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Abstract

This chapter examines three critical challenges in long-term child-robot interaction
in the home, once the novelty effect has faded away: engagement, language under-
standing, and privacy concerns. The study used theHaru4Kids (H4K) platform, a child-
oriented family robot simulator that features a rotating iPad-based interface offering
interactive activities. This platform facilitated sustainable child-robot interactions in
family environments, as it offered an interactive platform while also allowing us to
assess user engagement and behavior throughout each interaction. Over two weeks,
seven families in Southern Spain cohabitated with H4K. The study provides compre-
hensive insights into user engagement by integrating user logs, annotated images, and
verbal interaction analysis. The image-based engagement was assessed via an innovative
Engagement Level Metric, which we used to estimate which activities the children
found most engaging. A natural language processing analysis revealed that mixed-
initiative dialogs enhanced user agency over time, shifting interactions from system-
driven to user-driven. Privacy concerns varied between children and parents, with
children showing more hesitancy toward third-party data sharing. This chapter offers
valuable design recommendations for future child-robot interaction platforms, empha-
sizing personalization, transparent data practices, and diverse activity offerings. For
researchers and developers, it underscores the importance of addressing dynamic and
multi-modal engagement and privacy concerns in realistic, unsupervised settings.

Keywords: child-robot interaction, engagement estimation, natural language
processing, dialog management, privacy concerns, study in the wild, novelty effect

1. Introduction

Child-robot interaction (CRI) is a field within human-robot interaction that is
growing in popularity and interest. Robots are increasingly being developed for
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children in influence areas like education [1, 2] and therapy [3]. However, much CRI
research is limited to controlled settings due to the absence of robust, unsupervised
platforms. Unlike controlled lab environments, “in-the-wild” environments, like a
family home, allow children to interact with social robots voluntarily and in more
dynamic ways [4]. This chapter introduces the Haru4Kids (H4K) platform, designed
intentionally as a test-bed to evaluate children’s acceptance of robot Haru [5], partic-
ularly focusing on how children’s engagement with H4K changes across activities and
over time, and on gauging families’ concerns about privacy.

Our work builds on previous studies involving Haru in child-robot interaction and
aligns with UNICEF’s Policy Guidance,1 which addresses children’s fundamental rights
with AI and robots, including their right to privacy and fairness [6]. Designing a
robotic system in line with a child’s rights requires not only careful consideration of
the contexts in which the robot is to be used but also the guiding framework and scope
of the interactions. It also demands careful consideration of the design features that
will sustain long-term and satisfying CRI.

In order to achieve these goals, H4K features an avatar of the robot Haru [5, 7]
displayed on an iPad held by a rotating stand that orients the iPad to face the child as
they move. The design principle guiding Haru emphasizes a balance among human
expectations, appearance, and functionality [5, 8]. This design principle takes a more
holistic approach to CRI, favoring a variety of research methods and study designs to
learn about it.

In this chapter, we integrate the findings from three studies: (1) takeaways from
children’s engagement estimation by visual clues [9]; (2) different dialog strategies
(user-driven, system-driven, and mixed-initiative) and evaluation of common built-
in language intents of the system [10]; and (3) the pre- and post-perceptions of
parents and children of information sharing and privacy concerns with robots in the
home [11]. This work reflects on the fundamental preconditions for long-term child-
robot interactions in dynamic environments like the home, including robot vision-
based measurement of a child’s engagement with the system, improving child-robot
dialogs, and aligning robotic use with familial comfort with sharing information. All of
these components represented in our work are understudied in child-robot interaction
(CRI), although they add great value as foundations for more sustainable integration
of robots in children’s spaces.

2. Background

2.1 Long-term child-robot interaction

Cohabitating robots have been introduced to the home for a variety of purposes,
such as entertainment, learning, healthcare, and companionship [12]. In the pursuit of
measuring a successful and acceptable integration into children’s spaces, the field looks
at how robots are used over longer periods. Defining “long-term” depends on inter-
action frequency, quality, capability, diversity, and scope [13, 14].

The kinds of benefits that sustain children’s interaction over time can include
hedonic enjoyment or utilitarian benefits, like learning [15]. Additionally, the percep-
tion of a physical robot’s social presence and ability to exhibit expressive motion
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enhances user engagement compared to virtual agents [16, 17]. The personalized
nature of robots is also a desirable feature and can enhance long-term engagement
[18]. Furthermore, children are interested in robots that are expressive across verbal
and non-verbal channels of communication, customizable, relatable, and
approachable [19].

