
International Journal of Social Robotics (2024) 16:1665–1679
https://doi.org/10.1007/s12369-024-01155-9

companion). Anthropomorphism is the attribution of human 
properties and, in particular, human mental capacities to 
nonhuman entities [2]. Anthropomorphism is pivotal in 
interactions between humans and social robots because it 
facilitates social cognitions, that is, the application of social 
and psychological criteria to robots [3]. Accordingly, when 
people anthropomorphize a robot, they are more likely to 
perceive the interaction with the robots as having a social 
quality.

As an increasing number of social robots are created for 
children [4], researchers have begun to investigate anthro-
pomorphism in child-robot interactions (CRI). Findings 
suggest that children do anthropomorphize social robots, 
but evidence mainly stems from studies that merely employ 
one [5] or two measurements of anthropomorphism [6]. The 
lack of longitudinal research is problematic because chil-
dren’s anthropomorphism of social robots is likely to be 
highly fluid. Not only are social robots still a novel technol-
ogy with which children have no or only limited experience, 
but they are also hybrid entities which combine characteris-
tics of humans and machines [7]. Consequently, most chil-
dren lack well-developed prior beliefs about the ontological 
status of social robots and interactions may produce incon-
sistent and fickle ontological beliefs.

1  Introduction

Social robots are a category of robots made for social inter-
actions and relationships [1]. They come in different shapes 
and sizes (e.g., robotic animals, human-like androids) 
and can fulfil a variety of roles (e.g., assistant, tutor, or 
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Abstract
Research on children’s anthropomorphism of social robots is mostly cross-sectional and based on a single measurement. 
However, because social robots are new type of technology with which children have little experience, children’s initial 
responses to social robots may be biased by a novelty effect. Accordingly, a single measurement of anthropomorphism 
may not accurately reflect how children anthropomorphize social robots over time. Thus, we used data from a six-wave 
panel study to investigate longitudinal changes in 8- to 9-year-old children’s anthropomorphism of a social robot. Latent 
class growth analyses revealed that anthropomorphism peaked after the first interaction with the social robot, remained 
stable for a brief period of time, and then decreased. Moreover, two distinct longitudinal trajectories of anthropomor-
phism could be identified: one with moderate to high anthropomorphism and one with low to moderate anthropomor-
phism. Previous media exposure to non-fictional robots increased the probability that children experienced higher levels 
of anthropomorphism.
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Two other issues related to longitudinal changes in chil-
dren’s anthropomorphism have also been disregarded. First, 
almost no research exists on whether children differ in how 
their anthropomorphism of social robots develops over 
time. Second, almost no study has addressed how individ-
ual differences influence longitudinal changes in children’s 
anthropomorphism of social robots. An exception is the 
study by van den Berghe et al. [6], which investigated how 
children’s sex and age influenced their development of robot 
anthropomorphism over time. However, theoretical models 
of anthropomorphism posit that individual differences are 
crucial determinants of anthropomorphism [2].

This study addresses these research gaps by investigat-
ing 8- to 9-year-old children’s anthropomorphism of a social 
robot in a six-wave panel study. In line with the three afore-
mentioned research gaps, the study focuses on the following 
research questions: (1) How does children’s anthropomor-
phism of a social robot change over time? (2) How many 
trajectories of anthropomorphism can be distinguished? (3) 
Which factors influence children’s trajectory of anthropo-
morphism? In addressing these questions, this study aims at 
contributing to a better understanding of children’s anthro-
pomorphism of social robots by advancing a longitudinal 
perspective on the concept. By identifying potentially dif-
ferent trajectories of children’s anthropomorphism as well 
as the etiology of these trajectories, the study may help us 
to better chart and grasp the specificities of the concept in 
children’s interactions with social robots.

1.1  Children’s Anthropomorphism of Social Robots

Robot anthropomorphism is a psychological response which 
involves the attribution of human mental capacities to a 
robot, including the ability to think, feel, perceive, desire, 
and choose [3]. Social robots have three main characteris-
tics which are likely to facilitate anthropomorphism. First, 
social robots have the appearance of a social agent, includ-
ing features such as a head, eyes, a torso, and limbs. Social 
robots do not necessarily resemble humans, they can also 
be a caricature of humans or exhibit the morphology of ani-
mals or machines [1]. Second, social robots have abilities of 
social agents, for instance, social intelligence or the ability 
to communicate verbally and non-verbally [8]. Third, social 
robots are designed to fulfil social roles and tasks. Notably, 
children may encounter social robots as tutors at school [9], 
as robotic toys [4], or in therapy [10].

Most research on children’s anthropomorphism of social 
robots is cross-sectional and consequently based on a sin-
gle measurement of anthropomorphism. It can roughly be 
divided into two types of research. In one type of research, 
children are presented with images or videos of social robots 
and instructed to evaluate the human-likeness of the robot 

[5, 11, 12]. In a second type of research, children directly 
interact with a social robot. Children’s anthropomorphism 
is measured by assessing their verbal and non-verbal behav-
iors during the interaction or through an interview or survey 
[13–17]. Many studies include experimental manipulations 
that are assumed to influence children’s anthropomorphism 
[12, 18].

Cross-sectional research shows that children anthropo-
morphize social robots to a moderate to moderately high 
degree: Sample means of measurements of anthropomor-
phism typically lie around the scale midpoint [5, 11, 13] 
and, for more advanced social robots, sometimes higher [5, 
13]. Similarly, about half or more of children typically attri-
bute human-like mental capacities to social robots [15–17]. 
In addition, anthropomorphism seems to emerge in response 
to a broad range of social robots– including anthropomor-
phic [15], zoomorphic [19], and caricatured social robots 
[13]– and throughout childhood– that is, in early [16, 18], 
middle [13, 17], and late childhood [15, 19].

