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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 Al-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?



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



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 Al literacy, offering new
insights into how young learners engage with artificial agents as knowledge sources and

promoting Al-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.



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 &



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-Ferndndez &

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



(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 Al 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 Al 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).



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 ToOAM 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.



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



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).



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 (Skjeveland, 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 Al 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 Al agents

The integration of Al 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 (DV As) 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 DV As, this
interaction can be considered a form of selective trust. Girouard-Hallam and Danovitch
(2022) investigated children’s trust in DV As 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 DV As 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 (Orang & Kiintay, 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 ToOAM remain limited, with much of the existing literature instead
discussing the concept of mental state attribution (MSA). Similar to ToOAM, 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 ToOAM 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 (» = 0.26, p < 0.05), as was inhibitory control (» = 0.48, p < 0.01). Oran¢ and Kiintay
(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 DV As 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 DV As 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 Al 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 Al 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 Al agents such as robots. The transition from ToM to
ToAM is indicated by a solid single-headed arrow, reflecting how children begin to
mentalise Al entities. As children generally learn from robots, ToOAM than linked to
selective trust, especially when the informant is an Al 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 Al in education and childhood settings, which indirectly prompt the

evolution of these constructs.

ToM is associated with selective trust
and impact trust decisions

This pathway would be moderated by several factors such
as socioeconomic background and inhibitory control

Selective trust

Theory of Mind Theory of Artificial { T s—
] Informant
(ToM) Mind (ToAM) Alagents e
serves as
Human agents Al agents [F LD
Alintegration sources Epistemic cues: accuracy, expertise, etc.
Desire Desire _—
— Trust cues Social cues: familiarity, personality, etc.
Belief Children tend Belief Children
to mentalise learn from Conflicting cues: inaccurate but familiar, etc.
robotic
Knowledge A;Sf:’::' Knowledge teachers
. Non-STEM object labels
obot .
Emotion Emotion Information
STEM information: life science, physics, mathematics
+
|
I
....................... -
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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 Al
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).

RQ?2 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 (Orang¢ & Kiintay, 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.
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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 x
domain (2 x 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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Selective trust session

Nao-accurate
(N=51)

(N=107)

| J/[

ToAM and ToM session

Human-accurate
(N =56)

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 (‘)), he (f), and she (#th) 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; DV As 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
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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

Pile of dirt

Broken glass

Ice melts when it gets hot.

Dirt gets wet in the rain.
Glass breaks when hit by a

rock.

Ice melts when it gets
cold.

Dirt gets dry in the rain.
Glass breaks when hit by a
feather.

Math

3 dogs, 1 cat

Tall girl, short boy

Circle and triangle

There are more dogs than
cats.

The girl is taller than the
boy.

Circles are round.

There are more cats than
dogs.

The boy is taller than the
girl.

Triangles are round.

Life Science

Turtle

Bird
Plant

Turtles have a shell on
their back.
Birds fly in the air.

Plants need water to grow.

Turtles have wings on
their back.
Birds fly in the water.

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

30



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 This is hard on the
bottom. bottom.
Math Brown object This is bigger than a This is smaller than a
shoe. shoe.

Orange object

Bucket

This is heavier than an
apple.
There are two oranges in

the bucket.

This is less heavy than an
apple.
There are four oranges in

the bucket.

Life Science

Animal that looks like a

This lives in trees.

This lives in the ground.

chubby frog

Animals that looks like a  This sleeps only at night.  This sleeps only during
possum the day.

Animal that looks like This has many sharp This has no teeth.

an armadillo 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 Al-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.
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Researcher Child Researcher Child

Researcher Child

The left one!
The right one!

Who’s Tong?
Who’s Nao?

Here’s Nao. Nao wants to find a book. The
book might be in the backpack or it might
be in the drawer. Nao’s book is actually in
the backpack, but Nao thinks it’s in the
drawer.

Figure 5 The procedure of Explicit False Belief task in ToAM

Target question: Where will
Nao look for the book, the
backpack or the drawer?
Reality question: Where is
Nao’s book really?

The drawer.

The backpack.

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.
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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 ToOAM 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 ToOAM 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). R? 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 R? 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 ToOAM 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 ToOAM 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 ToOAM 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 448 191 -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 391 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 (y*=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
Non-STEM
STEM
physics

life science

mathematics

Nao
71.90%

62.75%
74.51%
75.82%

human

28.10%

37.25%
25.49%
25.18%

293

9.94
36.8
40.8

p-value

<0.001

0.002
<0.001
<0.001

Nao
35.71%

50.60%
38.10%
59.52%

human

64.29% 13.7

49.40% 0.02
61.90% 9.52
40.48%  6.10

p-value

<0.001

0.877
0.002
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
Non-STEM
STEM
physics