While establishing relationships enhances sustained interactions [20], doing so in
the long term is challenging. Long-term studies show that many robotic platforms
cannot overcome the novelty effect—the amplified but temporary excitement and use
of a new device [12, 13]. As such, it is increasingly important for the field to define and
measure different channels of successful interaction. In the following sections, we will
expand on methods for measuring non-verbal and verbal forms of engagement with a
robotic platform, and also the privacy concerns that may hamper even the short-term
use and acceptance of robots.

2.2 Defining and measuring engagement

As already discussed, engaging and developmentally appropriate activities can
support sustained interactions tailored to individual needs [14]. However, measuring
the engagement of a user during an interaction is not a trivial task. Engagement, as
defined by O’Brien [21], is the cognitive, affective, and behavioral investment in
digital interaction, measurable through self-reports like the User Engagement Scale
[22] and automatic estimation methods. Engagement with neurodivergent
populations further suggests diversifying “engagement” across contexts, as it can
support more personalized interactions over time [23]. The dynamic nature of
engagement is also found in the home, for instance, with extended studies of home-
based robots as reading companions demonstrating children’s evolving engagement
over several months [24, 25].

Currently, the most reliable engagement measurement methods rely on physio-
logical signals [26], but these are intrusive and cumbersome for children. Other
measurements of engagement are visual-based or multi-modal, which are unobtrusive
and cost-effective [27], such as the recent one based on thermal imaging [28]. The
existing automatic engagement estimation methods can be divided into those based on
feature extraction and the ones that perform automatic prediction [29].

In our work, we look at visually-based engagement, including automatic face-angle
tracking and hand-annotated engagement levels, which provide high resolution with
minimal bias [30, 31]. Additionally, we explored engagement in CRI through dialog
analysis, which is more objective, but less detailed.

Our approach uses a human-in-the-loop model, which integrates the feedback of
human annotators for long-term engagement measurement in CRI. In this way, we
take advantage of the natural human skill of face reading [32].

2.3 NLP as a key factor for engaging interactions

Dialog, enabled by Natural Language Processing (NLP), is a key way of achieving
verbal engagement with young users. NLP has advanced significantly, making it
possible for robotic systems to carry out an increasingly natural dialog with users.
However, children’s smaller vocal tracts and evolving language use create distinct
difficulties in speech recognition [33, 34]. The lack of large, children-specific datasets
further complicates speech recognition development, which is generally dominated by
large corporations [35]. Children’s imaginative language, ungrammatical phrases, and

3

Exploring Key Challenges in Child-Robot Interaction Using Haru4Kids…
DOI: http://dx.doi.org/10.5772/intechopen.1008744



unique interests pose additional challenges [36]. Our work examines these issues in
children’s homes, an under-researched setting in CRI studies [37].

Unlike embodied robots, conversational agents have been more extensively stud-
ied in the home. Research on Alexa (Amazon), for example, explores breakdowns and
repair strategies in communication [38] and analyzes language processing for joint
reading [39]. These findings underscore the need for adaptive interaction models in
child-robot dialog systems. As such, we pursue not only visual engagement analysis
but also analyze the flow of dialogs with children and ways to improve verbal engage-
ment with at-home robots.

2.4 Family privacy concerns

Though it is an understudied topic—surely due to its intrinsic difficulty to grasp
and assess—ensuring privacy with at-home and child-centered robots is desired by
family users [18]. Children’s right to privacy builds from the general definition of
privacy as the right to control what a user shares with another agent and how acces-
sible what was shared is to others [40]. Dimensions of privacy also consider the
control over being physically or psychologically alone [41]. As the kind of information
that is shared varies in nature, it is expected that a user’s willingness to share infor-
mation or their privacy concerns will change based on the change of what is shared,
whom it is being shared with, and how it is shared. This contextual nature of comfort
is named by the framework of contextual integrity [42]. Within the context of social
robots, we focus on informational, physical, social, and psychological dimensions of
privacy given the heightened emotional and functional cues leveraged during interac-
tion [43].

As a user’s engagement shifts dynamically, their fluid relationship with robots
across different contexts leads them to implicitly and explicitly navigate boundaries
that they and their families establish. This boundary management has been described
by the communication privacy management theory, which recognizes how users make
others “co-owners” of their information depending on when they grant them access to
information under their control [44]. In the case of families, pre-existing power
structures, systematic hierarchies, and emotional relationships add a layer of com-
plexity to privacy concerns [45].

