*** 

domain   5.68 3 0.128 

ToM   1.81 1 0.179 

ToAM   1.17 1 0.280 

condition × domain   22.85 3 <0.001*** 

condition × ToM   0.85 1 0.355 

domain × ToM   0.73 3 0.867 

condition × ToAM   0.11 1 0.738 

domain × ToAM   0.03 3 0.998 

ToM × ToAM   0.37 1 0.542 

condition × domain × ToM   0.15 3 0.985 

condition × domain × ToAM   1.68 3 0.642 

condition × ToM × ToAM   3.68 1 0.055 

domain × ToM × ToAM   5.36 3 0.148 

condition × domain × ToM × ToAM   3.60 3 0.308 
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Appendix E 

To evaluate the assumption of appropriate dispersion in the GLMM for the nomination, 

endorsement and accuracy question, a plot of Pearson residuals versus fitted values was 

generated. In the present plot, the residuals are clustered and symmetrically distributed 

around the upper and lower bounds, with no obvious fanning or curvature. The absence of a 

funnel shape or vertical banding indicates that overdispersion is not evident, which is 

consistent with the numeric overdispersion test 
Figure E1 – E3 Overdispersion diagnostics for GLMMs 
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Appendix F 

Table F1 Thorough descriptive analyses of ToAM and ToM scales 

Scale M SD median trimmed mad min max range skewness kurtosis SE 

ToAM 4.48 1.91 5 4.53 2.97 1 7 6 -0.17 -1.28 0.18 

ToM 3.91 2.17 4 3.93 2.97 0 7 7 0 -1.32 0.21 

 

Descriptive statistics were computed to summarise the distributions of children’s ToAM and 

ToM scale scores. The mean ToAM score was 4.48 (SD = 1.91), indicating that, on average, 

children performed relatively well on the ToAM tasks. The median score was 5, with a 

trimmed mean of 4.53, suggesting that the distribution was not strongly affected by outliers. 

The median absolute deviation (MAD) was 2.97, reflecting moderate variability around the 

median. ToAM scores ranged from 1 to 7, with a skewness of -0.17 and kurtosis of -1.28, 

indicating a slightly left-skewed. The standard error (SE) was 0.18, suggesting a precise 

estimate of the mean. Similarly, ToM scores showed a mean of 3.91 (SD = 2.17), with a 

median of 4 and a trimmed mean of 3.93. The MAD was also 2.97. Scores ranged from 0 to 

7, with a skewness of 0, indicating a symmetrical distribution, and kurtosis of -1.32, again 

pointing to a relatively flat shape. The SE was 0.21.  

 

Overall, both ToAM and ToM showed moderate variability, with slightly a lower peak and 

wide tails compared with a normal distribution, and only minimal skew. These metrics 

collectively provide a comprehensive understanding of the distributional properties of 

children’s performance on both cognitive constructs. 

 

 
Figure F1 Percentage histogram of ToAM and ToM scale score with density curve 
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Appendix G 

Correlation Matrix For Key Variables 

Correlation analysis was conducted to examine the associations among the key variables in 

the study, including ToM, ToAM, children’s responses to the selective trust tasks 

(nomination question, endorsement question, and accuracy question), age, condition (Nao-

accurate and Human-accurate), and domain (non-STEM, physical science, life science and 

mathematics). All reported associations were calculated using Pearson’s product-moment 

correlation coefficient, and significance levels are reported in the corresponding matrix. 

 
Table G1 Correlation matrix for diverse key variables  

 
ToM ToAM nomination endorsement accuracy age condition domain gender 

ToM 1         

ToAM 0.801*** 1        

nomination -0.099*** -0.105*** 1       

endorsement -0.121*** -0.13*** 0.235*** 1      

accuracy -0.111*** -0.108*** 0.312*** 0.716*** 1     

age -0.117*** -0.214*** -0.013 0.008 0.012 1    

condition 0.14*** 0.191*** -0.302*** -0.464*** -0.468*** -0.83** 1   

domain 0 0 -0.004 0.032 0.039 0 0 1  

gender 0.1*** 0.08** -0.034 -0.043 -0.078** 0.018 0.033 0 1 

 

