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Abstract
Children develop intuitions about fairness relatively early in development. While we know that children believe other humans
care about distributional fairness, considerably less is known about whether they believe other agents, such as robots, do as
well. In two experiments (N = 273) we investigated 4- to 9-year-old children’s intuitions about whether robots would be upset
about unfair treatment as human children. Children were told about a scenario in which resources were being split between
a human child and a target recipient: either another child or a robot across two conditions. The target recipient (either child
or robot) received less than another child. They were then asked to evaluate how fair the distribution was, and whether the
target recipient would be upset. Both Experiment 1 and 2 used the same design, but Experiment 2 also included a video
demonstrating the robot’s mechanistic “robotic” movements. Our results show that children thought it was more fair to share
unequally when the disadvantaged recipient was a robot rather than a child (Experiment 1 and 2). Furthermore, children
thought that the child would be more upset than the robot (Experiment 2). Finally, we found that this tendency to treat these
two conditions differently became stronger with age (Experiment 2). These results suggest that young children treat robots
and children similarly in resource allocation tasks, but increasingly differentiate themwith age. Specifically, children evaluate
inequality as less unfair when the target recipient is a robot, and think that robots will be less angry about inequality.

Keywords Child–robot interaction · Fairness · Social cognitive development · Resource allocation

1 Introduction

Do people think that social robots care about fairness? Until
a few years ago, this question might have only been interest-
ing to readers of science fiction. However, as we will review
below, social robots are already being used in many situa-
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tions in people’s daily lives, and in the next decade, they are
likely to become a fixture in many classroom contexts [1].
Given that these robots will become more and more inte-
gral part of children’s lives, it seems important to understand
how children think about them.While there is an increasingly
large literature on children’s thoughts and beliefs about these
robots [2–5], and on children’s pro-social behavior towards
them [6, 7], previous research has overlooked how children
think about robots as recipients who may or may not be
concerned with distributional inequality and fair treatment
in resource distribution. This was the aim of the current
experiments, which investigated whether children think that
robots would be upset at others having more than them and
if their intuitions about these robots would change through-
out the course of development. Such research will provide
insights into how children think about social robots, as well
as their developing intuitions about fairness. Understanding
how children think about robots as potential recipients is
of theoretical and practical importance. For example, these
concerns with fairness are likely to play out in educational
settings, where teachers must often assign scarce resources.
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As people’s fairness perceptions about technologies are
explored inother contexts, especially in algorithmicdecision-
making, we highlight the scope of the current study. In many
cases, studies exploring fairness in the context of Artificial
Intelligence (AI) decision-making are interested in under-
standing people’s perceptions about the extent to which these
algorithms are fair or unbiased (e.g., [8, 9]). While the moti-
vations for these studies and the present study share some
similarities, the context and scope of the present study differ
fromAI fairness studies in thatwe focus on children’s percep-
tions of robots as recipients of fair behavior, not on whether
the robots themselves are unfair or biased. Here, given that
we are interested in children’s fairness perceptions towards
robots, the question of whether a technology is perceived as
“behaving” in a fair manner is an orthogonal question.

We begin by reviewing previous work on social robots
and children’s intuitions about fairness. Social robots are
designed to use facial expressions, along with verbal and
non-verbal communications, to socially interact with people
[10, 11]. This aims to facilitate a more natural and fluid inte-
gration of robots into our everyday lives, so theymay assist in
everyday activities. Recent advances in social robotics have
made these robots more readily available, bringing us robotic
tutors, companions, and peers [12–14]. These robots have
been used to assist both older individuals who have cogni-
tive and social impairments [15] and children in learning [16,
17], including commercial products for home use, such as
Amazon’s “Astro” [18], and robots specified for children’s
use, such as LuxAI’s “QTrobot” for autistic children [19],
and “Moxie” from Embodied [20]. Indeed, one of the most
promising venues of these social robots is in the field of chil-
dren’s education [21]. Social robots have moved in recent
years from the lab into more naturalistic settings, such as
schools and even children’s homes. They have been used
to promote learning in various disciplines, such as language
[17, 22], reading [23], and science [24]. Recently, they have
been shown to be able to promote children’s curiosity [13],
creativity [25] and growth mindset [26] via social interac-
tions. These social robots have been used as teachers utilizing
several techniques: frontal lecture mode [27], one-on-one
interaction [13, 14] and even in small groups [28, 29]. Given
children’s increased interactions with these social robots, it
seems important to understand how children perceive these
robots as social entities.

Several studies have examined children’s perception of
social robots, exploring how they think about the mental
states of social robots and moral considerations around how
these social robots are treated. Sommer et al. [2] and Di Dio
et al. [30] explored children’s perceptions about robots com-
pared to other entities, such as human children, both showing
that while perceived as less “human” than human-children,
they were considered “deserving” of moral considerations.
Sommer et al. tested this through ‘harming’ different enti-

ties by placing a box over them, and measured children’s (4-
to 10-year-olds) reaction to these actions. These researchers
found that children believe that robots deserve some moral
treatment, less than living things and more than non-living
things [2]. Moreover, the study showed that children’s moral
concerns about harming certain entities change with age.
For non-living entities and animaloid robots, older children
thought it wasmore acceptable to harm them,while their con-
siderations for living entities and humanoid robots remained
constant across age [2]. In a different study, Di Dio et al.
examined 5- to 6-year-old children’s behavior while playing
the Ultimatum Game with either a social robot or another
child, and measured the perceived mental states of robots
and children [30]. The study found that for all the mental
states’ categories explored, children attribute greater men-
tal states to children than to robots, but still attribute mental
states to robots at this young age. Supporting Sommer et al.
results, Kahn et al. [31] also found that children were con-
cerned about a situation in which robots were treated in a
harmful way. In their study, children (9-, 12-, and 15-year-
olds) first interacted with a robot (Robovie). However, the
interaction was then interrupted by placing the robot in a
closet. During follow-up interviews, children expressed their
perception of the robot having mental states and feelings.
Children also showed strong moral convictions about how
the robot should be treated. Like children, adults also anthro-
pomorphize robots [32, 33], although they seem to do so to a
lesser degree [3, 34, 35]. Such results have led to an emerging
view that robots, or other embodied agents, have their own
ontological category and cannot be simply compared to com-
puters, pets, or children [36]. These studies demonstrate the
value of social robots in understanding what attributes chil-
dren believe may qualify an agent as having certain features
of mental life. [37–40].

A large body of research in social robotics has been
founded on two dimensions of mind perception: experience
and agency, e.g., [41, 42]. Experience refers to one’s ability
to feel bodily states like hunger, pain, and pleasure. Agency
refers to the extent to which one can exert self-control, plan,
intend, and think. Adult humans have both of these dimen-
sions. However, some entities have neither (e.g., a rock),
whereas some have experience but very little agency (e.g.,
a young infant) or vice versa (e.g., a Roomba). As outlined
above, social robots occupy a unique space on these two
dimensions, with people thinking they have an interesting
mixture of experience and agency that is different from other
entities (for review see [4]).

Closely related to our study, limited work has been done
to explore children’s pro-social behavior towards robots [6,
7, 43]. Broadly speaking, children demonstrated pro-social
behavior towards the explored robot across several studies.
The extent of this pro-social behavior varied between the
design and explored context of a given study, which included
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either helpful behavior [7, 43] or costly and non-costly pro-
social behavior [6]. These findings point to different factors
that impact children’s pro-social behavior towards robots,
e.g., it depends on the study design and explored context.
In these studies, a pro-social behavior was observed, how-
ever, it was specified either to the participants’ characteristics
[6] or to the explored context [7]. In Chernyak and Gary’s
study [6], children (5- and 7-year-old) interacted with a robot
dog that was described as either moving autonomously or as
remote controlled. They found that childrenwhoowned a dog
were more likely to behave the autonomous robot in a pro-
social way than those who did not. Martin et al. [7] explored
young children’s (3- to 4-year-old) helping behavior towards
a robot. In their study, children witnessed a humanoid robot
dropping a xylophone stick out of its reach in what seemed
to be either intentionally or unintentionally. They found that
children were more likely to help the robot when it dropped
the stick apparently unintentionally. These results suggest
that children attribute goals to a robot and are motivated
to help when the robot requires help. In a different study,
also exploring helpful behavior, Beran et al. found that chil-
dren (5- to 16-year-old) were more likely to help a robot if
they experienced a positive introduction to it, and in partic-
ular, if they were given an explicit permission to help the
robot [43]. While these studies contribute to our knowledge
about children’s intuitions about robots as deserving pro-
social behavior and kindness, they do not specifically inform
whether children believe that robots have concerns surround-
ing distributional fairness.