These concerns can also vary widely across user demographics. Individual and
generational differences affect how families establish, maintain, and amend these
boundaries as they have done with other technologies in the past [46]. The privacy
paradox with robots also recognizes how perceptions and expressed discomforts differ
from actual user behavior [47]. All this context-driven variability in the management
of privacy inspired our study of how parents and children conceptualize their privacy
with a cohabitating social robot. Furthermore, studying familial privacy concerns will
help researchers navigate the best contexts for the most comfortable engagement with
these systems in the home.

3. Participating families and methods

3.1 Participant families

Seven families from Southern Spain participated in our study, recruited through
convenience sampling. The study was approved by Indiana University’s Institutional
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Review Board #14363, with caregivers providing written consent and children (aged
seven and older) giving written assent. In total, H4K engaged with 14 children (nine
male) between ages 6 and 13 (mean age = 9.6). This sample size aligns with prior
exploratory CRI studies, which often involve small samples, as noted in related works
(e.g., [48–50]). While one family had an only child, the other families included at least
two children. Accounting for periods when children were away, H4K cohabitated
with each family for an average of 20 days (σ ¼ 5:9, max = 27), resulting in a net
period of two weeks per family. Researchers visited each home to install and set up
H4K, explain privacy configurations to caregivers, and introduce the platform to
family members. Children were then free to explore H4K independently.

3.2 Haru4Kids platform

H4K consists of a Haru avatar displayed on an iPad supported by a rotating stand
(Figure 1a), using Apple libraries across seven modules: User Interface, Conversation
Manager, Vision Manager, Central Controller, Settings Manager, Logging, and Stand
Manager (Figure 1b). The Conversation Manager leverages cloud-based services for
certain functions, while the Central Controller coordinates app behaviors and cloud
access as needed. H4K’s rotating stand augments its embodied presence, differentiat-
ing it from other virtual or voice-based systems.

H4K offers several activities designed for engagement and cognitive stimulation:
Storytelling, Gusano Loco (a humorous, word-based storytelling activity), Detectives
(word matching), Would You Rather … ? (choosing between silly options), and
Jokes. These activities, created with neuropsychologists and speech therapists,
were designed to stimulate different cognitive functions in children (for further
details, see [9]).

3.3 Data collection

We collected data before, during, and after cohabitation. Images, audio, and logs
were collected throughout the interaction. For a more holistic understanding of infor-
mation sharing and general feedback on using the platform, we interviewed family

Figure 1.
Haru4Kids: (a) iPad supported by rotating-tabletop stand, and (b) high-level technical description of the system.

5

Exploring Key Challenges in Child-Robot Interaction Using Haru4Kids…
DOI: http://dx.doi.org/10.5772/intechopen.1008744



members before and after they interacted with H4K. Below, we describe the data
collected in greater depth. All data was stored on the iPad locally and collected when
the robots were retrieved from families’ homes.

3.3.1 Experiment logistics

The families were recruited among acquaintances of one of the co-authors. The
exact same protocol was followed with all the families: first, we made an appointment
for deployment by e-mail. All deployments were carried out within the same week to
keep the experimental conditions as similar as possible among the households. During
the deployment, the same two researchers followed an identical process in all the
homes: provide general explanations; provide explanations of the research consent,
assent, and of the General Data Protection Regulation (GDPR) documents, first to
parents, then to children: allow participants to read and sign the consent, assent, and
GDPR documents; collect demographic data; complete pre-interview (parents, then
children, separately); place the platform where the family indicates; set up the system;
do an initial check; give brief instructions to family about how to use the system.
Participants were given the contact information of the two researchers in charge of
the experiment and encouraged to reach out if there were any issues.

After two net weeks, the researchers picked up the H4Ks and conducted a post-
interview with the family members. The data was uploaded to the researchers’ local
server, which is highly protected and is only accessible to the researchers. The data
were then permanently and irrecoverably deleted from the iPads.

3.3.2 User logs

All application events were logged both on the iPad and—anonymously—in the
cloud (AWS Cloudwatch). Log entries included timestamps, event types (e.g., actions
by H4K or user requests), user head angles (from Apple’s Vision framework), and
rotating stand movements, as these can correlate with engagement levels [51]. These
logs provide a continuous record of user-robot interaction, supporting subsequent
analysis of dialog quality [52].

3.3.3 Image capture

To gauge user engagement, we captured images of users’ faces at one frame per
second during interactions from six of the seven families who consented to image
collection. Images were displayed in real time on the iPad for transparency.

3.3.4 Audio and conversation manager

H4K’s Conversation Manager, in charge of handling the components needed for
voice-based interactions, integrates Apple libraries for speech recognition and its
synthesis (Text to Speech). The Dialog Management component is a custom-built
container hosted on AWS that allows complex, mixed-initiative dialogs beyond stan-
dard chatbot interactions and features error-handling capabilities like Repeat, Help,
Background, and Sleep, providing a robust interaction experience even in error-prone,
unsupervised home environments.

