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Abstract
Recommender Systems research continuously improves recommen-
dation strategies to meet the needs of a wide range of users and
other stakeholders. However, much of this research centers on the
traditional, adult user, often overlooking underrepresented demo-
graphics. One such group is children, frequent users of platforms
driven by recommender systems. Children differ from adults in
preferences and can be particularly vulnerable to certain content,
raising questions about the harm recommender systems may pose.

This PhD project advocates for child-aware recommender sys-
tems: systems that explicitly account for children as part of their
users, recognizing their distinct needs, vulnerabilities, and rights. In
pursuit of this goal, we investigate how well current recommender
systems serve children, auditing algorithmic strategies from two
complementary perspectives: The ‘traditional’ perspective focuses
on whether recommendations align with children’s preferences.
The perspective of ‘non-maleficence’ assesses suitability of content
recommended, evaluating whether it respects children’s vulnera-
bilities to potentially harmful material. To do so, we audit current
recommender systems according to both perspectives—not only in
the short term, but also in the long term through simulation studies.
Beyond auditing, we explore strategies and design directions for
making recommender systems more responsible. Outcomes from
this work should inform both academic and practitioner communi-
ties about the gaps in current systems and lay the groundwork for
more equitable, safe, and meaningful recommendations for children.

CCS Concepts
• Information systems → Recommender systems; • Social
and professional topics→ Children.
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1 Introduction
The traditional goal of recommendations is to provide different
users with suggestions tailored to their preferences [56]. Thus, a
recommender should have knowledge about every user [33]. How-
ever, users are diverse, and not every user is equally represented by
the data used to build recommender systems (RS), and differences
in preferences might be overlooked in classical design and evalu-
ations. This unequal representation might lead to problems since
RS particularly learn the preferences of homogeneous groups and
majorities [12, 17, 40, 44, 66], resulting in systems less suited for
minority groups. Recent research efforts in ethical recommender
system design critique this bias, emphasizing consumer fairness—
the principle that all users should be served equitably, regardless
of individual characteristics or group membership [1, 76].

One minority group that remains mostly overlooked is children.
Children are prominent users of online platforms [48, 51, 54, 72],
where they frequently encounter content curated by RS [70]. De-
spite the need to study children’s interactions with information
access systems thoroughly [38], current research on the interplay
between children and RS is sparse, evidencing a critical gap in un-
derstanding how these systems behave when children are the users.
To bridge this gap, it is crucial to recognize that children cannot
simply be treated as smaller or less experienced adults [8] that have
the same experiences and needs. Children are in developmental
phases [2, 6, 31], with different interests and preferences for media
[45, 62] and varying skills that influence how they perceive, inter-
act, and are impacted by online media [41]. Further, children are
a vulnerable user group—the media they consume can profoundly
impact their development and perception of the world [2, 7].

Motivated by these distinct characteristics, we aim to investigate
the extent to which RS designed for a broad user base serve chil-
dren, and how potential drawbacks can be addressed effectively, by
involving knowledge about children explicitly in the design and
evaluation of RS. To achieve this, we do not focus on RS specifically
tailored to children, as—in reality—children interact frequently with
platforms that are for a general audience [42], and thus encounter
RS that aim to tailor recommendations to a broad range of users.
Instead, we advocate for child-aware RS that acknowledge that
children are a part of their user base, which must be considered
throughout the design and evaluation of these. Central to this goal
is the question: what does it mean to truly serve children in the
context of RS? Motivated by children’s needs and developmental
context, we approach this through two key perspectives:

(1) The “classical" perspective includes concepts such as per-
formance and relevance. Those traditionally assess whether
an item is considered successful [5], i.e., whether users like
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the recommended items. Focusing on these aspects specifi-
cally in the context of children acknowledges their specific
preferences and consumption patterns.

(2) The principle of non-maleficence emphasizes the importance
of avoiding harm; considering children’s vulnerabilities and
that a large number of items present on online platforms can
be harmful to children [63]. This principle thus includes the
need to recognize and mitigate risks such as the reinforce-
ment of stereotypes or exposure to inappropriate content,
which can have long-lasting effects on children.

To advance knowledge of RS and children under consideration
of the two perspectives, we define three research objectives (ROs).