There is a wealth of research demonstrating that chil-
dren care deeply about fairness (for review see [44, 45])
- they believe that resources should be distributed equally
between equally deserving recipients. Even young infants
and toddlers show some basic expectations that resources
should be divided equally and negative reactions against
those who divide resources unequally [46–49]. Three-year-
olds distribute equally among others [50, 51] and realize that
doing so is the right thing to do [52]. Fromage 3 to 6, they also
show negative emotional reactions to receiving less than oth-
ers, becoming visibly upset when they receive fewer stickers
than others [53]. As they grow older, they become increas-
ingly likely to sacrifice their own resources in order to reduce
inequality between themselves and others [54–59]. Broadly,
many theories about fairness posit that infants and children
attend to fairness from a young age given its importance
in facilitating positive social interactions and their desire to
be seen positively by others [45, 47, 60]. Even agnostic to
theories about why fairness develops, this research clearly
demonstrates that children’s fairness concerns are ubiqui-
tous and become more sophisticated as they mature. These
concerns with fairness require children not only to track how
outcomes make one individual better or worse off, but to

pay attention to the relative number of resources each person
receives.

While desiring to avoid harm, be prosocial, and fair may
all be thought of asmorally good, there is awealth of research
suggesting that they are different kinds of concerns and may
be driven by different mechanisms. Work that has examined
these concerns has found that there is often a lack of cor-
relation between helping and comforting (relating more to
prosociality) and sharing with others (related more to fair-
ness) in children [61]. Furthermore, each of these behaviors
have different developmental trajectories [62], suggesting
that they are not driven by the same mechanisms. Research
suggests that certain behaviors (e.g. collaborating with other
children and merit) more strongly prime fairness intuitions
aimed at equality rather than prosociality or generosity [63].
Furthermore, comparative evidence suggests that prosociaity
and fairness need not be linked. Indeed, while there is exten-
sive evidence of harm avoidance and prosocial helping in
several non-human primate species, the evidence for fair-
ness and sharing behavior is much less strong (for extensive
review, see [64].) Despite that sharing exists in non-human
primates, it appears to be driven by wanting to avoid harm or
wanting to help others, rather than from a concern with fair-
ness or inequality per se (for review, see [65].) Experiments
that control for prosociality tend not to find that non-human
primates care about inequality (e.g., [66]).Relatedly, it seems
clear that it is possible that one may believe in helping agents
or not harming agents without necessarily holding specific
beliefs about distributional fairness. For example, although
people generally think it is wrong to harm pets or that it is
wrong to not help a pet that seems to be struggling, they
might not have clear beliefs that resources should be divided
equally between pets and others. Would it be unfair to give
a human a treat and not a pet? What about giving a treat to
a human but not a social robot? It certainly seems possible
that children could believe that a social robot should not be
harmed or given less, while also not believing that the social
robot pays attention to distributional fairness. The current
research will explore the latter question.

While many circumstances of unfairness can involve
material harm (being unfair usually means that one takes
resources that could go to one person and gives them to some-
one else), there are some fairness tasks where being unfair
does not cause any material harm [56, 67–70]. These tasks in
particular allow one to examine concerns with distributional
fairness per se, in the absence of motivations for prosociality
(for further discussion see [58, 63, 71]), which makes these
tasks ideal for further probing children’s intuitions about the
sophistication social robots’ fairness concerns. When we say
“fairness” here, we refer to a concern with impartial resource
distribution,what has sometimes been termed “inequity aver-
sion” – inmany cases, thiswillmean sharing equally between
two recipients, but can mean unequal sharing when one per-
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son has more merit. Here, we focus on a task developed
by Shaw and Olson in which being “fair” means the extra
resource is thrown in the trash, so being fair or unfair does
not affect the payoff of the potentially disadvantaged agent
(either way, they get nothing) [71]. The only option afforded
to the distributor is to give the extra resource to “A” or throw
the resource away (either way, “B” cannot get the resource).
This task was specifically developed to measure children’s
concernwith impartial resource distribution, as separate from
generosity (which is typicallymeasuredwith a dictator game)
and reciprocity (which is commonly studied in an ultima-
tum game). Indeed, when asked to distribute between A and
B, the only option afforded to the distributor is to give the
extra resource to “A” or throw the resource away (either way,
B cannot get the resource). They developed this method to
examine if children value fairness even when doing so meant
being ungenerous. In this task, a child has to decide how
to share between two recipients (recipient A and B) who
have each received an equal number of resources. With the
final resource, they can either give it to recipient A or throw
the resource in the trash. Note that because of the nature
of this task, being unfair here does not mean recipient B
receives less - the resource will just be wasted. Still, these
authors found that many children opted to throw away the
resource in this case (and much more frequently than when
sharing the final resourcewould not result in inequality). This
basic pattern of results has been replicated in China, South
Africa, Uganda, and the United States, with varying types
of resources, with varying values, including colorful erasers,
stickers, paper clips, 20 dollar bills, iPhones, and candies as
full-sized Hershey bars [71–73].

Shaw and Olson’s task is ideal for exploring children’s
intuitions about social robots because it focuses on a particu-
lar concern regarding whether the other agent is a being who
is entitled to a certain degree of fairness or what other authors
have called “respect” [45]. In particular, this task is targeted
at exploring concerns with fairness per se in the absence of
concerns for overall welfare or material harm to the agent
involved. One may be wondering how this task differs from
a classic task used in economics called the ultimatum game,
which seems to similarly involve a decision between shar-
ing and “destroying” resources. However, rejections in an
ultimatum game need not be driven by wanting to create
equal distributions between the two agents and can instead be
driven by wanting to “punish” bad intentions from a distrib-
utor. This is because in an ultimatum game most decisions to
reject come in response to someonewho decided to be selfish.
This conflates concerns with sharing equally with an aver-
sion to negative selfish intentions from others. In addition to
the Shaw and Olson task, Blake and McCaullife [58], devel-
oped a related task to similarly get passed these limitations of
classic economic games like the dictator game and ultimatum
game. As they note: “...Dictator Games assess generosity and

altruism andUltimatumGames test strategic responses to the
proposer’s intentions.” (p. 216) and are thus inappropriate for
measuring something like distributional fairness per se. Their
task and the one designed by Shaw and Olson (which we
use) were designed to evaluate concerns with distributional
fairness in the absence of these concerns with strategic reci-
procity. It seems possible that a robot would be programmed
to strategically reject in an ultimatum game, but not care at
all about someone else receiving more in a case where they
could not have received that resource and the person had no
negative intention toward them.

Although these tasks have revealed that children think it
is important to maintain fairness between other people, they
do not think doing so is important when one of the “recipi-
ents” is a completely non-social agent. Indeed, even infants
differentiate between social and non-social agents in their
fairness expectations - they expect equal distribution to social
agents, but not to non-social entities [46, 47]. Relatedly, in
the throw-away paradigm used by Shaw and Olson, 6- to
8-year- old children also make different fairness decisions
based on whether both recipients are social or non-social
agents [71]. As reviewed above, when distributing unequal
resources between two children, participantswere very likely
to throw away the resource rather than create inequality by
giving more to one of the two recipients. However, when
children were told that the other potential recipient was just
a box where the experimenter would place the resources in
question, then children opted to give the resource to the child.

These previous works on fairness have explored the two
endpoints of person perception on the part of the recipients -
the social agents were fully human and the non-social agents
were “nothing” - that is, having no other recipient. Where
do social robots fall on this continuum? We know that chil-
dren think that one should avoid harming a social robot, but
does such a robot also deserve fair treatment and, if so, what
features of a social robot trigger these concerns?

2 Research Objectives

In this study, we investigated children’s evaluations and
predictions about how others will respond to unfairness in
order to explore the following research question: Do chil-
dren believe that children and robots deserve the same fair
treatment? To do so, 4- to 9-year-old children were presented
with a task similar to Shaw and Olson [71], in which a dis-
tributor must decide whether to share unequally or throw a
resource in the trash. They were told that the distributor ulti-
mately decided to give the resource to one of the recipients -
a child. What varied between conditions was the identity of
these two recipients. In one condition, both recipients were
children (Child), and in the other condition, one recipient was
a child, and one was a robot (Robot-Picture Study 1, Robot-
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Video Study 2). In both conditions, children were asked to
respond to threemeasures: (i) FairnessMeasure, which quan-
tifies the extent to which children think that the allocation
between two recipients is fair; (ii) Anger Measure, which
quantifies how mad the non-rewarded recipient will be, and;
(iii) Rectify Measure which quantifies the participants’ will-
ingness to rectify the inequality. This paradigm allowed us
to explore children’s reactions to the unequal sharing that
occurred between these two different recipients.

The rectify measure is similar to previous work using this
task, in which children are asked to make a decision about
how to allocate resources. However, no previous work using
this task (and very little work in developmental psychology
more broadly) has probed children’s evaluation of resource
distributions and their feelings about it (for exceptions see
[55].) Therefore, simply asking children the Fairness and
Anger measures, which probe their beliefs about others’
response to unequal sharing in this paradigm, is completely
novel. While previous theorizing has suggested that children
would believe others would be upset in such cases, it is pos-
sible that they might think: “Well, if the only other option
was to throw it away, the child might not be upset.” Thus,
whereas previous work has primarily focused on ‘fairness’
as an output, we include an ‘anger’ measure to test whether
children attribute anger from agents for not being treated as
an equal recipient. Although measures like this (i.e., “how
mad” with a Likert scale evaluation) have been used in pre-
vious literature with children [74], they have often not been
utilized in distribution fairness tasks like the one present in
these studies. Thus, these studies introduce two new aspects
of examining how children think about the fairness of dis-
tributing resources to different types of agents.