However, scholars of human-robot interaction (HRI) and, 
more specifically, CRI have recognized that studying robot 
anthropomorphism with cross-sectional research designs 
may produce an incomplete picture [6, 20]. The “novelty 
effect” implies that initial interactions with social robots are 
likely to elicit psychological responses that are not repre-
sentative of people’s long-term responses [21]. While nov-
elty effects can affect a variety of psychological responses to 
a variety of new technologies, they are likely to be particu-
larly pronounced in the case of the anthropomorphism of 
social robots [22, 23]. Social robots constitute a new type of 
technology because they combine characteristics of humans 
and machines, which led scholars to refer to social robots as 
a “new ontological category” [15, 24]. In HRI, humans can 
not rely on established ontological categorization schemes, 
which posit a clear-cut distinction between humans and 
machines [25, 26]. Rather, humans have to assess the level 
of a social robot’s machine- and human-like characteris-
tics to realize an effective interaction [2]. This assessment 
typically stretches over multiple days and weeks [27]. As a 
result, anthropomorphism can be expected to fluctuate over 
time.

Longitudinal changes in robot anthropomorphism may 
have a second driver: Over time, people may apply different 
sets of criteria when evaluating the anthropomorphism of 
social robots. Initially, social robots may be anthropomor-
phized because they merely have a human-like shape [27] 
or follow basic principles of interpersonal interactions [8]. 
At later stages, however, people are likely to expect social 
robots – similar to other human beings – to perform more 
complex behaviors (e.g., adaptive behavior, recall of earlier 
interactions; [28]). As relevant criteria change over time, 
robot anthropomorphism is also likely to change.
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Longitudinal research on children’s anthropomorphism 
of social robots is scarce. Michaelis and Mutlu [20] inves-
tigated whether a Minnie robot– a small anthropomor-
phic social robot– can improve children’s reading activity. 
Twelve 10- to 12-year-olds were given a social robot for 
two weeks (in addition, 12 children functioned as a control 
group). Children’s perceptions of the robot were assessed 
in two qualitative interviews, one after the initial introduc-
tion to the robot and one at the end of the study. The results 
show that, after the first introduction, seven children felt a 
strong social companionship with the robot and two chil-
dren attributed emotions and personality to the robot. After 
two weeks, ten children referred to the robot as a compan-
ion and nine children attributed emotions and personality to 
the robot. These results imply that robot anthropomorphism 
increased over time. However, other measurements showed 
a reverse pattern: After two weeks, fewer children described 
the robot in human terms (six versus eleven children) or as 
aware or alive (eight versus twelve children). These findings 
suggest that children anthropomorphized the social robot 
to a moderate degree during the two weeks of interaction 
and that anthropomorphism did not uniformly increase or 
decrease. However, the findings are preliminary because the 
study was based on a small sample size and employed only 
descriptive analyses of anthropomorphism.

Van den Berghe et al. [6] studied whether tutoring ses-
sions with a social robot improve 5-year-olds’ second-
language vocabulary. One hundred and four children 
participated in a series of seven language tutoring sessions 
with a NAO robot over the course of three weeks (see 
[29]). The study included an experimental manipulation of 
the robot’s gestures, which did not affect the results. Chil-
dren were familiarized with the robot in a group introduc-
tion. Robot anthropomorphism was assessed once before 
and once after the tutoring sessions with a questionnaire 
that included indicators referring to the robot’s biological, 
cognitive, and emotional properties. The results show that 
children’s anthropomorphism was initially relatively high: 
Children attributed more human- than machine-like proper-
ties to the social robot. Moreover, there were no significant 
changes in anthropomorphism after three weeks.

In sum, CRI research on the anthropomorphism of social 
robots reveals two patterns. Cross-sectional studies show 
that a single interaction with a social robot leads to moder-
ate and sometimes high levels of anthropomorphism [5, 15]. 
This finding is corroborated by two longitudinal studies [6, 
20]. For the measurement of changes in anthropomorphism, 
it is important to assess the extent to which children anthro-
pomorphize a social robot before they meet it the first time. 
Thus, our first hypothesis posited:

H1  Children’s anthropomorphism of a social robot increases 
from the pre-interaction phase (T0) to after the first interac-
tion (T1).

The two longitudinal studies also suggest that children’s 
anthropomorphism does not substantially change within the 
first two to three weeks of interacting with a social robot 
[6, 20]. However, no studies have investigated how anthro-
pomorphism develops after the first few weeks. A theoreti-
cal model which addresses longer time frames stems from 
Lemaignan et al. [27]. The model posits that the anthropo-
morphism of social robots involves three stages: Anthropo-
morphism peaks in the initialization phase, starts decreasing 
in the familiarization phase, and eventually stabilizes on 
a comparatively low level in the stabilization phase. The 
model is somewhat ambiguous about the length of the single 
phases, describing the three phases as lasting “from a couple 
of second to a couple of hours,” (Initialization section, para. 
1) “up to several days,” (Familiarization section, para. 1) 
and “over a longer period of time” (Stabilization section, 
para. 1). Nevertheless, the model suggests that the anthro-
pomorphism of social robots eventually decreases as people 
acquire a better understanding of the robot and can better 
predict its behavior.

Together, empirical and theoretical evidence suggests 
that, after the first interaction with a social robot, children’s 
anthropomorphism remains stable for a brief period of time 
and then declines. Lemaignan et al.’s model [27] does not 
specify for how long children’s anthropomorphism remains 
stable, but it implies that the phase probably lasts only a few 
days. The study by van den Berghe et al. [6], in contrast, 
points to a period of three weeks. The present study inves-
tigated time intervals of two weeks and may thus present a 
compromise between Lemaignan et al.’s [27] model and van 
den Berghe et al.’s [6] findings. We hypothesized:

H2  After the first interaction with a social robot (T1), chil-
dren’s anthropomorphism of a social robot remains stable 
for two weeks (T2), before steadily declining (T3 to T5).