RO1: Characterizing recommenders’ alignment with chil-
dren’s preferences. RO1 aims to characterize differences between
children and other user groups. While children are typically the
statistical minority in datasets used for RS research, young adults
dominate the data. This majority group, which we refer to as main-
stream users, may be the driver of recommendations, potentially
affecting the suggestions children are presented with. In pursuit of
this RO, we address three research questions (RQs):

RQ1.1: To what degree do children’s interactions and con-
sumption patterns differ from those of more prominent mainstream
adults? This RQ drives research focus on assessing the extent to
which children are not part of the mainstream. As we assume that
children have a unique role in RS environments, we characterize
the items consumed by users to identify and model the distinct
consumption patterns of children.

RQ1.2: To what extent are recommendations for children af-
fected by more prominent mainstream user groups? With this RQ,
we investigate to what degree RS are actually able to create high-
quality recommendations for children despite the prominence of
mainstream users. To do so, we probe whether differences in con-
sumption patterns and preferences manifest in recommendations
children receive, i.e., whether they receive recommendations that
reflect their own preferences or those of the mainstream.

RQ1.3: How can we model children’s interactions with RS in sim-
ulation studies to enable meaningful and realistic long-term in-
sights? In order to not only capture short-term performance of RS
for children, but also examine their long-term impact on children
and their long-lasting alignment with their preferences, we turn
to simulation-based RS studies, as collecting real-world interaction
data from children poses ethical and practical concerns. Simulations
can enable controlled experimentation of long-term effects of algo-
rithmic strategies where little user data is available or user access is
limited [32]. However, the realism and ecological validity of simu-
lation studies for children remain uncertain. Unlike adults, children
are in active developmental stages—cognitively, emotionally, and
socially—which likely affects how they engage with systems over
time. As a result, simulations based on static or adult-centric choice
models may not capture the dynamics of children’s evolving prefer-
ences or vulnerabilities. To make simulations a viable tool to assess
children in RS environments, we answer this RQ to evaluate and
adapt how these choice models represent child behavior.

RO2: Auditing recommenders’ non-maleficence. This RO is
geared to evaluate RS from the perspective of non-maleficence. As
children can be considered particularly vulnerable users [43], we
argue that adhering to this principle should be a core priority for
RS—motivating us to audit whether current systems align with it.

RQ2.1: What are the characteristics of items that can be
deemed harmful for certain children when recommended? This
RQ aims to define what it means for an item recommended to chil-
dren to be non-maleficent, i.e., non-harmful. This requires nuanced
understanding of children’s developmental needs, individual dif-
ferences in vulnerabilities, and the content that may pose risks.
Importantly, this line of inquiry seeks to lays the groundwork for
more systematic approaches to identifying such risks, supporting
efforts to operationalize harm-related concepts in the context of
recommender systems.

RQ2.2: To what extent do RS present children with recommenda-
tions that violate the principle of non-maleficence? To assess
whether recommendations present children to potentially harmful
items, we assess the recommendations children receive in systems
not specifically designed for them. As children are frequent users
of such systems, this allows us to gauge the degree to which chil-
dren can be exposed to unfitting or maleficent content. For this, we
aim to operationalize risk assessments of RS from a child-centered
perspective to make risks more transparent and actionable.

RO3: Designing ‘child-aware’ recommender systems that
truly serve children. Based on insights from the previous ob-
jectives, research efforts for R03 lead to the design of RS that aim
to create recommendations that truly serve children. They must
explicitly recognize children as part of the user base. We argue
that child-aware recommender systems should generate recommen-
dations that are developmentally appropriate and responsive to
individual needs. They must be fitting, both from the ‘traditional’
perspective but also in terms of non-maleficence, not only in the
short term but also over time.

RQ3.1:Which algorithmic solutions that optimize toward tradi-
tional performance as well as non-maleficence can achieve recommen-
dations that are truly ‘fitting’ for children? To design ‘child-aware’
methods, we explore suitable solutions. This will be done by ei-
ther adapting existing strategies or developing new multi-objective
recommendation solutions.

RQ3.2: How can the trade-off between traditional perfor-
mance and non-maleficence be evaluated? In pursuit of the RO,
developed strategies need to be assessed from both perspectives.
This requires a holistic grasp of children’s needs and preferences,
but also vulnerabilities. Further, to be viable in real-world settings,
these systems must also maintain high utility for adults, ensur-
ing that improvements for children do not come at the expense of
broader user satisfaction. Thus, we develop a thorough evaluation
approach that considers users affected and determines the fit of
items with respect to our perspectives.