Furthermore, all three measures used in this task go
beyond previouswork in social roboticswhich used tasks like
the dictator and ultimatum game. These were good places to
start because if children did not believe that robots deserve
any kindness (dictator game) or reject unequal pay (ultima-
tum game), then they would be unlikely to care about the
kind of distributional fairness that we are examining here.
Indeed, there are several species (including dogs, monkeys,
and apes) that reject unequal offers in things like ultimatum
games, but never do anything that approaches the tasks we
have looked at here [75]. Thus, it seems possible that chil-
dren might believe that robots would reject in an ultimatum
game, but not care at all about another human receiving more
than them in a context where they could not have received
that resource anyway.

We hypothesized that children would consider robots as
less worthy of fair treatment compared to human children,
particularly as children get older. We based our hypothesis
on previous studies that compared other children’s percep-
tions of children and robots, for example, their perceptions
of closeness and moral concerns. In these studies, children

perceived robots as less worthy of moral concern and felt less
socially close to robots than to children [2, 76]. As we pre-
viously discussed in the Introduction Section, while fairness
may be thought of as similar to closeness or moral concerns,
these are different concerns and therefore should be explored
separately.

We also hypothesized that older children (above the age of
7 or 8)may bemore likely to think that the difference between
children’s and robots’ responses to unfairness is greater, com-
pared to younger children. Research has demonstrated that
there are considerable developments in children’s fairness
cognition between the ages of 4- to 9-years old [44, 52, 53,
55, 56, 58, 77]. Most significantly, during this age range,
children are becoming increasingly adept at recognizing the
difference between inequality that is fair and inequality that
is unfair [78, 79].

Thus, we might expect that children would become more
likely to differentiate their fairness evaluations of unequal
sharing that disadvantages a human versus a robot. There
is now over 50 years of research with children age 4 to 10
years old indicating that they can track and make decisions
about how to allocate resources (for extensive reviews, see
[44, 80]).

Thus, we should expect that children as young as 4 can
certainly track the details of our task. This age range also
seems appropriate given thework that has been done in social
robotics. These social robots studies test children in varying
age range, ranging between 3 years old [81], 4 to 7 years
old [6, 30, 82], as well as exploring older children (5 to 8
years old [14]), and wider age rage (4 to 10 years old [2]).
Moreover, Sommer et al.’s findings point to the association
of this age range with children’s changed perceptions about
robots [2].

Here, we outline our three hypotheses for the three dependent
measures that we used in Experiment 1 and 2.
Hypothesis 1a. Children would think that an unequal distri-
bution would be more unfair when it involves two children
than when it involves a robot and a child.
Hypothesis 1b. Older children would regard robots as being
less worthy of fair treatment than younger children.
Hypothesis 1c. The difference in perceived unfairness as a
result of inequality between two children and a robot and a
child will be greater for older children, compared to younger
ones.
Hypothesis 2a. Children would think that a child would be
angrier than a robot at an unequal distribution in which that
agent receives less.
Hypothesis 2b. Older children would think robots would be
less angry than younger children.
Hypothesis 2c. The difference in perceived anger from the
child versus robotwill be greater for older children, compared
to younger ones.
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Hypothesis 3a. Children would be more likely to rectify the
inequalitywhen it involves two children thanwhen it involves
a robot and a child.
Hypothesis 3b. Older children would be less willing to rec-
tify the inequality when it involves a robot and a child than
younger children.
Hypothesis 3c. The difference in their willingness to rectify
inequality between two children and a robot and a child will
be greater for older children than younger children.

3 Experiment 1

In the first experiment, we investigated 4- to 9-year-old chil-
dren’s evaluations of unequal sharing that disadvantaged
either another humanbeingor disadvantaged a robot. For spe-
cific hypotheses for this first experiment, please see research
objectives.

3.1 Method

3.1.1 Participants

We recruited 139 children based in the United States: 23 4-
year-olds (7 girls and 16 boys), 17 5-year-olds (8 girls and 9
boys), 25 6-year-olds (14 girls and 11 boys), 27 7-years-olds
(19 girls and 8 boys), 26 8-year-olds (14 girls and 12 boys),
and 21 9-year-olds (9 girls and 12 boys). The recruitment
was based on a power analysis for multiple linear regression
model with a view to obtaining.80 power to detect a medium
effect (.25) at the standard alpha error probability (.05). Par-
ticipants were recruited through a database of families who
had agreed to participate in developmental research. This
experiment was pre-registered on AsPredicted. 1 The study
was approved by the Institutional IRB.

3.1.2 Procedure

Aiming to explore whether children believe that children and
robots deserve the same fair treatment, we used a slightly
modified version of Shaw and Olson’s task (detailed below)
[71]. These changesweremade because Shaw&Olson’s task
asked children to distribute the resource in question whereas
here we were primarily interested in how children evaluate
the resource distribution as well as their predictions about
how one of the recipients would react to the inequality.

Due to COVID-19, it was not possible to test children in
person, so the experiment took place on Zoom. The Zoom
meeting began with a short introduction of the experimenter,
in which the children were told that they would be asked
some questions – the kind of questions that have no right or

1 AsPredicted link: https://aspredicted.org/blind.php?x=YYZ_RQL.

wrong answers. Per participant, each Zoom meeting lasted
approximately 20min. Participants were not provided with a
specific context of the presented robot, such as bringing them
to consider it as a robot they might interact with in the future,
for example, at home or at school. The type of the presented
robot was “Patricc”, a non-humanoid robot, designed as an
upper-torso robot’s skeleton [83]. The resource used in our
study was a sticker. We chose a sticker since we wanted a
resource that could ostensibly be valued by both entities. We
opted not to use food, for example, since the robot cannot eat
food; however, children may believe that both children and
robots could conceivably value stickers. Still, we acknowl-
edge that resource value will always be a potential issue in
such comparisons between distributing resources between
children and robots (we return to this issue in the general
discussion). Regardless of this constraint, we will be able
to examine developmental differences in how children think
robots and humans will respond.

Here, we present one version of our scenario that was
describedby the experimenter.Other versions of the scenario,
not presented here, differed in factors that were counter-
balanced between participants (such as the location of the
winning child on the screen) andmatched to participants (the
gender of the recipients alwaysmatched the gender of the par-
ticipant). The regular text portions are the exactwordings that
were spoken to the children. The parts in italics were not spo-
ken to the children, but describe when and where the figures
were presented on the screen to the children. The Robot-
Picture condition was as follows (see Fig. 5 in “Appendix
B)”:

Figure of a child on the left, figure of a robot on the right,
and a figure of a trash can in the middle, located lower than
the two other figures “Earlier today, this kid and this Robot
did a really good job clearing up around the house.” A star
sticker is shown in the middle, located higher than the figures
of the child and the robot “So we want to give them a sticker
as a prize. But uh oh! I guess I only have one sticker to give
out. Hmm.”
An arrow between the sticker and the child is shown, pointing
to the child “I can either give it to this kid,” The arrow is now
between the sticker and the trash can, pointing to the trash
“Or I could throw it away.” A screen that was previously
shown appears again with the following figures: a child, a
robot, a trash can, and a sticker “Hmm.” An arrow between
the sticker and the child is shown, pointing to the child “I
think I’ll give it to this kid!” The sticker is now right above
the child’s figure “See?”Anarrowpointing to the robot, while
anything except for the robot and the arrow is blurred

The Child Condition was similar, except that both recipi-
ents were merely described as children, and there were two
pictures of children used (rather than a picture of a robot and
a child). In both conditions, the extra sticker was given to
the child recipient. See Fig. 1 for an example of the figures
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Fig. 1 Examples for the figures presented to the participants during the experiment. Left: Robot-Picture condition. Right: Child condition

presented in the Robot and child conditions from Experi-
ment 1, and Fig. 5 in “Appendix B” for a detailed example,
representing an entire conducted experiment.

After seeingoneof these twoconditions, children responded
to three measures meant to assess their fairness intuitions.
The participants were asked to evaluate how fair the alloca-
tion was (Fairness Measure), predict how mad the character
(child or robot, depending on the condition) would be about
receiving less (AngerMeasure), and chosewhether theywant
to rectify the inequality by taking the sticker away (Rectify
Measure). For more details, please see “Measures” section.
Each participant was exposed to one of the conditions. The
side of the rewarded recipient, located on the right or the left,
was counterbalanced between participants. We used pictures
of children that were taken from a database. The pictures
were normed for attractiveness and like, were counterbal-
anced between participants, and were gender-matched.