Hypotheses 1 and 2 suggest one general pattern of change 
in children’s anthropomorphism of a social robot. However, 
it is unlikely that all children follow the same longitudinal 
trajectory of anthropomorphism. Van den Berghe et al. [6] 
found that anthropomorphism developed differently in spe-
cific subsamples of children: A descriptive analysis revealed 
that robot anthropomorphism remained stable for almost 
half of the children, decreased for 35 children, and increased 
for 25 children. In line with this finding, CRI scholars have 
posited that individual differences affect how children per-
ceive, and interact with, social robots [30]. Similarly, com-
munication scholars have posited that individual differences 
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with robots [35]. Science fiction books, magazines, and 
movies typically depict robots with highly advanced abili-
ties that approach or even surpass the abilities of humans 
[33, 36, 37]. Similarly, news reports often focus on how 
advanced real robots are. Righetti and Carradore [38] inves-
tigated how robots are covered in Italian online newspapers 
between 2014 and 2018. They found that the most frequent 
topic was robot’s ability to perform jobs as well as or even 
better as humans. Preliminary evidence suggests that such 
media depictions may affect how people perceive robots. 
Horstmann and Krämer [34] studied the influence of experi-
ence with robots on expectations about robots’ skills. Expe-
rience with robots was a composite concept comprising the 
contact with real robots, the reception of robot reports, and 
knowledge of fictional robots. Expectations about robots’ 
skills included the two facets “human skills” and “robot 
skills” and was, thus, closely related to anthropomorphism. 
They found that higher levels of experience with robots 
were related to increased expectations about robots’ abili-
ties. Although the presented research focused on adults, we 
expect similar effects to emerge among children. That is, 
as a proxy of Epley et al.’s [2] elicited agent knowledge, 
the exposure to media reports about robots should increase 
children’s anthropomorphism:

H3  Exposure to media reports about non-fictional robots 
increases the probability of a child belonging to a class char-
acterized by higher levels of anthropomorphism.

Children’s epistemic curiosity may be an additional pre-
dictor of robot anthropomorphism and cover effectance 
motivation in Epley et al.’s [2] model. Epistemic curios-
ity is defined as “the desire for knowledge that motivates 
individuals to learn new ideas, eliminate information-gaps, 
and solve intellectual problems” [37, p. 1586]. Litman [39] 
distinguishes two types of epistemic curiosity that differ in 
their motivation: I-type epistemic curiosity is driven by the 
pleasure of learning new things, whereas D-type epistemic 
curiosity is driven by the displeasure of not knowing or 
understanding a thing.

D-type epistemic curiosity and effectance motiva-
tion are closely related because they share a motivational 
core. Like effectance motivation, D-type epistemic curios-
ity aims at reducing uncertainty to achieve a good perfor-
mance [39, 40]. Accordingly, D-type epistemic curiosity is 
likely to foster anthropomorphism of a social robot because 
this increases the predictability of the robot and facilitates 
interactions. Research shows that I- and D-type epistemic 
curiosity can be identified already among children aged 3 
to 8 years [40]. To our knowledge, influences of children’s 
epistemic curiosity on robot anthropomorphism and its 
development over time have not been studied yet. Given 

influence the use of, and psychological responses to, media 
and communication technologies [31, 32]. Thus, research 
suggests that multiple trajectories of children’s anthropo-
morphism can be distinguished. However, because there is 
insufficient evidence to formulate hypotheses about the spe-
cific number and shape of these trajectories, we propose the 
following research question:

RQ1  How many classes of children can be identified that 
are characterized by distinct longitudinal trajectories of 
anthropomorphism?

1.2  Predictors of Children’s Anthropomorphism

A variety of user, robot, and interaction characteristics can 
influence whether a robot is anthropomorphized [33]. These 
characteristics may also affect how children’s anthropomor-
phism of a social robot develops over time. In this section, 
we identify predictors that may influence which longitudi-
nal trajectory a child’s anthropomorphism follows (i.e., to 
which class a child belongs). Because the number and shape 
of the trajectories are not known yet, we formulate broad 
hypotheses about how predictors influence whether children 
are likely to experience high or low levels of anthropomor-
phism over time.

A psychological model of the predictors of anthropo-
morphism stems from Epley et al. [2]. The model has been 
highly influential in HRI research [3]. Epley et al. [2] argue 
that elicited agent knowledge, effectance motivation, and 
sociality motivation constitute the three main categories of 
predictors of anthropomorphism. First, a nonhuman entity 
is assumed to be anthropomorphized when agent knowledge 
(i.e., knowledge about humans and their characteristics) is 
activated; when correction processes do not lead to a dis-
counting of activated agent knowledge; and when activated 
agent knowledge is applicable to an entity. Second, anthro-
pomorphism is likely to be elicited when an individual is 
motivated to effectively interact with the environment. By 
anthropomorphizing an entity, uncertainty associated with 
the entity is reduced and confidence in being able to predict 
the entity’s behavior is increased. Third, anthropomorphism 
is likely to be elicited when an individual desires to con-
nect with other humans. By anthropomorphizing nonhuman 
entities, humans can satisfy their social needs when other 
humans are not available.

In the present study, we investigated the effects of one pre-
dictor from each category of Epley et al.’s [2] model. Media 
exposure is likely to affect children’s anthropomorphism of 
robots by eliciting agent knowledge. Media are an impor-
tant source of people’s beliefs about robots [33, 34], nota-
bly because many people have limited firsthand experience 
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remained at the same level as before the start of the tutoring 
session, boys’ anthropomorphism significantly decreased.

Overall, evidence about the effects of age and sex on 
longitudinal changes in robot anthropomorphism is limited. 
Predictions about the impact of age are particularly difficult: 
On the one hand, the present study focuses on 8- to 9-year-
old children and, thus, on a narrow age range, which may 
preclude effects of age on anthropomorphism. On the other 
hand, 8- to 9-year-olds’ social cognitions are still devel-
oping [47], and small age differences may impact anthro-
pomorphism. Given these limitations, we pose a research 
question about the effects of age and sex:

RQ2  Do age and sex influence which longitudinal trajectory 
a child’s anthropomorphism follows?

2  Methods

The data stems from a large project on children’s accep-
tance of the social robot Cozmo at home. We focused on 
8- to 9-year old children because they are capable of partici-
pating in survey research [48] and have a well-developed 
Theory of Mind – i.e., first- as well as higher-order false-
belief understanding and advanced social-cognitive skills – 
which allows for the attribution and evaluation of mental 
states [47]. The data has been used in two publications that 
focus on different research questions and variables [49, 50]. 
Comprehensive information about the procedure and data 
collection can be found in de Jong et al. [49] and de Jong 
et al. [50]. Below, we describe the aspects that are relevant 
for this study.