2 Related Work
Here, we lay out works relevant to our research project.
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Recommenders & Children. Despite children being frequent
users of platforms driven by RS, they are rarely considered in the
design and evaluation of these systems. As noted by Ekstrand [15]
and Gómez Gutiérrez et al. [26], key challenges in studying RS for
children include limited data availability, constrained opportunities
for user studies, and a lack of clearly defined assessment methods.
Previous studies mainly focus on highlighting children’s distinct
preferences [45, 50, 59, 62], and designing RS specifically designed
for children to suggest learning reading or learning material [e.g.,
37, 49, 53, 58, 65]. These studies highlight the potential of person-
alizing items to children that match their unique needs, skills, or
preferences [26, 46]. However, even the design of RS for children
in a specific domain, such as education, faces a multitude of com-
plexities that need to be considered [47]. Largely overlooked is the
perspective of how children are treated when they are just one user
group out of many that use the same system.

Harmful Recommendations. One frequent concern when it
comes to children’s interactions with RS is the suitability of items
for children [15, 26, 46, 47]. Tang and Winoto [64] argue that appro-
priateness should be a relevant consideration of recommender sys-
tems that goes beyond simple accuracy or liking of a user. However,
many prominent platforms that utilize RS show that inappropriate
items often appear on those [24, 52, 55]. For children, who are a
particularly vulnerable population [43] and susceptible to being
influenced by consumed media [3], such content can be distressing
and potentially harmful. This underscores the urgent need for re-
sponsible recommender systems that can recognize vulnerability
in users like children and actively avoid recommending harmful
content [11, 25]. Addressing these risks requires moving beyond
technical optimization, toward ethical considerations that center
the well-being of vulnerable users like children.

Recommender System Simulations. Simulation-based RS stud-
ies allow the analysis of what users would be exposed to when
interacting with a system repeatedly [16, 29]. Various effects of RS
that only become apparent when a user interacts continuously with
RS can be uncovered with those (e.g., bias amplification [20–22, 44]
or preference homogenization [10]), providing implications about
the societal impacts RS may have when deployed and interacted
with over extended time. Previous studies highlight how different
users are treated differently by RS in repeated interactions [21, 44].
The power to make implications about long-term interactions
with RS [14, 17, 77] is particularly relevant in cases where no real
users can be observed [32], as in the case of child-focused studies.

Despite the potential to obtain insights with high ecological
validity from simulation-based studies, recently, concerns about
the realism of simulation settings have arisen. Specifically, choice
models tend to simplify interactions with recommended items, and
they assume the same model for each user [e.g., 19, 22, 34, 39].
However, realistic choice models are imperative to capture real-life
impacts [9], particularly when studying differences between users.

3 Methods
Children are a protected user group, and research involving them
requires careful ethical deliberation [13, 18, 36]. Due to their vul-
nerability, children are subject to specific safeguards and privacy
regulations. As such, our work primarily relies on publicly avail-
able datasets that contain anonymized data from self-declared child
users, collected following the terms of service of platforms. Addi-
tionally, we draw on datasets where we can infer associations with
children’s interests based on item characteristics. To ensure safety
and ethical integrity, we adopt offline evaluation methods, allowing
us to generate initial insights and improve RS for children without
directly exposing them to potentially inappropriate content.

Our methods will mainly include empirical explorations that
investigate how current recommender systems fare for children,
with a focus on both preference alignment and non-maleficence. To
this end, we quantify the fit of items to children’s preferences and
sensitivities (RQ1.1 and RQ2.1) by analyzing item characteristics in
commonly used recommender system datasets. This involves iden-
tifying features that may signal preference relevance or potential
harm. We empirically evaluate how well these characteristics are re-
flected in actual recommendations by simulating recommendations
and interactions, allowing us to assess both short-term alignment
and long-term effects (RQ1.2 and RQ2.2). We will explore strate-
gies to adapt or design RS that explicitly account for children’s
needs (RO3). This includes developing interventions and training
objectives that incorporate child-specific constraints, preferences,
or safety considerations. Further, we empirically evaluate the out-
comes of such design methods in a holistic manner by considering
whether all goals of the methods are achieved for all users.