life science

mathematics

Nao
86.93%

74.51%
71.24%
72.55%

human

13.07%

25.49%
28.76%
27.45%

83.5

36.8
27.6
31.1

p-value

<0.001

<0.001
<0.001
<0.001

Nao

human

22.62%  77.38%

36.31%  63.69%
32.74%  67.26%
27.98%  72.02%

v p-value
50.4 <0.001
12.6 <0.001
20.0 <0.001
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
Non-STEM
STEM
physics

life science

mathematics

Nao
88.89%

77.12%
75.16%
75.16%

human

11.11%

22.88%
24.84%
24.84%

92.6

45.0
38.8
38.8

p-value

<0.001

<0.001
<0.001
<0.001

Nao

human

2738%  72.62%

39.88%  60.12%
34.52%  65.48%
27.98%  72.02%

v p-value
34.4 <0.001
6.88 0.009

16.1 <0.001
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
(x%(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 (y*(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 (}*(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 (}*%(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 (x*(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 (¥*(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 (y*(1) = 0.00, p = 1.00).

Table 8 Logistic regression results predicting children’s performance on ToAM and ToM items

Model B SE Nagelkerke R?> p-value odds ratio
Diverse desires -236  0.62 0.18 <0.001 0.09
Diverse beliefs -0.70 035 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 0412  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 R?

statistics were used to interpret the strength and quality of the model.

5.3 RQI1 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 R? 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, R* = 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 (ABIC =-33.44, p <
0.001; R*=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 (ABIC = 25.58, p = 0.004) was
slightly higher than that of Model 1, the improvement in conditional R? (R? = 0.34)
indicated better overall explanatory power. Model 3 added ToAM scores but showed no
substantial gain in explanatory value (R? = 0.34), while BIC not significantly increased
(ABIC =49.72, p = 0.479), reducing model parsimony. The full model, which included
all main effects and interactions, had the highest R? (R? = 0.35) but the largest BIC
(ABIC = 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 11 Wald chi-square test revealed a significant main effect of condition (y*(1) =
41.64, p <0.001), and a significant interaction between condition and domain (y*3) =
17.87, p <0.001). The main effect of domain was not significant (x%(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 (x%(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 GLMMSs. The null model (BIC = 1417.00, R? = 0.00) and Model 1, which
included only condition as a predictor (ABIC =-55.02, p < 0.001; R? = 0.56), provided
limited explanatory power. Model 2, which included condition, domain, and their
interaction, offered a strong balance between model fit and parsimony (ABIC = 13.58, p
<0.001; R?=0.58). Although more complex models slightly increased R?, they also
resulted in higher BIC values, indicating overfitting (model 3: ABIC =42.33, p = 0.060;
R?=0.59; full model: ABIC =99.13, p = 0.496; R? = 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 (y%(1) = 64.54, p <0.001) and the 2-way
interaction effect (y%3) = 24.71, p < 0.001) were significant while there is no significance
in the main effect of domain (y%3) = 3.30, p = 0.347). Multicollinearity diagnostics
indicated acceptable GVIF values for all predictors (condition = 1.20; domain = 3.27;
condition x domain = 3.29). An overdispersion test revealed no evidence of
overdispersion (y%(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, R? =
0.00). Model 1 added the main effect of condition and substantially improved fit, though
it explained no additional variance (ABIC = -46.54, p < 0.001; R? = 0.00). Model 2
introduced condition, domain, and their interaction. Although its BIC increased slightly,
it accounted for substantially more variance (ABIC = 13.80, p < 0.001; R? = 0.65). Model
3 and the full model did not improve R? beyond 0.65 and exhibited non-significant higher
BIC values (model 3: ABIC =42.97, p = 0.074; full model: ABIC =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 (¥*(1) =
51.77, p <0.001) and interaction effect (y*(3) = 20.17, p < 0.001). The main effect of
domain showed no significance (¥*(3) = 6.45, p = 0.092). All adjusted GVIF values
showed acceptable levels of multicollinearity: condition (1.16), domain (3.30), and
condition x domain (3.32). Overdispersion was also assessed, with a non-significant
result (x(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 ( = 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 x 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 (» = -0.10, p < 0.05), endorsement (» = -0.16, p < 0.001) and
accuracy questions (» =-0.18, p <0.001). Similarly, ToOAM scores were also negatively
correlated with all three selective trust measures, including nomination (» = -0.10, p <
0.01), endorsement (» =-0.13, p < 0.001), and accuracy questions (» =-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.
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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 (¢) 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 7,
as the point-biserial correlation is mathematically equivalent to Pearson’s product-moment correlation

when one variable is continuous, and the other is discrete.