Recruitment and data collection were conducted by Kan-
tar Netherlands from July to December 2019. The study 
employs a longitudinal survey design, which includes a 
baseline questionnaire (T0) plus five panel waves (T1 to 
T5). The baseline measurement was conducted between 
August 21 and September 8. The panel measurements were 
conducted between September 24 and November 25, with 
a time interval of about two weeks between each wave. 
Participating families received a Cozmo robot (see https://
www.digitaldreamlabs.com/products/cozmo-robot) briefly 
before T1. Cozmo is a small bulldozer-like social robot. It 
possesses a front-facing digital display which depicts facial 
expressions, such as joy and anger, and it makes speech-
like sounds. Cozmo can move independently, but needs 
to be connected to a smartphone or tablet to function. 
Cozmo includes a series of pre-programmed games and it 
can be programmed by the user. The study was approved 
by the Ethics Review Board of the Faculty of Social and 

the conceptual similarity between D-type epistemic curios-
ity and effectance motivation and robust findings about the 
influence of effectance motivation on anthropomorphism 
[41], we expected D-type epistemic curiosity to increase 
children’s anthropomorphism of a social robot:

H4  D-type epistemic curiosity increases the probability of a 
child belonging to a class characterized by higher levels of 
anthropomorphism.

Peer problems may increase children’s tendency to anthro-
pomorphize a social robot and form a proxy for sociality 
motivation in Epley et al.’s [2] model. Children’s peer prob-
lems can manifest in different ways, for instance, being dis-
liked by other children, being bullied at school, or having 
no friends to play with [42]. In the absence of positive rela-
tionships with peers, children may look for other avenues to 
satisfy their social needs. By anthropomorphizing a social 
robot, they can construe an other with which they can have 
social interactions. Evidence that children may interact 
with social robots to fulfill social needs stems, for example, 
from de Jong et al. [43] who studied interactions between 
children aged 7 to 11 and a NAO robot. They found that, 
before the interaction, children were interested in having a 
social interaction with the robot (e.g., playing or chatting 
with the robot), and that these expectations were fulfilled 
in the interaction. The impact of children’s loneliness on 
anthropomorphizing social robots has to our knowledge not 
been studied yet. However, there exists evidence that loneli-
ness increases the propensity of adults to anthropomorphize 
robots [44, 45]. Accordingly, we hypothesized that children 
with peer problems would be more likely to anthropomor-
phize a social robot:

H5  Peer problems increase the probability of a child 
belonging to a class characterized by higher levels of 
anthropomorphism.

Finally, we also investigated the influences of age and sex 
on robot anthropomorphism. Some cross-sectional research 
shows that younger children are more likely to anthropo-
morphize robots than older children [5, 14, 46], but the find-
ings are not consistent [11, 12, 18]. Similarly, findings on 
the effects of sex are inconsistent [5, 6, 46]. The only study 
that investigated the impact of children’s age and sex on 
longitudinal changes in robot anthropomorphism found that 
both children’s age and sex influenced how their anthro-
pomorphism changed over the course of language tutoring 
sessions [6]. The younger the children were, the stronger 
was their decrease in anthropomorphism. Moreover, while 
girls’ anthropomorphism of NAO after the tutoring sessions 
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their child should fill in their questionnaire independently. 
They were also informed that they could help their child, 
but that they should avoid influencing their child. Children 
were informed at the start of each questionnaire about the 
procedure and their rights. Children were notified that they 
could take a break while filling in the questionnaire. To par-
ticipate, children had to indicate that they understood every-
thing and that they wanted to take part. Since most measures 
in the questionnaire used 5-point Likert scales, children 
were instructed on how to fill in such scales [51].

The questionnaire for the children included a general 
part and a part with questions about Cozmo, including ques-
tions about the robot’s anthropomorphism. At T0, children 
were shown a 26-second video of Cozmo before answering 
the Cozmo-specific questions. In the video, Cozmo moved 
around, picked up a cube, and put it down again, made an 
excited sound, and finally faced and approached the camera. 
We opted for a video instead of pictures because children 
may struggle to answer questions about a robot if they have 
only seen a picture [52]. Before T1, the children received a 
Cozmo and tablet in their homes. Information on how to set 
up the robot was included. Before filling in the question-
naire at T1, the children were instructed to play with Cozmo 
for 30 min to get a first impression. After T1, the children 
were not prompted to interact with Cozmo.

At the end of the study, children were allowed to keep 
Cozmo. The research company compensated participating 
parents with reward points. In a debriefing, children and 
parents were notified about the goals of the study. Children 
also received information about the workings of robots and 
about the differences between humans and robots.

2.3  Measures

A pilot study was conducted to test whether the measures 
were intelligible and reliable. The study was conducted in 
the first half of July 2019 among 42 children and 32 par-
ents at a science museum for children in Amsterdam (ethi-
cal approval id: 2019-YME-10,828; 2019-YME-10,830). 
Generally, the measures proved to be intelligible and reli-
able, and only minor adjustments were required. Below, we 
present the English translations of the Dutch measurement 
instruments that were used in the main study.

Anthropomorphism was measured with a scale adapted 
from van Straten et al. [53] which itself is an adapted ver-
sion of Severson and Lemm’s [54] Individual Differences 
in Anthropomorphism Questionnaire-Child Form (IDAQ-
CF). The first item used by van Straten et al. [53] was 
adjusted because an earlier study showed that it negatively 
impacted the reliability of the scale [13]. Thus, the follow-
ing four items were administered to the children: “Cozmo 
does what it itself wants to do,” “Cozmo can be happy and 

Behavioural Sciences at the University of Amsterdam (ID: 
2019-YME-10,929).

2.1  Sample

Data were collected from 8- to 9-year-old children and 
one of their parents. Families were recruited through the 
panel of Kantar Netherlands, which includes 62,825 Dutch 
families. The panel is approximately representative of the 
Dutch population with regard to sex, age groups, geographi-
cal distribution, and household size. Families were eligible 
for participation if they had one child aged 8 or 9. Families 
with multiple children aged 8 to 9 were excluded to ensure 
that the same child participated in each wave. Moreover, 
families could only participate if they did not already have 
a Cozmo robot at home and if the child had no cognitive, 
emotional, and/or physical impairments that would prevent 
it from filling in the questionnaire or interacting with the 
robot. Of the 1,574 eligible families, 688 families (43.7%) 
consented to participate in the study, of which 570 child-
parent dyads (82.8%) eventually participated at T0. Of the 
families that agreed to participate, 385 child-parent dyads 
were randomly selected to take part in the panel study (i.e., 
T1 to T5). However, 58 child-parent dyads that participated 
in the panel study had not participated in the T0 survey 
and they, thus, lacked a series of measurements relevant 
for this study. To compensate for the incomplete cases, an 
additional sample of 25 child-parent dyads that had filled in 
T0 was subsequently selected for participation in the panel 
study (field phase: October 29 to December 25, 2019). In 
total, 400 child-parent dyads participated at least once in the 
panel study (T1 to T5). The 58 child-parent dyads that had 
not participated in T0 were excluded so that the analyses 
were based on 342 cases.