According to the matrix, ToM and ToAM total scores were strongly positively correlated (r = 

0.83), indicating that children’s understanding of artificial minds was closely aligned with 

their reasoning about human mental states. Weak negative correlations were found between 

ToM/ToAM and the nomination, endorsement and accuracy questions, suggesting that 

children with stronger mind reasoning were slightly less inclined to trust the robot Nao. The 

three selective trust questions were moderately interrelated, particularly the endorsement and 

accuracy questions, indicating consistency across trust-related judgments and strong internal 

reliability. However, age was modestly negatively associated with both ToAM (r = -0.21) and 

ToM (r = -0.12), implying that younger children tended to score higher on these measures, 

which was conflicted with the results in Mao et al. (2025). Based on this interesting result, 

the associations between age and ToM/ToAM were plotted. 
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Figure G1 associations between age and children’s ToM and ToAM scores 

 

Contrary to the typical developmental expectation that older children perform better on ToM 

tasks, the plots revealed a non-linear trend. This unexpected pattern may be partially 

originated from the uneven age distribution in the sample. The largest group consisted of 

children aged 5-6 years (n = 56), with smaller samples from the 4-5 age group (n = 21) and 

the 6-7 group (n = 30). Given the limited number of younger and older participants, statistical 

noise or other latent factors could have contributed to the apparent decline in performance 

with age. 

 

Correlation Matrix in each condition 

 
Table G2 Correlation matrix for diverse key variables in Nao-accurate condition 

 
ToM ToAM nomination endorsement accuracy age domain gender 

ToM 1        

ToAM 0.791*** 1       

nomination -0.107** -0.101* 1      

endorsement -0.165*** -0.133** 0.104** 1     

accuracy -0.176*** -0.136*** 0.135*** 0.800*** 1    

age 0.047 -0.022 -0.120** 0.010 0.033 1   

domain 0 0 -0.097* 0.064 0.054 0 1  

gender 0.263*** 0.235*** -0.022 -0.097* -0.096* -0.09* 0 1 

 
Table G2 Correlation matrix for diverse key variables in Human-accurate condition 

 
 

ToM ToAM nomination endorsement accuracy age domain gender 
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ToM 1        

ToAM 0.808*** 1       

nomination -0.023 -0.003 1      

endorsement 0.019 0.034 0.120** 1     

accuracy 0.044 0.082 0.253*** 0.519*** 1    

age -0.244*** -0.394*** 0.028 -0.056 -0.082* 1   

domain 0 0 0.074 

(p = 0.054) 

0.013 0.037 0 1  

gender -0.051 -0.090* -0.028 0.024 -0.052 0.123** 0 1 
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Appendix H 

Three plots illustrated the proportion of children who selected the robot (Nao) in the 

nomination, endorsement and accuracy questions across different knowledge domains and 

conditions, highlighting how trust varies depending on informant accuracy and information 

domain. 
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Appendix I 

DREC ethical approval letter. 
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Appendix J 

Parent/guardian consent form. 
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Appendix K 

The letter to head teacher.
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Appendix L 

Information sheet for parents/guardians. 
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Appendix M 

ToAM and ToM scales 
Diverse Desires 

The child is introduced to Nao (robot) /Tong (human), who has just woken up from a nap and 

would like a snack. The researcher shows the child two options — a boiled egg and an ice 

cream — and asks, “Which of these do you like more? Do you prefer the egg or the ice 

cream?” After the child responds, the researcher continues, “Okay. But Nao/Tong likes [the 

other item]. Nao/Tong doesn’t like [child’s choice]. Its/Her favourite is [the other item].” The 

child is then asked, “Nao/Tong is going to choose one of them now — Nao/Tong can’t have 

both. Which one do you think Nao/Tong will choose, the egg or the ice cream?” The task is 

considered passed only if the child answers with the item that is not their own stated 

preference. 