54



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 Al
agents such as DVAs (Girouard-Hallam & Danovitch, 2022; Li et al., 2023). Whether
informants are humans or novel Al 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 DV As 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 ToOAM 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 (Oran¢ & Kiintay,
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
(Valovicova 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 (D1 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 Al 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 Al 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 Al 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 Al, 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, Al 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 Al 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 Al 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 Al-based learning tools are inclusive, culturally relevant, and accessible.
Most importantly, there is a need for national or regional curricula to explicitly include
early Al 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 Al 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 Al
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 Al-integrated learning environments and
assess accuracy of information and reliability of informants. Importantly, the findings
underscore children’s emerging sane awareness in evaluating Al 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 x 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 R 2 df p-value

Null model 1633.11 0.00

Model 1 1599.67 0.32

condition 4449 1 <0.001%***
Model 2 1623.25 0.34

condition 41.64 1 <0.001%***
domain 1.64 3 0.651
condition x 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 x domain 18.62 3  <0.001***
condition x ToAM 1.19 1 0275
domain x ToAM 1.77 3 0.620
condition x domain X ToAM 292 3 0404

Full model 1777.06 0.35

condition 3797 1 <0.001***
domain 1.67 3 0.644
ToM 0.86 1 0.353
ToAM <0.01 1 0.986
condition x domain 1836 3 <0.001***
condition x ToM 0.03 1 0.863
domain x ToM 239 3 0495
condition x ToAM 0.37 1 0544
domain x ToAM 098 3 0.805
ToM x ToAM <0.01 1 0.936
condition x domain X ToM 0.19 3 0978
condition x domain X ToAM 1.37. 3 0.712
condition x ToM x ToAM 0.47 1 0491
domain x ToM x ToAM 265 3 0448
condition x domain x ToM x ToAM 325 3 0355

73



Appendix C

Table Fixed and interaction effect in GLMMs for the endorsement question

BIC conditional R* 2 df p-value
Null model 1417.00 0.00
Model 1 1361.98 0.56
condition 7121 1 <0.001%***
Model 2 1375.56  0.58
condition 65.54 1 <0.001%***
domain 330 3 0.347
condition x domain 2471 3 <0.001%**
Model 3 1417.89 0.59
condition 61.51 1 <0.001%***
domain 350 3 0.321
ToAM 0.66 1 0415
condition x domain 25.05 3 <0.001%**
condition x ToAM 198 1 0.159
domain x ToAM 894 3  0.030*
condition x domain X ToAM 306 3 0.383
Full model 1517.02 0.61
condition 5448 1 <0.001%***
domain 3.00 3 0.392
ToM 1.05 1 0.305
ToAM 030 1 0.582
condition x domain 2297 3 <0.001***
condition x ToM 062 1 0432
domain x ToM 1.59 3  0.662
condition x ToAM 0.10 1 0.749
domain x ToAM 0.19 3 0978
ToM x ToAM 037 1 0.544
condition x domain X ToM 455 3 0.208
condition x domain X ToAM 0.66 3 0.883
condition x ToM x ToAM 1.75 1 0.186
domain x ToM x ToAM 1.26 3 0.738
condition x domain x ToM x ToAM 280 3 0424
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Appendix D

Table Fixed and interaction effect in GLMMs for the accuracy question.

BIC conditional R 2 df p-value

Null model 133236  0.00

Model 1 1285.82  0.00

condition 56.86 1 <0.001%**
Model 2 1299.62 0.65

condition 5177 1 <0.001%***
domain 645 3 0.092
condition x domain 20.17 3 <0.001***
Model 3 1342.58 0.65

condition 4890 1 <0.001***
domain 6.61 3 0.085
ToAM 0.10 1 0.758
condition x domain 20.39 3 <0.001%**
condition x ToAM 264 1 0.104
domain x ToAM 282 3 0420
condition x domain X ToAM 6.52 3 0.089

Full model 13122 0.65

condition 4639 1 <0.001***
domain 568 3 0.128
ToM 1.81 1 0.179
ToAM 1.17 1 0.280
condition x domain 22.85 3 <0.001***
condition x ToM 0.85 1 0.355
domain x ToM 0.73 3 0.867
condition x ToAM 0.11 1 0.738
domain x ToAM 0.03 3 0998
ToM x ToAM 037 1 0.542
condition x domain X ToM 0.15 3 0985
condition x domain X ToAM 1.68 3 0.642
condition x ToM x ToAM 368 1 0.055
domain x ToM x ToAM 536 3 0.148
condition x domain x ToM x 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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Pearson residuals
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Overdispersion Check in accuracy question: Pearson Residuals vs Fitted
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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 448 191 5 4.53 297 1 7 6 -0.17 -1.28 0.18
ToM 391 217 4 3.93 297 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.