3.2 Measures

3.2.1 Fairness Measure

For the Fairness measure, children were asked: “How fair
do you think this is? Do you think it’s fair or unfair?” The
Fairness measure was a four-point Likert scale composed of
four items, namely, “very unfair”, “a little unfair”, “a little
fair” and “very fair”. However, the participant had to make
only binary choices: the first choice was whether it was “not
fair” or “fair”, followed by another binary choice of “very
unfair” or “a little unfair” for the former, and “a little fair” or
“very fair” for the latter. We coded this measure as an ordi-
nal number, from 1 to 4. In these questions, we randomized
the appearance of the questions: for “Do you think it’s fair?
Or unfair?” - “fair” and “unfair” were randomized; and for
“Would you say it’s very fair? Or a little fair?” - “very” and
“little” were randomized.

3.2.2 Anger Measure

For the Anger measure, children were asked “How mad do
you think the (robot or child) will be?”We used a Likert scale
using four circles, from large to small. The participants had
to select which circle they thought represented how much
the non-recipient will be mad. We coded this measure as an
ordinal number, from 1 to 4.

3.2.3 Rectify Measure

For the Rectify measure, children were asked: “Now, do you
think I should take it from this kid and throw it away?” This
was a binary choice of whether to take the sticker from the
recipient or not: the possible answers were “Take it from the
kid and throw it away!” or “Don’t take it from the kid and
throw it away!”

3.3 Results

3.3.1 Fairness Measure

To test our first set of hypotheses, we performed a multi-
linear regression analysis (Adjusted R 2 = .078, F(3,135) =
4.916, p = .003) with the condition and age as predictors,
controlling for gender. The regression analysis results, which
are summarized inTable 1, showed a non-significant effect of
gender on Fairness measure, enabling the integration of data
across gender (b = .14, p = .418). Analyzing the results, we
found that children believed that the distribution was more
fair in the Robot-Picture Condition than the Child Condition
(b = .509, p = .003), thus supporting H1a. Specifically,
children rated the Robot-Picture condition as more fair than
the Child condition (Robot: M = 2.05, SD = 1.11; Child:
M = 1.53, SD = .931). As for age, we found an age effect
on the Fairness measure, showing that older children were
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Table 1 Regression analysis for Fairness

Step 1 Step 2
b SE β t p b SE β t p

Intercept 2.226 0.356 6.256 <0.001 2.676 0.455 5.884 <0.001

Condition: Robot-Picture 0.509 0.171 0.487 2.977 0.003 −0.54 0.687 −0.516 −0.786 0.434

Gender: girl 0.140 0.172 0.134 0.813 0.418 0.145 0.171 0.139 0.849 0.398

Age −0.118 0.051 −0.189 −2.286 0.024 −0.187 0.067 −0.3 −2.771 0.006

Robot*age 0.162 0.103 0.154 1.576 0.117

Step 1: Adjusted R2 = .078, F(3,135) = 4.916, p = .003. Step 2: Adjusted R2 = 0.088, F(4,134) = 4.348, p = .002

Fig. 2 Fairness and Anger score versus the participant’s age, comparing the conditions of Child and Robot-Picture. Higher scores indicate more
fair and more angry, respectively

more likely to believe that the distribution was unfair (b =
−.112, p = .03).

To examine our second Fairness-related hypothesis, we
used Pearson’s correlation test in each condition. The results
revealed a significant age effect on children’s fairness eval-
uations in the Child Condition (r (139) = −.333, p = .003),
as expected based on previous literature [71], but not in
the Robot-Picture Condition (r (139) = −.03, p = .818),
rejecting H1b. See Fig. 2 which demonstrates the difference
between the conditions. It can be seen that for the Child
condition, the perceived fairness decreased with age, while
it remained steady for the Robot-Picture condition. Relat-
edly, we also examined the variance of the fairness measure
among the youngest (4-years-olds) and the oldest (9-years-
olds) participants, finding that these groups do not differ in
their responses’ variances (Levene’s Test: F (1, 43) = 2.204,
p = .145).

To examine our third Fairness-related hypothesis, we
began with exploring the interaction effect of the condition
and the age onFairness.We conducted a separatemulti-linear
regression analysis to explore the interaction effect and found
a non-significant effect (b = .16, p = .121). See Table 1
for both regressions results, in which “Step 1” presents the
first analysis, and “Step 2” presents the regression including

the interaction term. We used Akaike Information Criterion
(AIC) to compare the models. The results had shown that
the model was not improved by adding the interaction term.
The difference between the AIC values of each model is
small (lower than two AIC units and lower than 1% change),
therefore, pointing to the models’ fits similarity (AIC: Step
1: 401.72, Step 2: 401.16). Thus, H1c is rejected.

3.3.2 Anger Measure

We performed similar analyses as done for the Fairness mea-
sure to test the next two sets of our hypotheses for each
measure. To test theAngermeasure set of hypotheses,weper-
formed a multi-linear regression analysis (Step 1: Adjusted
R2 = .047, F(3,135) = 3.261, p = .024) with the condition
and age as predictors, controlling for gender. Results are sum-
marized in Table 2. Similar to the Fairness regression, we did
not find a significant effect of gender on Anger Measure (b =
−.059, p = .716). Therefore, we integrated the data across
gender. Unlike the Fairness measure results, we found no
significant difference between the Child Condition and the
Robot-Picture Condition (Step 1: b = −.117, p = .465),
thus rejecting H2a. In this case, higher scores indicate that
the recipient who was not awarded was perceived as angrier.
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Table 2 Regression analysis for Anger

Step 1 Step 2
b SE β t p b SE β t p

Intercept 4.244 0.334 12.714 < 0.001 3.485 0.418 8.342 <0.001

Condition: Robot-Picture −0.117 0.161 −0.122 −0.731 0.466 1.651 0.631 1.71 2.616 0.01

Gender: girl −0.059 0.162 −0.061 −0.364 0.716 − 0.068 0.157 −0.07 −0.432 0.667

Age −0.143 0.048 −0.249 −2.961 0.004 −0.03 0.062 −0.046 −0.427 0.67

Robot-Picture*age −0.273 0.094 −0.282 −2.893 0.004

Step 1: Adjusted R2 = 0.047, F(3,135) = 3.261, p = .024. Step 2: Adjusted R2 = .097, F(4,134) = 4.672, p = .001

The mean scores for both conditions were similar (Robot: M
= 3.17, SD= 1.06; Child:M= 3.28, SD= .888). Similar to the
Fairness measure, we also found an age effect, showing that
older children thought the unrewarded recipient would be
less angry than younger children did (b =−.145, p = .003).

To examine our second hypothesis, we used Pearson’s
correlation test for each condition. The results revealed that
with Robots, younger children thought that the robot would
be much angrier compared to older children (r (139) =
−.467, p < .001), Supporting H2b. There was no such age
effect on children’s expectation of how angry a child would
be at receiving less (r (139) = −.058, p = .622). See Fig. 2
which demonstrates the difference between the conditions
for Fairness and Anger measures. We note that the Pearson
analysis is used to explore the age effect on the robot con-
dition for each measure separately, and not to explore the
possible correlation between the measures. For Anger mea-
sure, we see that the perceived Anger decreased with age for
the Robot-Picture condition, while for the Child condition,
it remained steady. These results can explain the rejection of
H2a. The condition’s null effect appears to be driven by the
fact that younger childrenweremuchmore likely to think that
the robotwould be angry than older childrenwere. Compared
to the Fairness measure, we observed the opposite results, in
which we found a correlation with age in the Child Condition
but not the Robot Condition.

To examine our third hypothesis, we conducted a sepa-
rate multi-linear regression analysis, termed as “Step 2”, to
explore the interaction effect of the condition and the age
on Anger (Step 2: Adjusted R2 = .097, F(4,134) = 4.672,
p = .001). Unlike the Fairness measure results, we found a
significant interaction effect between the condition and the
age (b = −.272, p = .004). Based on the AIC values, we
found that adding the interaction effect improved themodel’s
fit. The difference between the model’s AIC is 6 and repre-
sents a 1.6% change (AIC: Step 1: 384.42, Step 2: 378.18).
See Table 2 for the results of the regressions.

On its own, interaction analysis tells us about the existence
of differences between the conditions and age, to the extent
they exist. However, to fully explore our hypothesis, we used
t-tests as a post-hoc analysis to compare theAngermeasure of

two age groups. Specifically, we explore the edges of our age
range (4- to 5- year-olds and 8- to 9-year-olds) of each con-
dition (Child versus Robot-Picture). We found that both for
older and younger children the t-test results pointed to non-
significant difference between the Child and Robot-Picture
condition (Older children:Robot:M=2.67, SD=1.15;Child:
M = 3.25, SD = .794, t-test: t(34.794) = −1.947, p = .06;
Younger children: Robot: M = 3.65, SD = 0.813; Child: M
= 3.32, SD = 1.13, t-test: t(38.085) = −1.1, p = .28). Our
results are mixed, showing that while the interaction effect
was significant, the t tests showed that for both younger and
older children the Anger measure was similar in both condi-
tions. Therefore, H2c is only partially supported.