2.2  Procedure

Before the data collection, parents were informed about the 
study procedure and about their rights and their children’s 
rights. Parents were also informed that a random subsam-
ple would be selected for participation in the panel study, 
in which the child would be provided with a small social 
robot and a tablet. Parents were instructed to not tell their 
child about the robot until he/she had filled in the T0 survey. 
To participate, parents had to give active consent for them-
selves and their child to take part in the T0 survey as well as 
the panel study (T1 to T5).

In each wave (T0 to T5), a questionnaire was administered 
which included a first part for the parent (about 5 min long) 
and a second part for the child (about 30 min long). At the 
start of each questionnaire, parents were reminded of their 
rights as participants. Parents were instructed that they and 
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it”). Two items were slightly simplified to increase clarity. 
Parents responded on a five-point Likert scale, ranging from 
“does not apply at all” to “applies completely.” The items 
were summarized into a mean index (M = 3.27, SD = 0.67; 
α = 0.82; ω = 0.82).

Peer problems were measured with the Dutch version 
[56, see also 57] of a subscale of Goodman’s [42] Strength 
and Difficulties Questionnaire. Five items were adminis-
tered to the parents (e.g., “My child is rather solitary, tends 
to play alone”). Children responded on a five-point Likert 
scale, ranging from “does not apply at all” to “applies com-
pletely.” Before creating a mean index, two reversed-coded 
items were recoded so that high item scores were indica-
tive of having peer problems (M = 2.06, SD = 0.59; α = 0.74; 
ω = 0.73).

2.4  Analytical Approach

To investigate changes in children’s anthropomorphism 
over time, we used latent class growth analysis (LCGA; [58, 
59]). LCGA identifies latent classes that are characterized 
by distinct sets of growth parameters or, in short, growth 
trajectories. Covariates can be included in LCGA to pre-
dict class membership via (multinomial) logistic regression 
[60]. LCGA can be seen as a specific type of growth mix-
ture modeling (GMM) [59]. While GMM allows for intra-
class variation in the estimated growth parameters, LCGA 
assumes that the parameters are the same for each class 
member. We opted for LCGA because of the lower sample 
size requirements and better model convergence [59]. It is 
noteworthy that there do not seem to be clear guidelines 
for the required sample size of LCGA, but that LCGA and 
GMM have been used with small samples, for instance, with 
34 cases [61], 107 cases [62], and 110 cases [63].

The LCGA was conducted in Mplus 8.7. Our analyses 
included three steps. First, we estimated a one-class growth 
model and inspected its findings to test the hypotheses 1 and 
2. Second, we estimated models with an increasing num-
ber of classes. We stopped estimation at a model with four 
classes to avoid exceedingly small class sizes. We inspected 
the best fitting model to answer research question 1. Third, 
based on the best fitting model, we tested whether the pre-
dictors influenced class membership to test the hypotheses 3 
to 5 and answer research question 2.

Changes in children’s anthropomorphism were modelled 
by including the T0 to T5 measurements as indicators of a 
latent intercept and a latent slope. The slope loadings were 
freely estimated, except the loadings at T0 and T1 which 
were fixed to 0 and 1 respectively to identify the model. The 
intercept of each indicator was fixed to 0, and error terms 
were constrained to equality across time and, in the multi-
class models, across classes [61]. In the multi-class models, 

angry,” “Cozmo knows that Cozmo is a robot,” “Cozmo can 
think for itself.” Children responded on a five-point Lik-
ert scale, ranging from “does not apply at all” to “applies 
completely.” For each wave, a mean index of anthropomor-
phism was created. It is important to note that the measure-
ment of anthropomorphism at T0 was conducted before any 
interaction with Cozmo had taken place (children had only 
seen a short video of the robot), and that the measurement 
at T1 was conducted after the first 30-minute interaction. 
Thus, the measurement points represented pre-interaction 
anthropomorphism (T0), anthropomorphism during the 
initialization phase (T1), and anthropomorphism during 
the familiarization and stabilization phase (T2 to T5) (see 
[27]). Descriptive statistics and reliabilities are summarized 
in Table 1. Both alpha and omega indicate that the scale’s 
reliability is sufficient at T0 and from T3 to T5, but reliabil-
ity is relatively low at T1 and T2. The lower reliability may 
indicate that children evaluated Cozmo’s mental capacities 
inconsistently in early stages of the interaction. This may 
be the result of children still making up their mind about 
the ontological status of Cozmo. Given that reliability was 
overall acceptable, we used the scale instead of single-item 
measures in the subsequent analyses.

All predictors of children’s change in anthropomorphism 
over time were measured at T0. Information about the age 
(165 8-year-olds, 177 9-year-olds) and sex of the children 
(167 boys, 175 girls) were provided to us by Kantar Neth-
erlands. Children’s media exposure to non-fictional robots 
was assessed through a content-specific self-report measure 
[55]. Children were shown a set of pictures of non-fictional 
robots and asked how frequently they had seen this type of 
robot or similar robots “on TV,” “in books,” “on the Inter-
net (for example, YouTube),” and “in magazines.” Children 
responded on a five-point Likert scale, ranging from “never” 
to “very often.” A mean index of exposure to non-fictional 
robots was created (M = 2.11, SD = 0.77; α = 0.73; ω = 0.72).

D-type epistemic curiosity was measured with the corre-
sponding subscale of Piotrowski et al.’s [40] instrument for 
measuring individual differences in I- and D-type curiosity 
in young children (I/D-YC). Five items were administered 
to the parents (e.g., “My child is bothered when he/she does 
not understand something and tries hard to make sense of 

Table 1  Descriptive statistics and reliability of mean index of anthro-
pomorphism
Wave Mean (SD) Cronbach’s Alpha McDonald’s Omega
0 2.88 (0.86) 0.68 0.70
1 3.42 (0.71) 0.57 0.59
2 3.43 (0.72) 0.56 0.62
3 3.28 (0.85) 0.72 0.73
4 3.24 (0.88) 0.76 0.78
5 3.22 (0.88) 0.75 0.77
n0 = 342; n1 = 326; n2 = 326; n3 = 338; n4 = 336; n5 = 336
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(ALMR-LRT) (i.e., a significantly better fit than a model 
with one class less).