Percentage Histogram of ToAM Scale with Density Curve Percentage Histogram of ToM Scale with Density Curve

20

/ \_///, \ e /\\\ '

Percentage (%)

Percentage (%)

/

4 6 0 2 4 6
Total Score Total Score

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*** (. ]3%*** 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 ToOAM (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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ToM vs Age ToAM vs Age
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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%x** 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 gendé
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ToM
ToAM
nomination
endorsement
accuracy
age

domain

gender

1
0.808%**
-0.023
0.019
0.044
-0.244 %%
0

-0.051

1

-0.003
0.034
0.082
-0.394 %
0

-0.090*

1
0.120%*
0.253%%*
0.028
0.074

(p = 0.054)
-0.028

1
0.519%**
-0.056
0.013

0.024

-0.082*
0.037

-0.052

0.123%*
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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.

. Education (Educ) DREC
%:l 15 Norham Gardens, Oxford, OX2 6PY

UNIVERSITY OF

(0),42(0)23D)

Applicant: Keyu Mao
Principal Investigator: Lars-Erik Malmberg
Department: Education

Study title: Artificial Minds, Real Decisions: Children Selectively Trust the STEM and non-STEM
Information from Robots
(Version: 1.0)

Ethics reference: Education (Educ) DREC - 1433726
Dear Lars-Erik Malmberg,

On behalf of the Committee, | confirm that the above research study described in the application and other
supporting documentation submitted to the committee has been carefully considered by the Education
(Educ) DREC in accordance with the University's regulations and policy for ethics approval of research
involving human participants, human tissue and/or personal data. The opinion is as follows:

Opinion of Research Ethics Committee: Favourable Opinion
Subject to the following conditions:

Decision Date: 1 Apr 2025, 15:08

Opinion End Date: 1 Apr 2026

If favourable, insurance-provided indemnity arrangements will be in place between the decision date and
opinion end date and you may now commence your study activities. Should you plan to continue the
research beyond the end date above, it is your responsibility to ensure that you request, and receive, an
extension (via amendment) from the committee for indemnity to remain in place. You may be required
to provide a justification.

Please note the following:

Amendments: Should there be any subsequent changes to the reviewed study, applications for
amendments can be made via the Oxford Ethics Application System (Worktribe Ethics).

Reports: Studies considered by OxTREC are expected to submit an annual progress report on each
anniversary of study approval, until the study is completed. An end of study report is also required.

Audit: This study may be selected for audit at the discretion of the Research Governance, Ethics and
Assurance Team.

Data safety: It is the responsibility of the Pl to ensure that all data collected during the course of the
study is stored and transferred safely and securely in accordance with University requirements. Further
guidance and advice are available from the Research Data Team. Additional information is available at
https://researchsupport.web.ox.ac.uk/governance/ethics
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Appendix J

Parent/guardian consent form.

DEPARTMENT OF EDUCATION

UNIVERSITY OF

0),42(0)23D)

DEPARTMENT OF

EDUCATION

[Lars-Erik Malmberg]
[lars-erik.malmberg@education.ox.ac.uk]

PARENT/GUARDIAN CONSENT FORMER 1€/ 4530 A 40154

CUREC Approval ReferencefC IR #t & & 45 S Education (Educ) DREC - 1433726

[Children Learning Knowledge from Robots JLE [EH128 A% 3]

*  Your child’s school has agreed to take part in a study run by the University of Oxford looking at how children

perceive and selectively trust robots. B FFRIEMNFZRERES S — MBS EAZARNMAR , ZAR
STERWLE AR AN 288 A\ RASIEN B AP IR LA £01R,

* If your child takes part, a researcher would come and visit them at school, do some activities and play some
fun games with them. IREHZFEEMR , BRARBEFZREZ A #1T —LiEN BB
o

* To find out more about the study, please read the attached information sheet. You can e-mail me at
keyu.mao@education.ox.ac.uk, if you have any questions. 313 7 fiRE SHARIES , BAILMEMOHARIR
BAF AL GNREBIEIR)E |, DB B FHRFEX AT : keyu.mao@education.ox.ac.uko

e |fyou are happy for your child to take part, please fill in the form below and return it to your child’s class

teacher as soon as possible. HIRERREHEZFEEMR , BRAS THNFRE , FHEERIZTFHID.

Name of child 47)L2%3:

| have read and understood the details of the above study, and have had the opportunity to ask questions and
discuss the study with others. | have received satisfactory answers to my questions. | understand that the
project has received ethics clearance through the University of Oxford’s ethical approval process for research
involving human participants, and | understand who will have access to the data, how it will be stored and what
will happen to the data at the end of the study. | understand that participation is voluntary and that my child and
| are free to withdraw at any time, without giving any reason and without my child’s education being affected in
any way. | understand how to raise a concern or make a complaint.

HEMIZHIER LAMRMFAER  HANRECHEN R AR S ATTERARAT. HTHEE , %
MEEBIHRZRFHNALSEEMANCEFERRF , FEREBHRRE. BIRMNFATFEURH
RERBEHEHOLIERN. RBESEMARTLEEN , BNBOZFTUMREEY , TRREEEME
B, BRENBRFHABEEMEMAEM. HihTRNFARHEERSER.