Conversation Manager is also in charge of the audio signal recording, which was
limited to interactions where children responded verbally, with data stored locally and
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never uploaded to the cloud. Families retained full control over data deletion at any
stage of the experiment (even after it was finished), respecting privacy guidelines.

3.3.5 Pre- and post-interview data

To better understand caregiver and child experiences and concerns with a
cohabitating robot, we also utilized pre- and post-interviews. In a 30-minute pre-
interview, researchers asked children about their first impressions and expectations
for interactions with the robot. Notably, we asked multiple-item questions about
information sharing with a social robot (e.g., “What kind of information would you feel
comfortable showing or telling with a robot?”) and about sharing information with
different third parties through the robot (e.g., “What information would you feel com-
fortable having the robot share with your teacher/friend/sibling/parent/robot creator?”).
Parents were asked about their own comfort with sharing information with the robot
and comfort with their child interacting and sharing information with the robot and
third parties (total of 7 closed, information-sharing questions with 12 items each).

At the end of the trial period, a 30–45 minute post-interview was conducted with all
family members, who were asked the same multi-item questions for a pre-post analysis.
Kids were also asked about what they enjoyed, did not enjoy, or would like Haru to do in
the future. Parents were also asked about their impressions of cohabitation and feedback
for the roboticists. Furthermore, we asked each participating child to draw Haru, so that
we could gauge what they perceived as the most salient features of the robot.

For more specific details about the methods here presented, please refer to our
publication on this study [11].

3.4 Data analysis

3.4.1 Interview analysis

Comfort levels and other quantitative measures were analyzed statistically using t-
tests and a p-value of 0.05. Qualitative answers are described generally and reported
without thorough thematic analysis. These interviews were mainly used for internal
feedback and to guide the engagement analyses here described.

3.4.2 Measures for engagement estimation based on usage and dialog

From the log files, we want to call attention to the extraction of the usage profile of
each family and user reactions to the robot. Specifically, for each family and each day of
the experiment, we calculated the number of sessions per day and their durations based
on their starting and ending timestamps. Additionally, we determined the number of
times each activity was executed.We also analyzed whether it was actively requested by
the user (user-driven) or proposed by the robot (system-driven) and whether it was
completed or aborted by the user. From the log entries related to dialogs, we analyzed
the users’ reactions, or lack thereof, to the robot’s participation cues to the user, so that
we obtained an additional estimation of their level of attention and engagement.

3.4.3 Engagement profile estimation from users’ pictures analysis

An Engagement Level Metric (ELM) was developed based on hand-annotated user
photos categorized into four levels of engagement. Annotators, trained in a seminar
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and equipped with a guide, assessed a total of around 20 K collected images using the
ELM, which follows descriptions from prior studies [53, 54]. Annotators were pro-
vided only with facial images, ensuring unbiased assessments. Our annotation support
application monitored annotator attentiveness by inserting test images and tracking
response times.

3.4.4 Additional measures for engagement estimation

• User head angle (UHA): Correlation studies were conducted between UHA
components and the ELM, as previous literature has associated engagement with
angles within �12°, indicating user focus on the screen [51].

• Stand cumulative angle (SCA): This metric measures the stand’s movement,
assuming a higher SCA indicates decreased engagement.

3.4.5 Assessing annotation quality and reliability analysis

Annotation reliability was assessed using inter-rater coefficients such as
Krippendorff’s α, Cohen’s κ, and Cronbach’s α [55–57], as well as general agreement
measures like Pearson’s correlation and Root Mean Square Deviation (RMSD), which
was normalized by ymax � ymin

� �
, 3 in our case.

4. Results

4.1 General use over time

Figure 2 shows the cumulative usage time across families over two weeks. Indi-
vidual families’ usage is shown in the inset of Figure 2. Overall usage was low,
yielding a total of 18.37 hours, and quite variable both in usage length, with one family
achieving 15 days of net use and another just three; and in total usage time, with a
maximum of 4.92 hours and a minimum of 53 minutes. After day #10, only one family
continued interacting with the robot, showing how once the novelty effect fades
away, the usage drops steeply.

Figure 3a illustrates usage by activity, showing how children preferred Jokes,
Storytelling, and Gusano Loco, which is aligned with self-reported preferences [11]. The
interviews revealed results in line with this feedback. Of all the activities, children
expressed the most excitement over jokes and the least excitement for Haru’s story-
telling.