3  Results

The best loglikelihood value could be reproduced when the 
LCGA with one to four classes were estimated. However, 
the number of replications decreased with increasing model 
complexity (see Table 2). To evaluate the overall pattern of 
changes in children’s anthropomorphism, we first inspected 
the one-class model. Parameter estimates are summarized 
in Table 3 (column 2) and the trajectory is plotted in Fig. 1 
(top panel). Hypothesis 1 posits that anthropomorphism 
increases from the pre-interaction phase (T0) to after the first 
interaction (T1) with a social robot. Because the slope load-
ings at T0 and T1 are fixed to 0 and 1 respectively, the latent 
intercept represents children’s anthropomorphism at T0 and 
the latent slope represents the change in anthropomorphism 
from T0 to T1. As Table 3 shows, children’s anthropomor-
phism started at a moderate level of 2.88 (on a scale rang-
ing from 1 to 5) and then significantly increased by 0.54 
(p <.001). Thus, Hypothesis 1 was supported.

Hypothesis 2 posits that children’s anthropomorphism 
of Cozmo remains stable between T1 and T2 and decreases 
afterwards (T3 to T5). The time-specific loadings revealed a 
steady decline in anthropomorphism, which set in after T2: 
The time-specific loading remained at 1.03 at T2, and then 
dropped to 0.73, 0.67, and 0.63 between T3 and T5. To sub-
stantiate this descriptive finding, we tested whether anthro-
pomorphism from T2 to T5 was significantly lower than 
anthropomorphism at T1. This was done by consecutively 
constraining time-specific loadings between T2 and T5 to 1 
and conducting a Wald test [67]. Results showed that, in 
comparison to T1, anthropomorphism remained at about 

distinct growth parameters (i.e., intercept, slope, and slope 
loadings) were estimated for each class. Mplus estimates 
parameters by Maximum Likelihood (ML). More specifi-
cally, multiple sets of random starting values for parameters 
are generated and subjected to a multi-stage optimization 
procedure [64]. If the best loglikelihood value is repro-
duced, the global ML solution has been identified. Using 
more sets of random starting values facilitates the identifica-
tion of the global ML solution [64]. In the present study, we 
used 600 and 160 sets of random starting values in the first 
and second stage of optimization respectively [65]. More-
over, the maximum number of iterations in the first stage 
and second stage of optimization was increased to 20 and 
150 respectively [64].

Age, sex, media exposure to non-fictional robots, D-type 
epistemic curiosity, and peer problems were entered as pre-
dictors of class membership. Following Asparouhov and 
Muthén [66], the predictors were entered as auxiliary vari-
ables using Mplus’ R3STEP option. In this approach, the 
estimation of the latent class model precedes the prediction 
of class membership and, thus, predictors do not influence 
the creation of classes.

Following Ram and Grimm [61], five sets of criteria 
were employed to evaluate model fit. A model was pre-
ferred if it had (1) admissible estimates (e.g., no negative 
variances); (2) reasonable class sizes (notably, no very 
small groups); (3) a low Akaike (AIC), Bayesian (BIC), 
and Adjusted Bayesian Information Criterion (ABIC) (i.e., 
a high comparative model fit); (4) a high entropy value (i.e., 
a high classification confidence); (5) a significant Vuong-
Lo-Mendell-Rubin likelihood-ratio test (VLMR-LRT) and a 
significant Adjusted Lo-Mendell-Rubin likelihood-ratio test 

Table 2  Class sizes and fit statistics of one-, two-, three-, and four-
class latent class growth models
Statistics One-

class 
model

Two-
class 
model

Three-
class 
model

Four-
class 
model

Class sizes
  Class 1
  Class 2
  Class 3
  Class 4

342
−
−
−

76
266
−
−

142
156
44
−

16
60
67
199

Loglikelihood -2441.28 -2121.44 -2030.76 -1976.69
Replications of 
loglikelihood

156 116 25 3

AIC 4896.55 4270.87 4103.52 4009.38
BIC 4923.40 4324.56 4184.05 4116.75
ABIC 4901.19 4280.15 4117.43 4027.93
Entropy 1.00 0.895 0.773 0.831
VLMR-LRT p-value − < 0.001 0.627 0.016
ALMR-LRT p-value − < 0.001 0.631 0.017
N = 342

Table 3  Parameter estimates of one- and two-class latent class growth 
model
Statistics One-class model Two-class model

Class 1 Class 2
Class size 342 76 266
Latent means
  Intercept
  Slope

2.88***

0.54***
2.14***

0.57***
3.10***

0.53***

Slope loadings
  T0
  T1
  T2
  T3
  T4
  T5

0.00a

1.00a

1.03***

0.73***

0.67***

0.63***

0.00a

1.00a

0.83***

0.20
-0.03
-0.07

0.00a

1.00a

1.05***

0.89***

0.89***

0.84***

Errors variances 0.67*** 0.42b*** 0.42b***

N = 342; a Fixed parameters. b Parameters constrained to equality. 
***p <.001
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had a lower entropy (E = 0.773) and because it only margin-
ally increased model fit: AIC, BIC, and ABIC did further 
decrease, but the VLMR-LRT and the ALMR-LRT were not 
significant. Finally, the four-class model produced a better 
model fit than the three-class model (as indicated in Table 2 
by reductions in the AIC, BIC, ABIC, and, more importantly, 
significant results of the VLMR-LRT and the ALMR-LRT). 
However, the four-class model produced a very small class, 
which included only 16 children, and it had a lower entropy 
(E = 0.831) than the two-class model. The analysis of the 
model fit suggested that two trajectories were adequate to 
describe changes in children anthropomorphism over time.