1 give permission for my child to take part in the above study. AT RNZFE5ZHAR.

Name of parent/guardian $3# A 43:

Artificial Minds, Real Decisions: Children Selectively Trust The STEM And Non-STEM Information From Robots
Consent Form, version 1.0, March 2025

Signature HiP A R: Date B #f:

Name of researcher AR E K 2:

Signature AREER: Date:
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Appendix K

The letter to head teacher.

DEPARTMENT OF EDUCATION

UNIVERSITY OF
DEPARTMENT OF

epbucatioN (OXFORD

[Lars-Erik Malmberg]
[lars-erik.malmberg@education.ox.ac.uk]

[Yanhong Huang]
[Yuedu Kindergarten, 10 Jinjishan Road, Zhuji, Zhejiang, China]
[15 March 2025]

Children Learning Knowledge from Robots

JLEEVIBAZEAIR
Ethics Approval ReferencefS I &t SE4R S Education (Educ) DREC - 1433726

Dear Mrs. Yanhong Huang, B#IEREK |,

| am writing to enquire about conducting some research in your school between 1% April to 15" May 2025.
| am a taught master student at the University of Oxford, supervised by Professor Lars-Erik Malmberg. In
my research study, Children Learning The STEM And Non-STEM Information From Robots Depending On
Theory Of Artificial Mind (ToAM), | will explore how children’s Theory of Artificial Mind —their understandi
ng and interpretation of robots’ mental states—affects their selective trust across STEM (physics,
mathematics and life science) and non-STEM (object labelling) domains.

KERRFRZREHERN—BMLIHARE , SIMRLars-Erik Malmberg#ii%. HEERBANZET]
UEREHTRMEVEXHAR. BNARIREZBULEETALOEER (ToAM) MIBABLEZF
SISTEMSIESTEMIER) , BRI LEWHIRACIERSHIER BN AL OEIEILToAM”) WFIF
Mt J7ESTEM (132, M) FIESTEM IDARIRE) SUSPIHIBEAREEEEE. AR
THXIRIRTE) 20254 B 1A E5H 150 BABETRXBIRR | e E T IR LESHIBRA T
MEIER |, AMARRNWHELRRHSE,

The research will take place with children aged 4 to 6 from preschool. | am not aiming to change what or
how the teacher chooses to teach, and will not be making any judgements about teaching. The study is
separate from regular classroom teaching and will not interfere with the school’s curriculum. The research

consists of simple and engaging games where children interact with a robot and a human, listen to
information, and answer questions about who they trust more.

XTFARGEELNILEIES HLEFR. HPMRHANLERESMERNBZATHAR , th
RENBZHTEFTN. ARBSABRERESFHIT , FE2TMERMERRELH.
MAABETEBE-LERMEBAVNEK. EREP , BFHN2SNBATALEY , FEER ,
FEE—L)E , thithEEEE BBALTRAZE) o BAITEEMER , EESTHEIIER
T B FNFRE R EEER.

By participating in the research, your school would be contributing to research that will help researchers

and educators better understand how children interact with technology and how social robots might be
used in education in the future.

Artificial Minds, Real Decisions: Children Selectively Trust The STEM And Non-STEM Information From Robots
Letter to Head Teacher - March 2025 - v1.0 No: DREC - 1433726 Page 10of 3
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BYSE5RXLMRE , REFH—MEZHNARIREATRNE. ITRARFHREMRARTEETE
EFFHIERR)LEMAISRAGED , MERRIMEIFHRANBANATRE NS BHFHERHE
MRZRILEZF SN A N RHESRBIEF .

The University of Oxford has strict ethics procedures on conducting research with teachers and children,
consistent with current British Educational Research Association guidelines. Before beginning the research,
I would inform parents/guardians about the research and offer the children and parents/guardians the
opportunity to refuse to participate. Throughout the research, children and parents/guardians will be able
to refuse to participate at any time. No personal or identifiable information (such as names, addresses, or
school details) will be recorded, and no photos, videos, or audio recordings will be taken. | will collect child
ren’s age, gender, and responses to tasks

FRAFEN SR/ LEHTHOMRETBIRENTE LI TSREHNEMRINS (BERA) #Y
RITEE—R. ERRARZA , REEEPAFANRRARAT | FHA4)LHEPARSELS
5145, EENMAREIET , 41)LFEP AT AR ERIR H.
MALERPAREREFANARFIRAES MNESR. HUNFRER) | BASMIEBEA. TR
iR HRRWEILENFE. HAIURMBINEESTHOE  RERIEGTHERE  XATH
EN=1:08

All participants would be anonymised in all research reports. The data collected would be kept strictly
confidential, available only to my supervisor and myself and not used other than specified without the

further consent of all involved being obtained. | have enclosed copies of the information for
parents/guardians and children with this letter.