3.3.3 Rectify Measure

Lastly, we analyzed the Rectify Measure results, the third
measure of our first experiment. To explore the effect of the
condition on the willingness to rectify the inequality, we con-
ducted a generalized linear model regression (GLM) using
a binomial distribution. The predicted variable consisted of
whether children opted to throw away the sticker or let the
child keep the sticker, with the condition and age as predic-
tors, controlling for gender. We used Area Under the Curve
(AUC) and accuracy asmeasures to evaluate themodel (AUC
= 0.591, Accuracy = 58.3%). However, we found that in this
case, the model demonstrated a poor discrimination (AUC
< 0.7 [84]), thus rejecting H3a. See Table 3 for the regres-
sion results. However, despite the non-significant results, we
noticed that the participants’ responses between the con-
ditions and the decision to rectify the inequality points to
opposite trends: in the Child condition, most participants
chose to throw the sticker and to rectify the inequality, while
for the Robot-Picture condition, fewer participants chose to
do so (Child: 58% vs. Robot-Picture: 41%). This direction of
the result is in linewith our hypothesis.We expected that chil-
dren would be more willing to rectify the inequality between
two children than a child and a robot.

Next, to explore our secondRectify-related hypothesis,we
conducted a similar generalized linear mixed-effects regres-
sion, this time exploring only theRobot-Video condition (this
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Table 3 Regression analysis for
decision to Rectify

Step 1 Step 2
Esti SE z p Esti SE z p

Intercept −0.167 0.717 −0.233 0.816 1.234 0.939 1.314 0.189

Condition: R-Pa 0.669 0.346 1.935 0.053 −2.602 1.423 −1.829 0.067

Gender: girl −0.015 0.348 −0.044 0.965 0.002 0.356 0.005 0.996

Age −0.022 0.104 −0.211 0.833 −0.239 0.142 −1.686 0.092

R-P1*age 0.508 0.216 2.354 0.019

Step 1: AUC = 0.591, Accuracy = 58.3%, Null deviance: 192.69 on 138 DF, Residual deviance: 188.81 on 135
DF. Step 2: AUC = 0.652, Accuracy = 64.0%, Null deviance: 192.69 on 138 DF, Residual deviance: 183.06
on 134 DF
aRobot-Picture

way, we will be able to explore the age effect specifically
in the Video-Robot condition). For this model as well, the
evaluation measures pointed to insufficient model (AUC =
0.615, Accuracy = 68.3%), therefore, rejectingH3b hypothe-
sis. Lastly, similar to previous measures’ analyses, to explore
our third hypothesis, we had startedwith conducting a regres-
sion to explore the interaction effect of the condition and
age on the Rectify measure. Similar to previous regressions,
the AUC measure pointed to a poor discrimination (AUC =
0.652, Accuracy = 64.0%), thus rejecting H3c. See Table 3
for the regression results.

3.4 Discussion

We found some support for our suggested hypotheses.
Broadly speaking, children thought it was more unfair to
share unequally when the non-recipient was a child rather
than a robot. We did not find a similar main effect for Anger;
however, we observed the predicted interaction with age. As
children got older, they thought that a robot would be less
angry about the inequality (there was no such age effect on
children’s predictions about the child’s anger - they predicted
similarly high levels of anger at all ages we tested). How-
ever, despite the observed interaction, the Anger differences
between the youngest and the oldest childrenwere not signif-
icant. Therefore, the results point to a trend, in which young
children in our sample regard the two conditions as some-
what equivalent, and they increasingly differentiate between
these two conditions as they get older. As for our hypothesis
related to rectifying inequality, we did not find any significant
differences between conditions.

These results indicate that children thought that social
robots were less worthy of fair treatment than children. How-
ever, we note that these effects were quite modest compared
to our expectations - children, even older children, overall
believed that it was quite unfair to share unequally even if
one of the recipients was a robot. Moreover, with the Anger
measure, while older children thought that the robotwould be
less angry than younger children (interaction effect between
the condition and age), even for the oldest children,wedid not

observe significant anger perceptions between the Robot and
the Child conditions. We hypothesized that this might have
occurred because the picture of the robot, with no demonstra-
tion of the robot acting robotic, might have led children to
thinkof the robot as beingmore human-like thanwe intended.
To test this hypothesis, we conducted Experiment 2, in which
we gave children a demonstration of the robot behavingmore
like a robot.

4 Experiment 2

In Experiment 2, we intended to further probe children’s
intuitions about social robots. In Experiment 1, we showed
children a picture of the robot and did not give them addi-
tional information about what the robot is like. Thus, it is
possible that children imagined this robot being much more
agentic and human-like than we had intended. Indeed, their
primary experiences with robots might be in films where
robots are quite human-like [85]. If they had such an expec-
tation, this might explain why children at all ages tested
believed it was relatively unfair to share unequally between
the robot and the human. To reduce the children’s perceived
agency of the robots, we followed previous studies findings,
showing a relationship between robots’ motions and their
perceived animacy [86] and affect [87]. Closely related to
our used approach, Castro-González et al. found that when
robots moved in a mechanistic way (i.e., not smooth) they
were perceived as less animate [86]. However, this finding
was significant only when the robot’s appearance was more
human-like. The authors compared between a full-body robot
(human form) and one-arm robot. Similarly, in our study, the
robot resembled a human appearance, having a clear human
upper-body appearance. Accordingly, in Experiment 2, we
designed a video demonstration of the robot emphasizing
that it was robotic. It was highly mechanistic (e.g., mov-
ing in a stilted manner) so that children understand that this
robot is not particularly human-like. Similar to Experiment
1, we hypothesized that children would think that a recipient
robot would be less deserving of fair treatment and also less
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Fig. 3 Sequence of images from the video of the mechanistic robot motion

angry at unfairness, compared to a recipient child. Further-
more, based on our previous results, we hypothesized that
younger children would be more likely to think that a robot
recipient deserves fair treatment than older children and that
younger children would believe the robot was angrier than
older children.We also included the rectifymeasure from our
previous studies, predicting that children will want to rectify
the inequality more when the other recipient is a child than
when it is a robot.

4.1 Method

4.1.1 Participants

We recruited 134 children based in Israel: 26 4-year-olds (11
girls and 15 boys), 28 5-year-olds (9 girls and 19 boys), 20
6-year-olds (7 girls and 13 boys), 23 7-years-olds (9 girls and
14 boys), 22 8-year-olds (6 girls and 16 boys), and 15 9-year-
olds (5 girls and 10 boys). The recruitment was based on a
power analysis for multiple linear regression model with a
view to obtaining.80 power to detect a medium effect (.25) at
the standard alpha error probability (.05). Participants were
recruited through parents’ groups on social networks. The
study was approved by the Institutional IRB.

4.1.2 Procedure

The scenario for Experiment 2was nearly identical to that for
Experiment 1; one sticker was given to one of two recipients,
and the same three dependent measures were given: Fairness
Measure, Anger Measure, and Rectify Measure. However,
there were two major differences between the experiments.
Most importantly, children were shown a video demonstra-
tion of the robot that was meant to convey that the robot was
indeed robotic. Secondly, the study used a within-subject
design.

In this experiment, each participant was exposed to both
conditions: Child Condition and Robot-Video Condition.
The Child condition was identical to Experiment 1. The
Robot-Video condition was very similar to the Robot-Picture
condition from Experiment 1, except that before the trial had
started, children were shown a brief video. The video con-

sisted of an 11-seconds video demonstration of the robot,
in which the robot moved in a very mechanistic way, see
Fig. 3. The robot shown in the video is the same robot shown
laterwhendescribing theRobot-Video condition. The stimuli
were translated into Hebrew and back translated to vali-
date the translations. The appearance of the conditions was
counterbalanced between the participants, and all other coun-
terbalances and randomization were similar to Experiment
1 (for example, the side of the rewarded recipient and the
appearance of “Fair" or “Unfair” in the relevant question).

4.1.3 Measures

The same measures were used as in Experiment 1.

4.2 Results

4.2.1 Fairness Measure

We performed similar analyses as done for Experiment 1.
To test the Fairness set of hypotheses, we also used regres-
sion. However, since we conducted a within-subject study,
we employed a linear mixed effect (LME) analysis to take
into account the random effects in our model. The regression
explored the effect of the condition and age on the Fairness
Measure, controlling for gender and trial.We used the Likeli-
hoodRatioTest (LRT) to evaluate thefixed effect significance
[88] and found that the difference between the full model,
which includes the condition, and the reduced model without
the condition was significant (χ2 = 17.092, p < .001). Simi-
lar to Experiment 1, the regression analysis results, which are
summarized in Table 4, showed a non-significant effect of
gender on FairnessMeasure, enabling integrating data across
gender (b = −.127, p = .415). Similarly, the trial did not
have a significant effect as well (b = .148, p = .174). Ana-
lyzing the results, we found that children believed that the
distribution wasmore fair in the Robot-Video Condition than
the Child Condition (b = .517, p < .001), thus supporting
H1a. Children evaluated the Robot-Video condition as more
fair than the Child condition (Robot-Video: M = 2.37, SD =
1.13; Child: M = 1.84, SD = 1.02). As for age, we did not
find an age effect on Fairness measure (b = .004, p = .934).
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Table 4 Regression analysis for
Fairness with video
demonstration