Table  3 (columns 3 and 4) summarizes class-specific 
parameter estimates of the two-class model. The class-
specific trajectories are depicted in Fig. 1 (bottom panel). 
The model included a smaller class of 76 children and a 

the same level at T2 (χ2(1) = 0.18, p =.670), but was signifi-
cantly lower at T3 (χ2(1) = 15.33, p <.001), T4 (χ2(1) = 18.39, 
p <.001), and T5 (χ2(1) = 23.42, p <.001). However, the 
loadings from T2 to T5 were all significant (see Table 3, col-
umn 2), which indicates that anthropomorphism remained at 
a higher level than before the first interaction with Cozmo. 
These findings supported hypothesis 2.

Research question 1 asks whether different trajectories 
of anthropomorphism can be identified. To address the 
research question, we inspected the fit of the different mod-
els (see Table 2). We selected the two-class model because 
it had a better fit than the one-class model, which is indi-
cated by substantive decreases in AIC, BIC, and ABIC, and 
significant results of the VLMR-LRT and the ALMR-LRT. 
Moreover, the two-class model had the highest entropy 
(E = 0.895). The three-class model was rejected because it 

Fig. 1  Trajectories of anthropo-
morphism in one- and two-class 
model
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2, we studied whether children’s age and sex influenced 
their class membership.

Table  4 summarizes the results of a logistic regression 
model, which predicted membership in the moderate-to-
high anthropomorphism class. Age, sex, D-type epistemic 
curiosity, and peer problems did not predict class mem-
bership. However, media exposure to non-fictional robots 
positively predicted membership in the moderate-to-high 
anthropomorphism class. That is, the more frequently chil-
dren had seen non-fictional robots in the media before the 
start of the study, the more likely they were to belong to the 
class with a moderate-to-high level of anthropomorphism 
that increased after the first interaction and then remained 
at a relatively high level. With regard to Hypothesis 3, we 
thus conclude that children’s media exposure to non-fic-
tional robots increased the level of anthropomorphism over 
time. Hypotheses 4 and 5 were not supported. In response to 
research question 2, age and sex did not influence which lon-
gitudinal trajectory a child’s anthropomorphism followed.

4  Discussion

This paper investigated how children’s anthropomorphism 
of a Cozmo robot changed over time and how individual 
differences affected this change. Children’s anthropomor-
phism reached its peak level after the first interaction with 
Cozmo and remained at this level until about two weeks 
later. Over the course of the next six weeks, anthropomor-
phism steadily decreased. This trajectory, however, dif-
fered between two groups of children. In one large group 
of children, anthropomorphism decreased slightly after a 
moderately high peak, but remained above the pre-interac-
tion level. In a second, smaller group, anthropomorphism 
steadily declined after a moderate peak and eventually fell 
to its pre-interaction level. Furthermore, we found that the 
more frequently children had been exposed to non-fictional 
robots in the media before our study, the higher their levels 
of anthropomorphism were over time. Other theoretically 
derived potential predictors of children’s longitudinal tra-
jectory of anthropomorphism, such as D-type epistemic 
curiosity and peer problems, as well as their age and sex did 
not predict the trajectories.

Our findings are in line with research which showed that 
single interactions with social robots can produce moderate 
to moderately high levels of anthropomorphism [5, 13]. The 
findings also corroborate two longitudinal studies which 
showed that children’s anthropomorphism of a social robot 
did on average not substantially decrease after two weeks 
[20] and three weeks respectively [6]. Our study extends 
previous findings by demonstrating that, overall, children’s 
anthropomorphism decreased over a longer time frame (i.e., 

larger class of 266 children. The latent intercepts indicate 
that the children in the first class had a relatively low level 
of anthropomorphism before the first interaction with the 
social robot (M = 2.14), whereas the level in the second 
group was moderate (M = 3.10). After the first interaction 
(T1), anthropomorphism increased in both classes, as indi-
cated by the fact that both slopes are positive (i.e., 0.57 
and 0.53 respectively). The similar size of the two slopes 
indicates that the initial difference in anthropomorphism 
between the two classes persisted up to T1, when anthropo-
morphism reached a low-to-moderate level in the first class 
(M = 2.71), and a moderate-to-high level in the second class 
(M = 3.63). After T1, the trajectories developed differently. 
In the smaller group, anthropomorphism steadily declined, 
which is reflected in the steady decrease of the time-specific 
loadings. Notably, only the loading at T2 was significantly 
different from 0, whereas the loadings from T3 to T5 were 
not significant. This suggests that children’s anthropomor-
phism of Cozmo fell over time to its pre-interaction level.

In the larger class, in contrast, anthropomorphism only 
slightly declined after T1 (as indicated by the loadings 
which never fall below 0.84) and consistently stayed above 
its pre-interaction level (as indicated by the significance of 
each loading). With regard to research question 1, we thus 
concluded that two types of longitudinal trajectories of chil-
dren’s anthropomorphism could be distinguished. One class 
of children started with a relatively low level of anthropo-
morphism, which increased after the first interaction with 
Cozmo and subsequently receded to its pre-interaction 
level. A second class of children started with a moderate 
level of anthropomorphism, which increased after the first 
interaction and then remained at a moderate-to-high level.

Finally, the hypotheses 3 to 5 posited that children’s 
media exposure to non-fictional robots, D-type epistemic 
curiosity, and peer problems would favor longitudinal tra-
jectories characterized by higher levels of anthropomor-
phism. Research question 1 asked whether age and sex 
influenced which longitudinal trajectory a child’s anthropo-
morphism followed. Given that we identified a class with 
low and a class with moderately high robot anthropomor-
phism, we expected the three predictors to increase the 
likelihood of children belonging to the moderate-to-high 
anthropomorphism class. To investigate research question 

Table 4  Logistic regression predicting membership in moderate-to-
high anthropomorphism class
Predictors b SE eb p-value
Age (0 = 8 years, 1 = 9 years) 0.18 0.31 1.19 0.561
Sex (0 = male, 1 = female) 0.25 0.31 1.28 0.418
Media exposure to non-fictional robots 0.54 0.20 1.72 0.006
D-type epistemic curiosity 0.13 0.22 1.14 0.542
Peer problems -0.15 0.25 0.86 0.554
N = 342

1 3

1674



International Journal of Social Robotics (2024) 16:1665–1679

increased among about a quarter of children. In contrast, we 
found that robot anthropomorphism was stable in the larger 
group and decreased in the smaller group of children after 
two weeks (i.e., from T1 to T2). It is difficult to exactly pin-
point the causes of these differences because discrepancies 
in the time interval (two versus three weeks), robot model 
(Cozmo versus Nao), and/or main activity (play versus 
learning) may have influenced anthropomorphism. Future 
research may investigate the discrepancies between our and 
van den Berghe et al.’s findings by conducting a panel study 
with smaller time intervals between panels and/or by sys-
tematically varying robot characteristics or activities.