In general, most interactions were user-driven (red bars), with children increasing
activity requests from 33% on day one to 85% by the last day as shown in Figure 3b.
This result shows the importance of the mixed-initiative approach, which allows the
children to either passively wait for the robot’s proposals, or to actively request a
specific activity. Further details about this approach will be discussed in Section 4.4.2.

4.2 Visually measured engagement profile

Children’s attentiveness was analyzed using verbal responses to H4K’s prompts,
with results shown in Section 4.4. Engagement levels were primarily assessed through
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hand-labeled interaction photos, though these were less objective than dialog-based
metrics.

After annotating, the inter-annotator agreement was assessed, resulting in the
exclusion of two annotators with low agreement scores. Inter-rater agreement level
was mixed: Krippendorff’s α indicated low reliability, while Cohen’s κ suggested fair-
to-moderate agreement, and Cronbach’s α indicated good agreement. Those measures
are known to underestimate agreement when one label dominates [58]. On the other
hand, Pearson’s r scores (0.43–0.55) were strong by psychological research standards
[59]. Collectively, these values support the ELM’s validity as an engagement estimate,
given also the high RMSD-based metric (71–74%).

Based on those fair-to-moderate agreement values among the remaining 10 anno-
tators, the data provide reasonable confidence in the labels used for engagement
analysis. To further ensure the validity of the manual labeling, we selected from the
labels for each set only those in which at least three annotators agreed in its ELM,
which was 79% of the pictures. Afterward, we considered the ELM of each picture the
most-voted label, ELM3.

Those metrics show that activities like Detective,Would You Rather, and Gusano Loco
had slightly higher engagement. Engagement declined over time, but the differences
among activities remained statistically significant, withDetective ranking highest and Story
lowest, which is in line with the results obtained from user logs and the interviews.

Figure 2.
Evolution of the average, global time usage by day of experiment. Inset: individual family behavior.

Figure 3.
Comparison of activity usage and user-initiated activities over time. (a) Comparison of activities usage. (b) User-
initiated activities percentage over time.
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4.3 Other engagement metrics: SCA and UHA

SCA correlations were minimal (0.07 for yaw, �0.03 for pitch), while UHA abso-
lute yaw angle (head rotation by the neck axis, eye gaze moving toward a shoulder)
showed a notable �0.43 correlation with ELM3. These results indicate that perceived
engagement decreased as children looked away from the screen.

Overall, we describe how the annotated pictures amidst other visually-based indi-
cators provide a useful and trustworthy estimation of children’s engagement. In the
following section, we will analyze child-user dialogs with measures that do not involve
the intervention of human annotators. While the automated process makes themmore
objective, it may miss some of the nuances a human can extract from a face image. We
recognize these differences and present the general takeaways from the study.

4.4 Child-robot dialogs and verbal engagement

4.4.1 Children’s language understanding in the wild

The Automatic Speech Recognition (ASR) outputs were transcribed and analyzed
by humans, yielding an overall Word Error Rate (WER) of 0.077, with multiple-
choice questions performing best (WER = 0.07) and open-ended questions worse
(WER = 0.11). Hence, ASR showed robust performance, even though some of the
participating children have a strong Southern accent that makes their speech more
difficult to interpret, as it differs from the standard pronunciation. In any case, the
accuracy of the ASR could be further improved by optimizing for common names or
fine-tuning the models.

Table 1 details intent recognition metrics, with high performance across all cate-
gories (F β ¼ 0:5ð Þ ≥ 0.97). However, low occurrence counts for some intents (e.g.,
Repeat) may affect generalizability. The results exclude recognition errors, silences,
and out-of-scope (OoS) responses, but these collectively accounted for 24% of
responses in yes/no and multiple-choice questions.

Handling OoS inputs effectively is vital for user experience [60], with Dialogflow’s
fallback intent yielding a performance of Precision ¼ 0:90 and Recall ¼ 0:98.

Error rates declined slightly over time, with “silence” rates decreasing markedly
toward the end of the trial, suggesting children became more familiar with how to
respond to the robot’s prompts.

4.4.2 Children-robot dialog management in the wild

Standard dialog metrics, such as average user turns (5.25) and session duration
(1.92 minutes), varied between families, with one family averaging almost five

yes/no multiple sleep repeat activity

Precision 0.992 0.985 1.000 1.000 0.993

Recall 0.985 0.958 0.886 1.000 0.987

F β ¼ 1ð Þ 0.989 0.971 0.939 1.00 0.990

F β ¼ 0:5ð Þ 0.991 0.980 0.975 1.00 0.992

Table 1.
Intent recognition performance.
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minutes per session. As already shown in Figure 3b, user-requested activities
increased over time, indicating growing familiarity with the system.