Step 1 Step 2
b SE t p b SE t p

Intercept 1.778 0.307 5.796 <0.001 2.549 0.369 6.905 <0.001

Condition: R-Va 0.517 0.113 4.581 <0.001 −0.994 0.419 −2.372 0.019

Gender: girl −0.127 0.156 −0.818 0.415 −0.127 0.156 −0.818 0.415

Age 0.004 0.045 0.082 0.934 −0.118 0.055 −2.127 0.034

Trial 0.179 0.113 1.582 0.116 0.148 0.108 1.367 0.174

R-V1*age 0.242 0.065 3.731 <0.001

Step 1: LRT between full and reduced model: χ2 = 17.092, p < .001. Step 2: χ2 = 9.697, p = .002
aRobot-Video

Fig. 4 Fairness score versus the participant’s age, comparing the conditions of Child and Robot with video demonstration. Higher scores indicate
more fair

We then used Pearson’s correlation test per each condi-
tion to examine our second Fairness-related hypothesis. As
expected, the results revealed a significant age effect on chil-
dren’s fairness evaluations in the Child Condition (r (134) =
−0.193, p = .025). Older children thought that the inequal-
ity described in the experiment was more unfair compared to
younger children. Unlike in Experiment 1, we also found a
significant age effect in the Robot-Video Condition (r (134)
= .193, p = .025), but in the opposite direction of the
ChildCondition.When the unrewarded recipientwas a robot,
older children thought that the inequality was less unfair than
younger children, supporting H1b. See Fig. 4 which demon-
strates the difference between the conditions. It can be seen
that for the Child condition, the perceived fairness decreases
with age, as opposed to the Robot-Video condition, where
it increases with age. Furthermore, similar to Experiment 1,
we did not find differences in the fairness responses’ vari-
ances between the youngest (4-years-olds) and the oldest
(9-years-olds) participants (Levene’s Test: F (1, 80) = 2.029,
p = .158).

Next, to examine our third Fairness-related hypothesis,
we conducted a separate LME analysis, termed as "Step 2",

to explore the interaction effect of the condition and the age
on Fairness. The LRT analysis showed that the difference
between the full model, which includes the condition, and
the reduced model without the condition was significant (χ2

= 9.697, p = .002). Unlike the Fairness measure results
in Experiment 1, we found a significant interaction effect
between the condition and the age (b = .242, p < .001).
Based on theAICvalues,we found that adding the interaction
effect improved the model’s fit. The difference between the
model’s AIC is 8 and represents a 1.0% change (AIC: Step
1: 814.86, Step 2: 807.18). See Table 4 for the regressions
results.

Next, we used t-tests to compare the Fairness measure
of the two age groups (4- to 5-year-olds and 8- to 9-year-
olds) for each condition. For older children, the t-test results
pointed to a significant difference between the Child and
Robot-Video condition, while for the younger children the
results pointed to non-significant differences (Older children:
Robot-Video: M = 2.78, SD = .98; Child: M = 1.49, SD = .8,
t-test: t(36) = −6.03, p < .001; Younger children: Robot-
Video: M = 2.17, SD = 1.15; Child: M = 1.98, SD = 1.17,
t-test: t(53) = −.88, p = .38). These results support H1c.
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Table 5 Regression analysis for
Anger with video demonstration

Step 1 Step 2
b SE t p b SE t p

Intercept 4.273 0.272 15.691 <0.001 2.986 0.348 8.571 <0.001

Condition: R-Va −0.715 0.129 −5.560 <0.001 1.808 0.457 3.958 0.019

Gender: girl 0.080 0.135 0.590 0.555 0.080 0.133 0.600 0.549

Age 0.136 0.039 −3.516 0.001 0.066 0.052 1.271 0.205

Trial 2 −0.285 0.129 −2.212 0.028 −0.233 0.118 −1.980 0.050

R-V1*age −0.405 0.071 −5.717 <0.001

Step 1: LRT between full and reduced model: χ2(1) = 27.076, p < 0.001. Step 2: χ2(2) = 26.074, p < 0.001
aRobot-Video

4.2.2 Anger Measure

Similar to Fairness analyses in Experiment 2, we began by
conducting a linear mixed effect regression analysis, with
the condition and age as predictors, and controlling for gen-
der and trial (Step 1, LRT analysis results: χ2 = 27.076,
p < .001). Since the results showed a significant effect for
the trial (Step 1, LME result: b = −0.285, p = .028), in
which participants were more likely to think that the unre-
warded recipient is less angry in the second trial than in the
first, we also analyzed the results of each trial separately. See
Table 5 for the main regression results (with both trials col-
lapsed), and see “Appendix A” for the regression of each trial
separately. In what follows, we describe the main regression
results. As opposed to the Anger measure in Experiment 1, in
this experiment, we found a significant difference between
the Child Condition and the Robot-Video Condition (Step
1: b = −.715, p < .001), thus supporting H2a. The mean
scores per each condition show higher anger perceptions for
the Child condition (Robot: M = 2.59, SD = 1.25; Child: M
= 3.31, SD = .89). Similar to the Anger measure in Experi-
ment 1, we found an age effect showing that older children
thought that the unrewarded recipient would be less angry
than younger children did (b =−.136, p = .001). In the sep-
arate analyses we conducted per each trial, we found similar
results, pointing to significant effects for the condition and
age (Trial 1: Condition: b = −.477, p = .005; Age: b =
−.13, p = .011; Trial 2: Condition: b = −.957, p < .001,
Age: b = −.131, p = .025).

We continued to examine our second hypothesis using
Pearson’s correlation test. We analyzed each condition,
exploring the relationship between age and Anger measure.
Similar to Experiment 1, we found that for the Robot-Video
condition, younger children thought that the robot would
be much angrier compared to older children (r (134) =
−.462, p < .001), supporting H2b, and did not find this
effect for the Child condition (r (134) = .132, p = .129).
Analyzing each trial, for the Robot condition, we found sig-
nificant correlations in both trials (Robot-Video as a first trial:
r (65) = −.394, p = .001; Robot-Video as a second trial: r
(69)= −.51, p < .001). For the Child condition, we found

mixed results. Only when the Child condition was presented
as the second trial we found a significant positive correla-
tion, in which older children thought that the child would be
angrier than younger children (Child as a first trial: r (69)
= −.03, p = .805; Child as a second trial: r (65) = .296,
p = .017). Figure4 presents the difference between the con-
ditions for Fairness and Anger measures. Please note that
the two graphs are based on the two trials collapsed. For the
Anger measure in the Robot-Video condition, we see a much
sharper change with age, compared to the Child condition.
For Robot-Video condition, we see a decrease in Anger per-
ception with age, while for the Child condition, we see amild
increase with age.

Next, similar to our Fairness analysis, to examine our third
hypothesis, we conducted a separate LMEanalysis to explore
the interaction effect of the condition and the age on Anger
(“Step 2”). The LRT analysis showed that the difference
between the full model, which includes the condition, and the
reduced model without the condition was significant (χ2 =
26.074, p < .001). In this case, as opposed to Step 1, the trial
did not have a significant effect onAngermeasure (b=−.233,
p = .05). However, since this is a borderline result, we also
report the regression per trial, as done in previous analyses.
Similar to the Anger measure results in Experiment 1, we
found a significant interaction between the condition and the
age (b = −.405, p < .001). Also, similar to previous Anger
results, we found that adding the interaction effect improved
the model’s fit. The difference between the model’s AIC is
24.07 and represents a 3.0% change (AIC: Step 1: 812.077,
Step 2: 788.004). SeeTable 5 for the results of the regressions.
When analyzing each trial separately we also find significant
interaction effect (Trial 1: b = −.277, p = .006; Trial 2: b =
−.551, p < .001).

Lastly, we used t-tests to compare the Anger measure of
the two age groups (4- to 5-year-olds and 8- to 9-year-olds)
for each condition. We conducted this test when including
both trials, and also per each trial separately.Unlike theAnger
results in Experiment 1, for older children, the t-test results
pointed to a significant difference between the Child and
Robot-Video condition, while for the younger children the
results pointed to non-significant differences (Older children:
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Table 6 Regression analysis for
decision to Rectify

Step 1 Step 2
Esti SE z p Esti SE z p

Intercept −0.096 1.074 −0.089 0.929 1.178 1.306 0.902 0.367

Condition: R-Va 0.793 0.351 2.258 0.024 −1.730 1.356 −1.276 0.202

Gender: girl −0.938 0.573 −1.637 0.102 −0.986 0.601 −1.641 0.101

Age 0.090 0.159 0.564 0.573 −0.108 0.195 −0.553 0.580

Trial 2 −0.155 0.338 −0.459 0.646 −0.205 0.348 −0.588 0.556

R-V1*age 0.412 0.217 1.900 0.057

Random effects Variance SD Variance SD

Participant 4.727 2.174 5.25 2.291

Step 1: AUC= 0.983, Accuracy = 92.5%, logLik =−166.1, Deviance = 332.1; Step 2: AUC = 0.987, Accuracy
= 92.2%, logLik = −165.9, Deviance = 331.8
aRobot-Video

Robot-Video:M=1.78, SD=1.0;Child:M=3.59, SD= .644,
t-test: t(36) = 9.571, p < .001; Younger children: Robot-
Video: M = 3.15, SD = 1.07; Child: M = 3.2, SD = 1.03,
t-test: t(53) = .249, p = .801). These results support H2C.