FIES5ENEREMRRETEHRBRERLIE. WERIMFIBE™BRAE , XNERNSIHAFHRER
Aisiale BRIERISABERXANE—FERE , BNXEREA2ATEE TR UIMIEMBEE.
FEISRT L TIRMB ISP AFNALRIFRRILBEM Y |, fti8sE

If your school would like to take part in the study, or you need more information about what is involved,

please contact me. Whether or not you feel it would be appropriate for your school to participate, | would
be grateful if you would complete the pro-forma below, and return it to me via email.

MRFEBEHESEXLMR , NERBETRESHEXER | AHENSHEKR. TRRERSRE
25  BIMFEERREREST TANLRR  FBTEFHEEH.

Thank you for your time and attention. | look forward to hearing from you.

RS ah H At (B iR S, HATHEAImE |

Yours Sincerely,

NBAREER , TEIRF

[Keyu MaoZE#F]

AP15_v2.1 Letter to Head Teacher - Date and Version No: DREC - 1433726 Page 2 of 3
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[Artificial Minds, Real Decisions: Children Selectively Trust the STEM and non-STEM Information
from Robots A T/VES |, EESOIERE ;| JLENHIERARBEIISTEMSIESTEME S RNEREHEE]

[Keyu MaoEH[#¥]
[Department of EducationZ{ & 2]

[Yuedu Kindergarteni#f#&B 411 ) L&

[10 Jinjishan Road, Zhuji, Zhejiang, China i I & B~ HiEEH £ IBER102]
[Yanhong Huang & 74T ]

O We do not wish to participate in this project. ERBEBS5AINE

O We would like to find out more about this project. XEEEE SHEXER

O We would like to take part in this project. KB =S 5 AIH

If you would like further information, or are interested in taking part, please give the name of a
contact person for your school, and details of the best way to contact them.

MREFETHRESER  ARESEMR , WERHRENKAARBRERERRS
o

Contact nameBXZ& A:

Contact email BB FHBFH:

Contact telephone numberF415:

Please return this form via email [keyu.mao@education.ox.ac.uk].
B1F 0174 % 1% ZHBFE

Thank you for your help.

Va3

AP15_v2.1 Letter to Head Teacher - Date and Version No: DREC - 1433726 Page 3 of 3
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Appendix L

Information sheet for parents/guardians.

UNIVERSITY OF

OXFORD

DEPARTMENT OF

EDUCATION

[Lars-Erik Malmberg]

[lars-erik.malmberg@education.ox.ac.uk]

[Primary researcher contact details and status [MSc Education Student]
Oxford University telephone number: 01865274024

Oxford University email address: keyu.mao@education.ox.ac.uk

Children Learning Knowledge from Robots)LZE A1 83 A2 S)4NiR
INFORMATION SHEET FOR PARENTS / GUARDIANS fIRE2 148 (R1KhR)

Central University Research Ethics Committee Approval Reference IR 8 #t & &4/ S Education (Educ)
DREC - 1433726

In partnership with researchers at the University of Oxford, Yuedu Kindergarten has agreed to take partin a
research study investigating [how children perceive and selectively trust robots]. We would like to invite
your child to be part of this research. We very much hope you would like your child to take part, but before
you decide, it is important that you understand why the research is being done and what it will involve.

BEL L EERESREFZAEFRRARENF  SERRI/ILEMABABZAFEENBEARRE
HPER. BNEEZBEENZFEEXTMA. EEGHEREZA , BRFERTRARNEN
MEERRE.

Why is this research being conducted? Jff 4 iE1TIZH % ?

Children today interact with Artificial Intelligence, including robots, more than ever. However, we don't fully
understand how children decide whether to trust information from robots compared to humans, especially
in subjects like science and maths. Thus, this study explores how children perceive and learn from both
human teachers and robots. We aim to find out whether children are more likely to trust robots for certain
types of information, and how this changes with age and understanding of robots. Investigating this can help
improve how robots are used in education.

WS, LESARNEHEMEEFIRMEEREIRE. DIEFMARAEZERITASAZEEERR ,
RERBINNERARAHNILNER. FFE. BMBEE. AW, BHNERTLTRERLHILTZEA
BEERE. Bt , SRR SERTILENAAAERBINBZAZIER. RNEFEBIHAR
TRIILERDEMEATEENIARKNRLLENES NSTEMGUSNYIE. 8ZF. £¥) ™%
B FS N FIREE FEFINH SR ANIERATHMRE. Bt , XA TS RIGEEN T 23
AERERHIRAHN.

Why has my child been invited to be involved in this research? Jyff 4 BHIZ FHBIES5I%HE ?