Domain-independent intents (e.g., Repeat and Help) were infrequently used, except
for Background, which was frequently triggered (1.31 times per session). Most sessions
ended automatically when users disengaged, with fewer instances of using the Sleep intent
manually. The NLU layer performed well in general, with pre-defined intents achieving
F-scores of 0.98 or higher. While recognition issues affected 10% of inputs, they did not
decrease over time, suggesting this may be a stable limit for our current setup.

Within this work, our takeaways are two-fold: (1) there is a clear benefit of mixed-
initiative dialog, allowing users to shift from predominantly system-driven interac-
tions to increasingly user-driven interactions by the experiment’s end; and (2) the
observation that functionalities like Help and Repeat require explicit user training,
while a fallback Background strategy is critical in maintaining flow in conversational
applications.

Further, H4K offers valuable dialog statistics on turn-taking, error handling, and
dialog closure (see details in [10]) that could inform future CRI designs.

4.5 Dynamic comfort in sharing information in the home

To complement the above metrics of visual and verbal engagement with the robot,
we report the evolution of the family members’ general comfort of having Haru in the
home. See Table 2 which describes children’s change in comfort in sharing

Info Category General Third Parties

Teacher Friends Siblings/
Cousins

Parents Robot
Creators

Third Party 74% 80% 83% 86% 40%

School Grades 57% ↓3 100% 50% 50% 50% 21% ↓3

Hobbies 100% 79% ↓1 100% 93% ↓1 86% ↓1 86%

Conversations with
Others

14% ↓2 7% ↑1 14%
↓1↑1

14% ↓3↑1 29%
↓3↑1

14% ↓1

Name 100% 100% 100% 100% 100% 42% ↓3

Birthday 86% ↓2 93% ↓1 100% 100% 100% 21% ↓5

Pets 100% 93% 100% 100% 100% 71% ↓1

Family Info 43% ↓1 35% ↓1 50% ↓1 100% 93% ↓1 14% ↓2↑1

Friend’s Info 64% ↓3 93% ↓1 100% 50% ↓3 79% ↓2 42% ↓4

Location 43% ↓3 36% ↓1 76% ↓1 100% 100% 21%

Voice Recognition 100% 100% 100% 100% 100% 71% ↓4

Face Recognition 93% 100% 100% 100% 100% 42% ↓3

Images of family 57% ↓2 42% ↓3 57%
↓3↑1

83% ↓1 93% ↓1 21% ↓2

↓ ¼ number of children who changed to discomfort in the post-interview.
↑ ¼ number of children who changed to comfort in the post-interview.
Blue = 100% Comfort, Green = ≥ 50% comfortable, Red = <50% comfortable.

Table 2.
Child comfort with sharing information originally reported by Levinson et al., 2022 [11].
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information. All children, regardless of previous exposure to a prototype, had high
initial expectations for the robot’s capabilities. As such, children reported disappoint-
ment when H4K struggled to understand their input, which was related to our NLP
findings and impacted interaction frequency. There was also an overall decrease in
comfort with sharing information, in line with this reported disappointment in the
robot’s capabilities.

Regarding privacy, only 14% of children felt comfortable sharing conversations
with others with the robot, and 42% felt comfortable sharing location or family
information with the robot. The most comfortable information shared included
names, pets, and voices.

Post-interview results showed that 98% of adults were comfortable with children
sharing data directly with them but were less at ease with sharing data with teachers
(69%) and robot creators (67%), underscoring the contextual comfort with whom
information is shared. In comparing children’s pre- and post-interview results, a
paired t-test determined that there was a significant difference before and after the
cohabitation period (t = 5.303, p < 0.001). In comparison, a paired t-test of the adult’s
pre- and post-interview responses about information sharing was not significant
(t = 1.387, p = 0.22). Therefore, children were more likely than parents to change their
answers post-interaction than their caregivers. While this does not directly reflect on
the privacy paradox, which identifies how user behavior differs from user prefer-
ences, it elucidates that younger children have more dynamic boundaries, justifying a
greater need to be transparent with information sharing so they can make informed
decisions on their robot use.

5. Discussion

To our knowledge, our work is the first one to provide such a multi-faceted study
in CRI in the home environment. In the following discussion, we will situate our work
within the research on CRI and the deployment of engaging systems.

5.1 Children’s dialogs with robots

As Ljunglöf et al. [61] noted, speech recognition has historically been dialog sys-
tems’ weak point, but our results align with recent improvements in ASR technology
[62]. Although not yet at human-level accuracy, these results show notable progress,
particularly for non-English languages like Spanish in real-world contexts.