 

Diverse Beliefs 

The second task introduces a new situation: Nao/Tong is searching for the ball, which might 

be either under the bed or inside the cupboard. The child is asked, “Where do you think the 

ball is, under the bed or in the cupboard?” Regardless of the child’s response, the researcher 

says, “Okay! But Nao/Tong thinks the ball is in [the opposite location].” The child is then 

asked, “Where will Nao/Tong look for the ball, under the bed or in the cupboard?” The child 

must give an answer opposite to their own belief to pass this task. 

 

Knowledge Access 

The child is shown a closed drawer and asked, “What do you think is inside the drawer?” 

After the child responds, the researcher opens the drawer dramatically to reveal a toy dog, 

saying, “Wow, it’s a dog!” After closing the drawer again, the researcher confirms 

understanding by asking, “So, what’s inside the drawer?” Then, the researcher introduces 

Nao/Tong, saying, “Here comes Nao/Tong. Nao/Tong hasn’t seen what’s inside the drawer.” 

The child is then asked, “Does Nao/Tong know what’s in the drawer? [knowledge question]” 

and “Did Nao/Tong see what was inside the drawer? [memory question]” The task is scored 

correct only if the child answers both “No” to knowledge and memory control questions. 

 

Contents False Belief 
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The researcher shows the child a crisps container and asks, “What do you think is inside this 

container?” Then, the researcher opens the container with excitement and reveals, “Oh! It’s a 

black pen!” The researcher checks comprehension: “So, what is really inside the container?” 

Once this is confirmed, Nao/Tong is introduced with the explanation, “Nao/Tong hasn’t seen 

what’s inside this container.” The key question follows: “What does Nao/Tong think is inside 

the container, crisps or a black pen?” The researcher also asks, “Did Nao/Tong see what was 

inside the container?” A correct response requires the child to answer “crisps” (based on the 

label) and “no” (Nao did not see), showing false belief attribution. 

 

Explicit False Belief 

The child is told that Nao/Tong is looking for a book, which might be either in the backpack 

or in the drawer. The researcher explicitly states: “Nao’s/Tong’s book is actually in the 

backpack, but Nao/Tong thinks it’s in the drawer.” The child is then asked, “Where will 

Nao/Tong look for the book, the backpack or the drawer?” and, separately, “Where is 

Nao’s/Tong’s book really?” To pass this task, the child must correctly identify Nao’s false 

belief (he will look in the drawer) and also identify the true location (backpack). 

 

Belief-Emotion 

The researcher shows the child a chocolate box and asks, “What do you think is inside the 

box?” When the child says “chocolate,” the researcher acts out Nao/Tong saying, “Oh great! I 

love chocolate. It’s my favourite food. Now I’m off to play.” Nao/Tong is then placed out of 

sight. The researcher opens the box and reveals, “Actually, there’s no chocolate, only 

stones!” After closing the box again, the researcher asks, “What is Nao’s/Tong’s favourite 

treat?” Then, the key question is asked: “When Nao/Tong comes back and gets the box, how 

will he feel, happy or sad?” This is followed by, “And after Nao/Tong opens the box and sees 

what’s inside, how will he feel, happy or sad?” A correct response requires the child to say 

“happy” (based on the belief) and then “sad” (based on reality). 

 

Real-Apparent Emotion 

The child is told a story: Nao’s/Tong’s uncle has returned and promised to buy him a toy gun. 

However, instead, the uncle brings back a book. Nao/Tong doesn’t like books and really 

wanted the toy gun, but Nao/Tong needs to hide its/her true feelings because if uncle knows 

it/she’s upset, he might not get gifts in the future. The researcher checks understanding: 

“What did the uncle give to Nao/Tong?” and “What would happen if the uncle knew how 
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Nao/Tong really felt?” The child is then asked, “When Nao/Tong received the book, how did 

it/she really feel inside, happy, sad, or just okay?” followed by, “What expression did it/she 

show on the face, happy, sad, or just okay?” The task is passed if the child identifies a more 

negative internal emotion than the external facial expression (e.g., sad inside, but shows 

happy or neutral on the face). 