We are inviting your child to take part because they are a young person, aged between 4 and 6 years,
attending Yuedu Kindergarten

Artificial Minds, Real Decisions: Children Selectively Trust The STEM And Non-STEM Information From Robots
Participant Information Sheet v3.0 Page 1of 5
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We are inviting 120 young people to take part.
BRI AR L)) L ERE 120846 Z 4 ) LS 5K

Does my child have to be involved? FE897%-FRATE NG ?

No. You can ask questions about the research before deciding whether to allow your child to participate. If
you do agree to participation, you may withdraw your child and their data at any time, without giving a
reason and without any effect on their education, by advising the school or researchers of this decision. If
the data has been collected, you can still withdraw your child and their data freely before the thesis
submission; the data will be excluded.

If your child is not involved in the research, they will receive alternative provision of equivalent educational
value

RNo ERERBIULZFEEMAZA , BAIUREREEE. MRIEABZFESE , thelBARERIR
t, TRRUEFESR  BERSNRFHREEREAZM. EIAFBNERKAT AR, 0
REWELWE , BMHRIUERRERABERERE , AXBUBESRHBRERTZ.

What will happen if my child takes part? FHIZFEEH TR 4 ?

If you agree for your child to take part, you will be asked to sign a consent form before the study begins. On
the day of the study, the researcher will explain the activity to your child in simple terms and ask if they are
happy to take part (child assent). If they do not wish to participate, they can choose not to, and they can stop
at any time during the study. The research will take place over two sessions, during school hours, in a quiet
and familiar space. In Week 1, your child will have a short session lasting about 10 minutes. They will
complete a few fun tasks to see how they understand thoughts and feelings, both in people and robots. In
Week 2, they will take part in a learning activity where they will hear different information from both a robot
and a human. After listening, they will answer simple questions about whose information they trust more.
The session will be designed to be enjoyable, and there are no right or wrong answers—we are only
interested in their thoughts! Week 2 process will take about 15 minutes. No personal details will be collected,
and no photos, videos, or recordings will be taken.

MRERABHRTFEEMR  EREBEMAABIEZEZE—HRAEE. EMRIX , MAARSAHER
MESAENZTREENIRNE  HFRRMMNREEES5. IRERFABESS | =T ik
AEm , ] AERRILIETREAR L.

MREFDAFR , E4ILEARRERIFEEHT ,
F—R . BHBRFREES5 -1 W EREES. ISTM—LEEENIMES BRI T
i TN ERRAEFINL B AR RE S BR

BTA  MMEE5—AESEY RS ANALRRENTEES. R, tiaEE—LE
BRI , LN EEEERHENER. ENRTFEEER , BRENEZS ——BIR R0
NEYARE | E_RBEMARLIFE 155 .

HRABPF2WREFANIAER | BRSHBRA. WAHRE.

What are the possible disadvantages and risks in taking part? HFZ B R B EEEEZL M ?

Artificial Minds, Real Decisions: Children Selectively Trust The STEM And Non-STEM Information From Robots
AP25 Participant Information Sheet v3.0 Page 2 of 5
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There are no significant risks associated with taking part in this study. The activities are designed to be
simple, enjoyable, and similar to everyday social experiences. If your child does not want to continue at any
point, they can stop without giving a reason.

SEXMARLBEZNE. ENRTEREE , X UTEEOMREE. NRENZFEEFR
RABEESE | AR CARERNR Y | TFREEFIER.

Are there any benefits in taking part? HFZEXT FLEEIZFE AL ?

There will be no direct or personal benefit to your child from taking part in this research. However, it is hoped
that the research study will help to better integrate robots in educational settings and design child-friendly
robots.

BRNZFEEXMARTRIRGEERMACHWE. AT, FAFEX A TS B BNE il
HBARARBINEG , FRTHEESLEEAMIEEA.

What information will be collected and why is the collection of this information relevant for achieving the

research objectives? JFUSEEBPLESIE ? Faff 4 ?

During the study, we will collect your child’s age, gender, and responses to tasks about how they learn from
robots and humans. No personal or identifiable information (such as names, addresses, or school details)
will be recorded, and no photos, videos, or audio recordings will be taken.

All data will be stored securely with a password and will only be accessible to the researcher and supervisor.
Consent forms will be stored separately from the research data in a locked cabinet.

The researchers will retain Consent forms for 3 years after publication of the work of the research. Regular
summaries of our findings will be given to the school and will be available to interested families. | will not
identify the school, teacher or any students in any reports of the research.

EMARIREF , BANFREERFOER. ERIURMINEESPOOEE , AT BEII0FE MRS
AFIAEBEZSER. RINNAKICREFANCAFTIRFER (NER. #HUsFRER) | B
SKIRERA. WARFE.