Our reliable performance of speech recognition in this challenging scenario, similar
to the accuracy rates reported in the study of Xu and Warschauer [39], indicates
progress but leaves more to be desired. There are challenges unique to voice interfaces
with children, such as children’s reliance on and use of non-verbal gestures in com-
munication [39], which motivates an enhanced focus on dialog management for child-
robot interactions with multi-modal capabilities.

As for language understanding, although our NLU layer performed well in general,
new NLUs based on current Large Language Models (LLMs) could overcome some
limitations of more “classic” approaches like ours, as LLMs offer a deeper apprehen-
sion of user inputs. However, LLMs arise some issues such as privacy concerns and the
possibility of hallucinations and non-proper answers.

Mixed-initiative dialogs allowed children to initially follow system-driven interac-
tions and later take control to request specific activities, as shown in Figure 3b. This is
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a novelty with respect to existing systems, which are either fully passive—just
answering the questions addressed to them by the user (e.g., Alexa)—or fully auton-
omous—guiding the user through the (maybe pre-established) dialog (e.g., a voice
menu over a phone call). Mixed-initiative dialogs allow users to become more familiar
with the system by the scaffolding of the guided dialog until they feel confident
enough to lead the dialog.

5.2 A multi-modal engagement study

Our overall work is comprehensive in that it can take into account engagement
measures across user logs and annotated images, dialog responses, and self-report inter-
views. Visual engagement estimation and interviews were performed on an individual’s
interaction data, whereas estimations by dialog and usage were rather measured family-
wide. Our results found that generally, children and parents, while initially comfortable
with sharing images during interactions, became slightly less comfortable after the
interaction. However, they were more comfortable with voice recognition and the
recording of audio data. While images may offer a rich and well-established source of
information about the interaction, these results inspire future work on triangulating
engagement across these modalities to best align data collection with familial comfort.

It is worth noting that the ELM ranking of activities
Detective ≳WYR≈ Jokes≳Gusano Loco≳ Story
� �

collected from images did not
correspond directly to usage frequency from the user logs or self-reported enjoy-
ment Jokes > > Story > > Gusano Loco > Detective≈WYR

� �
: In this way, we

identify an inequality between the activities most enjoyed as reported by children
and their families, most frequently used, and those in which children appeared more
engaged. Therefore, ELM could guide design for highly engaging activities, while
usage profiles could identify the characteristics of popular, frequently used content.
This approach offers a dual perspective for activity design in future CRI platforms.

This multi-modal approach also validated diverse kinds of engagement in CRI. The
higher engagement levels of Detective could inform the design of future activities that
emphasize problem-solving and interaction diversity. In fact, studies have highlighted
that game-based problem-solving activities foster intrinsic motivation and sustained
engagement in children during human-computer interaction scenarios, aligning with
our findings [63]. Additionally, the decline in engagement after the novelty effect
wanes indicates that personalization and adaptability—features where mixed-
initiative dialogs play a role—are essential to sustaining interest. On the side of per-
sonalization, we highlight how our Engagement Level Metric (ELM) provided a
robust framework for estimating engagement based on image annotations. While
tools like ELAN [64] offer annotation capabilities, our custom tool was specifically
designed for this study’s requirements, including features for annotator performance
monitoring in real time and future usability. In this way, the engagement metric is
more personalized to the participating children.

Our results are also in line with other work that emphasizes the role of mixed-
initiative for engaging human-robot interactions [65], particularly in the case of
maintaining engagement over longer periods of time [66].

Furthermore, we realized that children are not always more engaged by the activ-
ities they requested the most, as at some ages, they like serial repetitions of known
content [67]. Thus, we recognize that both the nature of the interaction and the
content are important contributing factors toward engaging CRI.
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5.3 Privacy and information sharing

Beyond takeaways surrounding the topic of engagement, we briefly report some of
the privacy-related findings that establish a foundation for trusting and successful
child-robot relationships. Survey responses revealed an overall decrease in comfort in
sharing information with a robot, with children exhibiting more caution than parents
around third-party data sharing. The dynamic shift and decrease after cohabitation
also make space for the re-navigation of privacy boundaries in the home, in line with
the privacy communication management theory proposed before [44]. In this, we also
find that children are more aware of the privacy risks with technology than parents or
other adults realize [40].

In particular, we found that voice recognition was the most accepted information
category among all dimensions, especially sharing with robot creators. With this in
mind, it becomes critical to shift the CRI research focus toward improving dialog-
based NLP and using voice-based metrics to assess the quality of child-robot
interactions.