In line with our expectations, higher exposure to non-
fictional robots in the media increased the probability that 
children followed the trajectory characterized by moder-
ate-to-high levels of anthropomorphism. Again, this effect 
is likely to be context-dependent. The current media envi-
ronment seems to frequently depict robots with advanced 
abilities [36]. However, as robots increasingly acquire more 
advanced abilities and invite uncanny-valley type of reac-
tions [69], concerns may rise and media reporting may place 
a stronger emphasis on risks and the otherness of robots. 
Longitudinal analyses over an extended period of how media 
reporting about robots develops may help to understand the 
public’s views and, more specifically, anthropomorphic per-
ceptions of robots and may help to contextualize the find-
ings of our study.

None of the other predictors that we had chosen either 
based on Epley et al. [2] (i.e., D-type epistemic curiosity, 
peer problems) or general interest (age, sex) significantly 
affected anthropomorphism. The non-significant effects of 
age and sex contradict the findings of van den Berghe et al. 
[6] who showed that children’s age and sex can moderate 
changes in robot anthropomorphism. However, the findings 
are in line with cross-sectional research which did not find 
age [11] and sex [46] to impact robot anthropomorphism. 
Age may not have affected robot anthropomorphism in 
the present study because we focused on 8- to 9-year-olds. 
Accordingly, the age range may have been too small to iden-
tify effects on anthropomorphism. Future research could 
investigate broader age ranges because more substantial dif-
ferences in children’s Theory of Mind are likely to affect 
longitudinal changes in anthropomorphism.

Robust evidence exists that effectance motivation 
increases anthropomorphism [41]. However, D-type epis-
temic curiosity, a type of effectance motivation, did not 
influence changes in anthropomorphism in the present study. 
The finding may be the result of D-type epistemic curiosity 
having opposing effects on anthropomorphism. Smedegaard 
[21] argues that “if the anthropomorphization was brought 
on by a need for effectance,… then this should disappear 
as the individual gradually becomes familiarized with the 

from T2 to T5), but consistently remained above the pre-
interaction level. Moreover, our study adds to the literature 
by showing that children differ in their trajectories and that 
at least two groups can be distinguished.

Our findings have two main implications. First, a rela-
tively simple, toy-like social robot like Cozmo can elicit a 
moderate-to-high level of anthropomorphism among many 
children, which persists over the course of about eight 
weeks. Even in the smaller group of children that anthro-
pomorphized Cozmo to a lower degree, anthropomorphism 
did not fall below the pre-interaction level. This suggests 
that children can anthropomorphize social robots over 
a considerable time period even if the robot is not highly 
anthropomorphic. Presumably, features that make a robot 
fun to use or allow for social activities, notably, being 
able to play games with the robot, may support sustain-
able levels of anthropomorphism. Second, prior experi-
ences with and knowledge about non-fictional robots (e.g., 
acquired through media) can affect how children perceive 
and respond to robots over time. Thus, to foster long-term 
engagement and preclude disappointments, it may be useful 
to inform children early on about the abilities and limita-
tions of a social robot.

The findings of this study should be regarded as tenta-
tive as it may be difficult to generalize them because chil-
dren’s anthropomorphism is likely to be context-dependent. 
Notably, our study was done with one type of social robot, 
Cozmo, and characteristics of social robots may signifi-
cantly affect how robot anthropomorphism develops over 
time. Current social robots differ in their characteristics 
and, accordingly, children anthropomorphize them to differ-
ent degrees [17]. Moreover, social robots are continuously 
refined and equipped with more advanced skills. In the 
future, they may successively acquire human-like skills and 
be increasingly anthropomorphized, especially by children, 
who tend to easily anthropomorphize nonhuman entities 
[2]. Next to robot features, changes in children’s knowl-
edge and understanding of social robots may also affect 
robot anthropomorphism. Similar to children who grew up 
with the Internet [68], future generations of children may be 
acquainted with social robots early in their lives, and they 
may develop novel views on the differences and boundaries 
between humans and machines.

Our study revealed that the overall pattern of changes in 
anthropomorphism was produced by two distinct trajecto-
ries within subgroups of children. These findings broadly 
match the results by van den Berghe et al. [6], who showed 
that children’s anthropomorphism of a social robot does 
not develop uniformly over time. However, a detailed com-
parison of findings reveals a difference. Next to a stable 
level of anthropomorphism and decreases in anthropomor-
phism, van den Berghe et al. found that anthropomorphism 
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the role of such boundary conditions is required to contex-
tualize our results.
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robot” (p. 416). Accordingly, D-type epistemic curiosity 
may lead to high levels of initial anthropomorphism, but 
also to a stronger decline in anthropomorphism over time. 
If this is true, D-type epistemic curiosity may not have pre-
dicted membership in one particular trajectory because a 
high level of initial anthropomorphism and a strong decline 
in anthropomorphism were part of different trajectories. To 
address this issue, future research could investigate in more 
detail how covariates influence specific growth parameters 
(e.g., the intercept and slope of a longitudinal trajectory). A 
post-hoc analysis of our data, however, did not reveal any 
significant effects of D-type epistemic curiosity or any other 
covariate on the growth parameters. Alternatively, covari-
ates could be modelled as time-varying predictors. This 
may be particularly useful for predictors that are likely to 
substantively vary during long-term interactions with social 
robots, such as (state) effectance motivation.

Although sociality motivation has been shown to increase 
anthropomorphism [70], peer problems did not influence 
children’s anthropomorphism of Cozmo either. Potentially, 
the previously mentioned modeling techniques (i.e., predic-
tion of specific growth parameters and inclusion as time-
varying predictor) may provide a more nuanced picture. 
Alternatively, peer problems may not have affected robot 
anthropomorphism because they are an imprecise proxy of 
children’s sociality motivation. Put differently, peer prob-
lems may increase sociality motivation as children struggle 
to make friends. However, children may still have fulfilling 
relationships, for instance, with parents, siblings, and other 
family members. Including a better proxy or a direct mea-
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