Datasets. Generally, we focus on datasets from entertainment-
related domains. As for those, a certain degree of autonomy of
users can be expected that may not be available when it comes to
domains such as e-commerce or tourism, where parents would have
a more prominent role in children’s decisions. However, publicly
available datasets that include demographic information are rare—
even more so when it comes to the inclusion of child-related data.
One of the most prominent datasets in RS research, Movielens-1m
[28], includes a limited number of 222 users under 18, with no
specifics about the more concrete age of these users. Other datasets,
such as Bookcrossing [79] or MyAnimeList1, provide more detailed
information about users’ ages, but the unavailability of timestamps
leads to uncertainty about the reliability of age information at the
time of the interactions. Themost detailed information can be found
in LFM-2b [60]—yet, this is not publicly available anymore—and
MLHD [73], both including listening events with songs. To expand
our analysis to other domains beyond music, we aim to leverage
datasets without demographic information, but in which we can
infer preferences that may align with child interests. For instance,
in the Goodreads dataset [74, 75], genre information hints toward
the target audience, i.e., Children’s and Young Adult.

Offline Evaluations.We utilize these datasets in a variety of
empirical offline evaluations. Through data analyses, we evaluate
children’s preferences, oftentimes using genre consumption as a
proxy. To assess appropriateness of items, we rely on a variety of
measures, including those based on natural language processing

1https://www.kaggle.com/datasets/dbdmobile/myanimelist-dataset
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[e.g., 4, 23]. Auditing of RS performance and maleficence will be
evaluated with classical offline RS experiments [27]—focused on
differences between users of varying ages—but also with simulation-
based studies [16, 29]. These can provide insights into long-term
dynamics between users and RSwhere no real users can be observed
[32]. As direct access to users or sufficient data is limited when
it comes to children [15, 26], simulations have the opportunity to
gain nuanced insights into the interplay between RS and children.

Child-awareRecommender SystemsDesign.To design strate-
gies for RO3, various methods will be explored. One key component
requires the detection of appropriateness levels of children. As RS
typically do not have explicit information about users’ demograph-
ics or specific needs or vulnerabilities, we will explore methods
to implicitly assess these. Insights from these can then be further
leveraged to improve recommendations for children. Approaches
for this can range from simple reranking approaches [35, 61], which
could be used to adapt already trained RS, to more advanced ap-
proaches such as multi-objective optimization that considers both
perspectives during training [57, 78].

4 Progress and Results
Here, we lay out research efforts conducted in pursuit of our ROs
as well as plans for future work for RO completion. An overview
of the current progress throughout the years, as well as planning
for the remainder of the PhD trajectory, can be seen in Table 1.

Characterizing recommenders’ alignment with children’s
preferences. Throughout years 1 and 2, we conducted two studies
to address RQ1.1 and RQ1.2. In [69], we explore preferences of users
of varying ages, assessed through previous genre consumption, in a
movie and music-related dataset. We analyzed whether salient dif-
ferences in consumption patterns between children andmainstream
adults are captured by a variety of recommendation algorithms de-
spite children being underrepresented in the datasets used. Our
analysis on LFM-2b highlighted that while children generally re-
ceive recommendations overall well-aligned with their preferences,
RS show inconsistent behavior when removing mainstream users’
influence on the training of an RS, i.e., when solely training on
children’s data. To further explore these effects, we expanded this
research across more datasets in a reproducibility study [71] (un-
der review). Here, we find that differences in preferences between
children and mainstream users persist in the music, movie, and
book domains. Moreover, whether a recommender is able to create
recommendations well-aligned with a child’s preferences depends
on the dataset studied. On those where an recommendation al-
gorithm (RA) performs well for children, we generally find that
they are interested in overall popular items. The results from these
two studies highlight that (1) children are not mainstream users,
but have prominently different genre preferences than the main-
stream (RQ1.1), and (2) that recommenders may fail when it comes
to children if their preferences are not fulfilled by popularity-biased
recommendations (RQ1.2). This highlights the importance of con-
sidering that RS that are expected to perform well for their user
base may fail to cater to some of their underrepresented users, such
as children—even in a classical sense of performance.

In year 3, we aim to further assess how well recommendations
align with children’s preferences. In particular, given children’s
active development, we consider whether RS can provide high-
quality recommendations for children in the long term. For this,
we utilize simulation-based RS studies. To gather realistic insights
from these studies, a realistic simulation of users’ interactions with
these systems is imperative to maintain high ecological validity of
findings. However, explorations in year 2 show a crucial issue of
simulation studies focused on children: Choice models—models that
simulate the users’ interactions with recommendations—typically
assume the same behavior of users when presented with recom-
mendations (homogeneous choice models). Concerns arise that
these cannot capture individual user behavior, particularly those
of children who may deviate from ‘typical’ behavior. To highlight
this issue addressed by RQ1.3, we show that homogeneous choice
models in a simulation study fail to capture the individual behavior
of users realistically [68]. We are in the midst of another study that
highlights how well children’s interactions with RS are captured
by choice models. We investigate whether short-term explorations
of users’ choice behavior can be utilized to create long-term valid
choice models for users of different ages. As children undergo devel-
opmental changes throughout childhood, long-term insights from
simulation studies about the interplay between RS and children
may not be reliable. In the latter half of year 2, we will explore
methods to better capture children’s interactions with RS to create
simulation studies that can provide thorough insights into the in-
terplay between children and RS.