For the two trials separately, we found similar results, in
which only for older children there are significant differences
between the conditions. (Older children: First trial: Robot-
Video:M=2.13, SD=1.19;Child:M=3.32, SD=.716, t-test:
t(20.95) = 3.46, p = 0.002; Second trial: Robot-Video: M =
1.55, SD =.8; Child: M = 4, SD = 0, t-test: t(21) = 14.383,
p < .001; Younger children: First trial: Robot-Video: M =
3.21, SD = 1.03; Child: M = 3.35, SD = .977, t-test: t(51.975)
= .482, p = .632; Second trial: Robot-Video: M = 3.08,
SD = 1.13; Child: M = 3.07, SD = 1.09, t-test: t(51.336) =
−.018, p = .986).

4.2.3 Rectify Measure

Lastly, we analyzed the Rectify Measure results. To explore
the effect of the condition on the willingness to rectify the
inequality, we used generalized linear mixed-effects analy-
sis, using a binomial distribution. The predicted variable in
the regression consisted of whether to throw or let the child
keep the sticker, with the condition and age predictors, and
controlling for gender and trial. Unlike Experiment 1, in this
experiment, the evaluation measures pointed to a sufficient
model (AUC = 0.983, Accuracy = 92.5%). We observed a
significant effect of the condition on the Rectify Measure
(coefficient = 0.793, p = 0.024), in which children were
more likely to keep the sticker in the Robot-Video condition,
i.e. not rectifying the inequality, thus, supporting H3a. See
Table 6 for the regression result.

Next, similar to Experiment 1, we conducted a general-
ized linear mixed-effects regression while exploring only
the Robot-Video condition. In this model, the evaluation
measures pointed to an insufficient model (AUC = 0.643,
Accuracy=61.9%), therefore, rejectingH3b. Lastly, to inves-

tigate our third Rectify-related hypothesis, we explored the
interaction effect of the condition and age on theRectifymea-
sure. In this case, while the model itself was sufficient (AUC
= 0.987, Accuracy = 92.2%), the results pointed to insignifi-
cant interaction effect (coefficient = 0.412, p = 0.057), thus
rejecting H3c. See Table 6 for the regression result.

4.3 Discussion

In Experiment 2, we replicated key findings fromExperiment
1 and found support for some hypotheses that only received
mixed support in Experiment 1. Summary of supported and
rejected hypotheses in both experiments is presented in Table
9 in “Appendix C”. Replicating Experiment 1, we found that
children thought it wasmore fair to share unequallywhen one
of the recipients was a robot rather than when both recip-
ients were children. Additionally, we found the predicted
change in children’s fairness evaluations as they got older.
Younger children thought that it was equally unfair to give
the resource to one child over another child as it was to give
the resource to one child over a robot. As children got older,
they increasingly thought it was much more unfair to share
unequally when the other recipient was a child rather than
a robot. Indeed, this interaction of age and condition shows
that while younger children do not necessarily differentiate
between how children and social robots should be treated
in this task, older children think they should be treated dif-
ferently. This is similar to the attribution of mental states to
robots that have been found for 5- to 6-years-olds in previous
work [30] - while they significantly recognized the robot as a
distinct entity, children of this age expressed similar behav-
iors toward a robot and a child.Moreover, the age dependency
shown in our results may reflect the over-generalization of
fairness concerns [89] as well as younger children’s tendency
to anthropomorphize certain inanimate objects [34, 90, 91].
Our results reveal striking developments in children’s evalu-
ations and beliefs about how robots should be treated.
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As for Anger, we replicated our results from Experiment
1, again finding a significant interaction between Anger and
age such that, with age, children increasingly believed that
the robot would be less angry at inequality. However, only in
Experiment 2 we also found that younger children thought
that a child and robot would be upset in a similar way about
receiving less,while older children thought that a robotwould
be much less upset than a child. Additionally, in this exper-
iment, we also observed an overall main effect of condition
such that children thought that a child would be more upset
than a robot as receiving less (though this main effect was
qualified by the interaction we just described). These results
suggest that young children believe that robots will be less
upset about inequality than other children and, specifically,
that they do so increasingly with age.

Finally, unlike in Experiment 1, we found that children
differentiated between the child and robot recipients in their
tendency to rectify inequality. We had predicted that chil-
dren would be more likely to rectify the inequality (taking
the sticker back from the child recipient) when the other dis-
advantaged recipient was a robot rather than a human, andwe
found support for this prediction. However, unlike the other
measures (Fairness, Anger), we did not find that age had an
effect on children’s likelihood to rectify the inequality.

5 General Discussion

In two studies, we demonstrated first, that children think
it is more unfair to share unequally when both recipients
are children as compared to when one of the recipients is
a child, and the other is a robot; and second, that chil-
dren evaluate human children as more likely to be mad than
robots when they receive fewer resources from a distribu-
tor. Both of these tendencies appeared to become stronger
with age, with our oldest children most clearly believing it
is more unfair to share unequally between two children as
compared to a child and a robot. We do not believe that
this is because younger children could not follow our task
or thought differently about fairness—4-year-olds did not
show more variance than the older children on our fairness
measure in both experiments, and all age groups generally
regarded unequal sharing between human recipients as unfair
(see explanation later in our general discussion)—but instead
suggest that younger children specifically thought differ-
ently about inequality involving a robot recipient. Supporting
Castro-González et al. results’ [86], we further demonstrated
that children’s expectations appear to be influenced by how
robotic the robot seems to children. Especially for the older
children in our sample, they most strongly differentiated
between robots and child recipients when they were shown a
video in which the robot moved very mechanically (Exper-
iment 2). Taken together, these results reveal that young
children appear to treat robots and human beings as some-

what equivalent on this task, but as they get older, they clearly
predict that robots (at least when they are presented as highly
robotic as in Experiment 2) will be much less angry about
inequality and evaluate creating such inequality as less unfair.

These studies help to sketch a more detailed picture of
children’s early fairness intuitions and how they think about
non-human agents as deserving or not deserving fair treat-
ment. Previous research in this area has found that children
fromearly in life (even infants) differentiate between unequal
sharing that occurs between agents and non-agents [46–48].
However, theway they think about and evaluate unequal shar-
ing between different agents (whomight differ in their ability
to experience certain kinds of emotions) has been less clear.
Furthermore, although we know that children do get upset
when they receive less than others [53, 55], there has been
much less work that we are aware of that has examined chil-
dren’s predictions about how others will feel about inequality
(for an exception see [92]) and no work that has explicitly
examined how children believe that non-human agents feel
about inequality. These studies thusmake two clear advances.
They demonstrate that children do predict that others will be
mad at inequality, even in cases where the only alternative
was to throw the resource away. Further, children, especially
as they get older, modulate their predictions about others’
anger based on the identity of the disadvantaged agent (i.e.
whether they are a robot or not). Future work should further
probe how children’s beliefs and predictions about others’
reactions to inequality drive the way they interact with and
share with others.

Furthermore, these studies make an important method-
ological point for those interested in measuring children’s
intuitions about robots. It has long been known that chil-
dren’s tendency to anthropomorphize a robot is driven byhow
human-like the robot seems [3, 93, 94]. Based on these data,
one might have assumed that when children hear the word
robot and see a picture like the one used in our Experiment
1, they would infer a very robotic and non-humanlike entity.
However, our results suggest that children instead seemed to
infer a more human-like robot (especially when they were
young). It was only when we gave them positive evidence
of the robot being robotic that they thought of this robot as
being less human.

Most of children’s exposure to robots is likely from TV
and film, in which the robots are highly human-like [85].
Hence, it is not surprising that their initial perception of a
robot is primed to anthropomorphic robots, with human-like
behaviors [95]. We assume that these perceptions affected
their responses. Hence, if children are presented with only a
picture of a robot, as was the case in Experiment 1, they may
imbue the robot with unintended human-like qualities that
could induce a higher level of moral attribution towards it,
resulting in smaller differences between how they believe a
child and a robot should be treated. Importantly, our studies
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demonstrated that their initial expectations can be overcome
by showing children that the robot is actually quite robotic.
Indeed, we demonstrate that even a short video, as was used
in Experiment 2, that conveys the mechanistic characteristic
of the robot (e.g., it did not speak or interact and moves in
a jerky “robotic” way) was able to change children’s beliefs
about the robot, resulting in larger and significant differences
between children’s fairness evaluations of unequal sharing
that disadvantaged a child versus a robot. These data will
be useful for subsequent work on children’s intuitions about
robots because they suggest that children may need some
actual exposure to the robot (at least in a video) in order to
actually probe children’s intuitions about the kinds of robots
that exist in the realworld. For example, for studies in theHRI
field [96], aswell as outside of it, such as in Psychology, using
a graphical demonstration of robots is common. For these
studies, clearly providing a demonstration of the extent to
which a robot is human-like would be useful, as we observed
that children have prior perceptions regarding this topic.