FIEREEEIZBRLEME , (ARARAZNSIHE. BEREERRBESIFFR  FREF
£ LBIREF P,

MAARBERAREXEARERERDERIFE. ERARBET , HNFSRERFER. ERTUEAFEE
HENER.

Will the research be published? Could my child be identified from any publications or other research

outputs? AR B WERNG ? UKW & BEBEBATHIEEE ?

The findings from the research will/may be written up in a master’s dissertation. Since | will not include raw
data in the dissertation, participants cannot identify themselves from it. A copy of my dissertation will be
deposited both in print and online in the Oxford University Research Archive where it will be publicly
available to facilitate its use in future research/ its access will be restricted.
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MARERUTESBEABRMNMLEXH. BFEXRAFEIFEBHIE  S5ELENPIRIBECH
BR. EXHIEIRFAENRIRFE FIRFZ XN FAFERFAREEE | HARRARER (EKiAER
FRAG ZEIBRS) -

Data Protection #1ER#F

The University of Oxford is the data controller with respect to your personal data, and as such will
determine how your child’s personal data is used in the research. Any paper records and field notes need to
be shredded upon data-entry. A completely anonymised version of the data will be kept indefinitely in the
Oxford Research Archive to allow for future secondary analysis.

The University will process your child’s personal data for the purpose of the research outlined above.
Research is a task that we perform in the public interest.

Further information about your rights with respect to your personal data is available from
https://compliance.web.ox.ac.uk/individual-rights.

FRERFREZFMIABEBNRES | Bt REXLEHRIBEERRPMEER, FIEHRICRM
BEIDEBERERAGHES. 2 TR2EZHMAENSIRISKAREELEEMAESD , Uk
RFFR IR IER.

REFBIRE LAAR BGBEZFHMNALRIE. ARR—IMHEITAARTSMARN I,
METREZ X F AN ALIRROANAF] |, i5i5i8) : https://compliance.web.ox.ac.uk/individual-rights.

Who has reviewed this research? iR EZXHE ?

This research has received ethics approval from a subcommittee of the University of Oxford Central
University Research Ethics Committee. (Ethics reference: Education (Educ) DREC - 1433726).

BRIAREBRBFRZRZRRAZFHARMCEZRL TRERSNCEME. NEEBHERS

XXXXX) o

Who is organising and funding the research? &R EIEFIHEIEHE ?

The study organiser is Keyu Mao who is a master student in Education (Child Development and Education). |
will conduct the research under the supervision by Professor Lars-Erik Malmberg and University of Oxford.

The Barbinder Watson Trust Fund from St Hugh'’s College, University of Oxford awared Keyu Mao £200
travel grant for this project.

FAEHF , AREFRZAFERER (LERRSHE) TUmMIPE. FHiF#ELars-Erik Malmberg#)
BEMFRRZNRS AR R,

HBRPERIRERR (St Hugh's College) HJBarbinder WatsonfSHEE & A AN B 124t T 200 B5HIART T4
BjJO

Who do I contact if | have a concern about the research, or | wish to complain? Y1 EFHI A BEEE L7
Bk, WiZBRRE?
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If you have a concern about any aspect of this research, please contact Keyu Mao through
keyu.mao@education.ox.ac.uk and | will do my best to answer your query. | will acknowledge your concern
within 10 working days and give you an indication of how it will be dealt with. If you remain unhappy or
wish to make a formal complaint, please contact the University of Oxford Research Governance, Ethics &
Assurance (RGEA) team at rgea.complaints@admin.ox.ac.uk or on 01865 616480.

NRIEITAREFR A EEERE , BH@EiTkeyu.mao@education.ox.ac.ukEXREWF , HRERIBER
fIEEE). FIFEIONTFERMIARRIEHNER , FEMNEGERN. NRENATHENFELE
NGIR , BRAGEREMARKE. RESRIE (RGEA) HIBA |, #ik7E :
rgea.complaints@admin.ox.ac.uk , EBiE : 01865 616480,

What should | do next? #& FREZMIT4 ?

Please fill in the enclosed consent form and return it to your child’s class teacher if you would like your child
to take part in this research. Please remember that you may withdraw your child at any time, without
affecting their education and without giving a reason, by notifying the researcher.

MRERBZTFEEMA , FESHMMNABBARMARZFIE. HicE , S ARERBMTH
RARBRHHAR  ERRHEIER , BASWZFIHEEMEFZI,

Further Information and Contact Details i#—* 858 5B Z 5t

If you would like to discuss the research with someone beforehand (or if you have questions afterwards),
please contact:

MREBAE—T TR, RIIMREXREA , ERRRK

[Keyu MaoE#¥F]

[Department of Education#{ & £ ]

[15 Norham Gardens, Oxford OX2 6PY]
University email: [keyu.mao@education.ox.ac.uk]
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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! |
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).
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