5.4 Limitations and future work

Our findings align with past research indicating challenges in sustaining
children’s attention over time, as the novelty effect wears off [68]. Activity decreased
gradually. Limited content and the lack of embodiment might have influenced
engagement, with our app-based platform lacking the physical presence that some
children might prefer in social agents [11]. While embodied agents often offer benefits
over screen-based ones [69, 70], we used an avatar to allow faster, more flexible
deployment in multiple homes. This setup successfully ensured technical consistency
throughout the experiment, reducing the risk of hardware issues and enabling easy
configuration adjustments without compromising activity design. Though our plat-
form has a rotating stand providing a degree of embodiment and movement, we
recognize that this may have been a factor in decreased interaction. In the future, we
hope to best address this with more robust platforms that can be both consistent and
embodied.

This study was limited by sample size, language, and geographic scope. A planned
follow-up will expand these areas, including longer cohabitation, broader demo-
graphics, and more diverse activities. Key enhancements include adapting activities to
various developmental stages and cultural contexts and introducing collaborative
storytelling. We plan to develop additional educational resources and explore cohab-
itation with other populations, such as hospitalized children, to leverage H4K’s cogni-
tive benefits for diverse users [71].

The two-week cohabitation demonstrated initial user interest that tapered during
the second week, likely due to the onset of summer break. Future deployments should
address expectations with transparency and age-appropriate content. In addition, the
nearly 20 K pictures annotated in this study could be used as a dataset for training
artificial intelligent models aimed at automatic engagement estimation, even in real
time, closing the loop and making it possible to adapt the behavior of the robot to the
attention level detected in the child user.

The intents Help and Repeat were underused, likely due to limited awareness of
their existence. Therefore, we will need to introduce these features more explicitly
when deploying the robots in order to improve future interaction.
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As for privacy issues, future research and developments will have to take into
account new legislation such as the European AI Act,2 which places limitations on the
collection of some types of information, as well as the use of large language models
(e.g., Meta’s Llama 3.23). One possible workaround for this could be to create more
complex and useful logs, in which interpretations of the acts performed by the user—
rather than the recording of the acts themselves—will be locally recorded in the robot
and then used by the researchers, who will thus not have access to identifiable, private
information (audio or video signals). Such an approach is already in practice in
devices like the one used by the USA national nonprofit LENA (Language ENvironment
Analysis): a small wearable device (a “talk pedometer”) that records a log of events
(e.g., the number of turns in a dialog) rather than the dialogs themselves and that it is
used for speech analysis of toddlers and children.

6. Conclusions

The Haru4Kids (H4K) platform presented in this chapter represents a significant
contribution to the field of child-robot interaction (CRI), providing a robust and
versatile tool for studying engagement, language understanding, and privacy concerns
in real-world, uncontrolled settings. By integrating multi-modal engagement metrics
—ranging from visual data and dialog analysis to self-reported feedback—this
research underscores the complexity of fostering meaningful and sustained interac-
tions between children and social robots.

Our findings reveal critical insights: children exhibit enthusiasm for cohabitating
robots, though their engagement fluctuates based on activity type, system familiarity,
and the waning novelty effect. Privacy concerns emerged as another pivotal dimen-
sion, with children and parents navigating shifting comfort levels over time. In our
opinion, these observations highlight the need for adaptive and transparent CRI sys-
tems that address both ethical and technical challenges.

The study’s novelty lies in its comprehensive approach: combining user-driven and
system-driven dialogs through mixed-initiative strategies, leveraging annotated
image-based engagement metrics, and exploring privacy dynamics in unsupervised
family environments. These contributions provide a foundation for future advance-
ments in CRI, particularly in personalizing interactions and ensuring ethical data
practices. In addition, our results may be useful for studies in developmental psychol-
ogy and user engagement, supporting a growing field of research that combines
objective and subjective engagement measures to foster meaningful, interactive child-
robot experiences.

The broader implications of this research lie in its potential to guide the develop-
ment of incoming child-oriented systems that balance entertainment, education, and
ethical considerations [72].

Looking ahead, we propose enhancing activity diversity and platform embodiment
while expanding demographic and cultural diversity in future trials. We also empha-
size the integration of advanced natural language processing systems to deepen inter-
action quality. This research not only advances scientific understanding of CRI but

2

https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-

on-artificial-intelligence.
3

https://www.llama.com/llama3_2/use-policy/.
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also provides actionable insights for developing engaging, ethical, and inclusive child-
robot interaction platforms for diverse real-world applications.
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