While these studies further our understanding of chil-
dren’s concepts of fairness and their intuitions about robots,
they are not without their limitations. First of all, the stud-
ies were conducted online, due to the COVID-19 pandemic.
These circumstances raise two separate issues. First, while
we intended to explore our hypotheses using a physical robot
thatwould have enabled an interaction,we could only explore
our hypotheses using an image and a video, a methodol-
ogy used in prior children-robots studies [2, 30, 97]. It is
possible that interacting with a real robot might influence
children’s fairness evaluations. For example, seeing robots
respond to external stimuli, such as responding to pain, may
drive up even older children’s fairness concerns. Alterna-
tively, a very robotic robotmaydrive down children’s fairness
concerns, possibly even in young children. Given that we saw
some effect of children’s observations from video affecting
fairness measures, this seems quite likely. Indeed, the differ-
ence between our two studies demonstrates to some degree
that children are sensitive to how the robot behaves even
when they encounter a photo or video of a robot virtually.
Thus, using virtual representations of robots for convenience
can provide some methodological insights for future online
studies. Our study results highlight the importance of under-
standing what the children’s perceptions about a presented
robot are, and according to the research purpose, clarify-
ing the extent to which the explored robot is human-like.
Our studies demonstrate that merely showing children a
robot is probably insufficient, and research procedures should
identify some basic features of the explored robot to shift
children’s intuitions about the robot [97]. If we were to have
children interact with a real-life robot (who acted roboti-
cally), we believe this too might shift them to think of the
robot as less human. However, we hypothesize that the gen-
eral trend observed will remain, leading to possibly stronger

results (such as a stronger effect of age), but not to a differ-
ent pattern entirely. Second, previous research in our lab and
other labs has used Zoom or other video-conference services,
as a platform to conduct studies in other contexts, such as con-
ducting interviews and focus groups. These studies found that
the experience of video-conferencing platforms was overall
positive and comparable to in-person settings [98–100].

Next, we were only able to test children’s intuitions about
a few specific robots and human beings, but of course, there
are a number of entities that are less human-like than the
somewhat humanoid-shaped social robots that appeared in
our studies. Pets, non-humanoid robots, and toys are three
entities that likely would engender their own response from
children. Because we did not include a highly non-social
control (e.g. a toy car that is not a robot at all) we do not
know how much children’s responses were shaped by their
concepts of robots in particular versus their intuitions about
anything non-human. We noted above that younger children
may have thought robots would be mad because they anthro-
pomorphize robots, but it could be that younger children
would anthropomorphize any entity. It will be highly infor-
mative for future research in this area to include completely
non-social controls in order to assess if young children at
least have the intuition that these entities will not experience
anger or deserve fair treatment. If, instead, young children
respond the same way for completely non-social controls,
this would suggest that younger children’s responses are not
specific to robots and instead part of some broader tendency
to attribute anger to inanimate things.

Another potential limitation of the study is that it did not
include an example-based explanation to help the participants
understand the concepts and validate their understanding
prior to the formal experiments. We did this because our
task was relatively straight forward and so we believed that
the bit of scaffolding we did provide children was sufficient.
Furthermore, if we want to assess children’s spontaneous
judgments, then it can be better to do so without too much
formal training (aswould be the case in their normal lives).Of
course,we acknowledge that there are caseswhere such a lack
of training can potentially be a problem, particularly when
interpreting the behavior of younger children. For example,
one may find that younger children respond differently from
older children simply because they have difficulty follow-
ing the task at hand. While this is always a possibility, there
are features of our results that make such an interpretation
unlikely to account for our results. If young children were
merely having difficulty following our task, then they should
have responded more randomly than the older children (pri-
marily responding at the midpoints of our scales). However,
that is not at all what we find, we instead find that younger
children quite strongly think that both robots and children
will be very mad. Furthermore, younger and older children
generally respond similarly to the question of whether or not
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a child would be mad about inequality in our two studies.
Such systematic responding cannot occur with children sim-
ply misunderstanding the task and so we do not think this
should undermine the interpretation of our results here.

Finally, although we tested these intuitions in two cultures
(the United States and Israel), the two cultures we tested
are highly similar on many dimensions, including the extent
to which they are rich and industrialized. In some ways,
this was a natural starting point for such an investigation,
given that children in these societies will be the ones most
likely to interact with social robots in the near future. How-
ever, these studies obviously cannot tell us broader things
about how children in other countries, i.e., less industrial-
ized societies, with less exposure to robots, think about social
robots. Indeed, we know that culture has pervasive effects on
people’s judgments, which has created a recent push to test
people beyond WEIRD societies (western, educated, indus-
trialized, rich and democratic) [101]. It would certainly seem
that people’s intuitions about robots will likely be influenced
both by their cultural experience as well as just their expo-
sure to social robots. Indeed, we know that children respond
differently to robots, even in industrialized societies, based
on their experiences with them [82, 102]. For children who
have very limited or no interaction with social robots, it is
unclear how they might evaluate such robots. One possibil-
ity is that if they had no exposure at all and were shown the
non-biological robotic video that participants were shown in
Experiment 2, they would not believe that the robot deserves
fair treatment. However, there is some work suggesting that,
at least in industrialized societies, more exposure to social
robots leads to children anthropomorphizing them less and
so it is possible that children in non-industrialized societies
would actually anthropomorphize the robots more. We hope
that this work prompts more cross-cultural investigations
on children’s intuitions about robots [82]. Future work can
address these issues by introducing more background infor-
mation on each participant, such as prior experience with
robots, e.g. in media exposure, interaction with technology
and technological toys. Furthermore, including a larger vari-
ation of robots on the anthropomorphic-axis will pinpoint the
morphological aspects that trigger the effects reported here.

As we noted at the outset, social robots are not merely
the future, they are already here. Not only are these social
robots important tools that can help educate our children, but
probing children’s intuitions about these social robots can
educate researchers interested in people’s basic social cogni-
tion. Our results reveal important developments in children’s
intuitions about fairness and social robots, and thus opens up
the possibility for countless future research: investigating the
features that drive one to think that others will be upset about
inequality, as well as broader questions about what kinds of
rights people believe that robots are entitled to.
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Appendix A. Experiment 2, Anger Measure:
Separated Trials Regressions

Table 7 Regression analysis for Anger, study 2, trial 1

Step 1 Step 2

b SE β t p b SE β t p

Intercept 4.030 0.353 0.109 11.407 <0.001 3.238 0.447 7.242 <0.001

Condition: Robot-Video −0.477 0.169 −0.464 −2.822 0.006 1.248 0.642 1.214 1.944 0.054

Gender: girl 0.340 0.177 0.331 1.922 0.057 0.352 0.173 0.342 2.038 0.044

Age −0.130 0.051 −2.561 −0.212 0.012 −0.006 0.067 −0.011 −0.097 0.923

Robot-Video*age −0.277 0.100 −0.270 −2.781 0.006

Step 1: Adjusted R2 = 0.01, F(3,130) = 5.912, p = 0.001. Step 2: Adjusted R2 = 0.144, F(4,129) = 6.597, p =< 0.001
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Table 8 Regression analysis for Anger, study 2, trial 2

Step 1 Step 2

b SE β t p b SE β t p

Intercept 4.172 0.390 0.454 10.706 < 0.001 2.319 0.504 4.599 < 0.001

condition: Robot-Video −0.957 0.192 −0.781 −4.977 < 0.001 2.471 0.683 2.018 3.616 < 0.001

Gender: girl −0.181 0.201 −0.148 −0.903 0.368 −0.205 0.184 −0.167 −1.114 0.267

Age −0.131 0.058 −0.179 −2.264 0.025 0.174 0.079 0.237 2.200 0.030

Robot-Video*age −0.551 0.106 −0.450 −5.190 < 0.001

Step 1: Adjusted R2 = 0.181, F(3,130) = 10.78, p =< 0.001. Step 2: Adjusted R2 = 0.317, F(4,129) = 16.43, p =< 0.001

Appendix B. A Full Example of the Robot-
Picture Condition

Appendix C. Summary of Results

Fig. 5 An example of a Robot-Picture condition as was conducted in Experiment 1. In this case, the child was a girl, positioned on the right side

123



International Journal of Social Robotics

Table 9 supported and rejected
hypotheses in Experiment 1 and
Experiment 2

Measure Hypothesis Experiment 1 Experiment 2

Fairness H1a Supported Supported

H1b Rejected Supported

H1c Rejected Supported

Anger H2a Rejected Supported

H2b Supported Supported

H2c Partially supported Supported

Rectify H3a Rejected Supported

H3b Rejected Rejected

H3c Rejected Rejected

Hypotheses: Ha: comparing children’s perceptions of child-child versus child–robot context; Hb: age related,
hypothesizing older children will consider robots as less worth of the explored measure. Hc: age related and
comparing perceptions about child-child versus child–robot context. See Sect. 2 for the detailed hypotheses
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