Auditing recommenders’ non-maleficence. To contribute re-
search outlined in RO2, we conducted initial studies. In year 1, we
analyzed a common corpus of song lyrics with different lenses to
probe which lyrics can be deemed harmful (RQ2.1) [30]. As expres-
sions that could be classified as unsuitable for certain children were
found in almost every lyric, we discuss what it means to be truly
‘fitting’ for a child. Nuanced differences between different ages, but
also different cultural backgrounds or experiences, may influence
what would be a ‘fit’ for a child. Our reflections prompt that creat-
ing recommendations aimed to be non-maleficent is not a simple
content-detection and filtering task but instead requires a nuanced
understanding of children’s needs, experiences, and perceptions.

In another study conducted in year 1 [67], we probe items based
on another type of harm, namely stereotypes. We investigate the
prominence of different types of stereotypes in items in large movie
and book item corpora and apply common RS. Analyzing the pres-
ence of stereotypes within recommendations made to children
allowed us to gauge how frequently children may be exposed to
stereotypical items due to RS underlying the platforms used by
them. This prompts us to reflect on the efforts necessary to mitigate
the effects of such content that can profoundly impact children’s
self-perception, but also their picture of other social groups.

Particularly throughout the latter half of year 2 and year 3, we
aim to focus on the operationalization of risk assessments from a
child-centered perspective. Our goal is to systematically identify
which types of recommendations may pose potential risks or be
deemed harmful to children. This operationalization not only pro-
vides a foundation for evaluating RS and RS-driven platforms, but
also offers a structured approach for assessing the effectiveness of
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Table 1: Current progress on the research objectives. A ‘𝑃 ’ in a cell indicates that research efforts are planned for the corre-
sponding year with respect to the research question. The column ‘In Progress/Planning’ specifies the nature of ongoing or
upcoming explorations.

Research Research Question Year In Progress/In Planning
Objective 1 2 3 4

RO1: Auditing
Preference
Alignment

RQ1.1: Characterizing preference
differences

[69] [71] — — —

RQ1.2: Assessing RS performance
for children

[69] [71] 𝑃 — Long-term Explorations

RQ1.3: Modelling long-term be-
havior

— [68] 𝑃 — Develop long-term valid models for chil-
dren

RO2: Auditing
Non-Maleficence

RQ2.1: Characterizing harmful
items

[30, 67] 𝑃 𝑃 — Expansions to different types of harms

RQ2.2: Documenting harmful rec-
ommendations

[67] 𝑃 𝑃 — Expansions to different types of harms
and differences between users

RO3: Designing
holistic strategies

RQ3.1: Creating recommendation
approaches

— — 𝑃 𝑃 Design reranking and recommendation
approaches

RQ3.2: Evaluating holistic recom-
mendation quality

— — — 𝑃 Evaluate trade-offs between perspec-
tives

mitigation strategies aimed at reducing harm.

Design recommendations approaches to achieve ‘child-aware’
recommender systems that truly serve children. To strive to-
ward RO3, we will leverage findings from previous studies to design
and evaluate recommendation strategies that attempt better to
serve children holistically, taking into account the two previously
considered perspectives. We plan to begin concrete explorations in
year 3, to produce actionable outcomes in year 4. Understanding
for which children current RS fail to create high-quality recommen-
dations (RO1) and which recommendations can be harmful (RO2)
provides a broad picture about where RS currently fail. We will ex-
plore methods that target these failures by reranking, adapting, or
designing new recommendation approaches that explicitly aim to
serve children’s preferences better, but also acknowledge their vul-
nerabilities. Importantly, such strategies can only be implemented
successfully if they account for the broader user base. Improving
and safeguarding recommendations for children must not come at
the expense of recommendation quality for adults. To this end, we
will explore approaches that automatically detect content appropri-
ateness and consider techniques such as multi-objective learning
to balance needs and constraints of different user groups.

5 Concluding Remarks
This research project establishes a foundational understanding of
what it means to truly serve children in RS—beyond accuracy—by
framing recommendation quality around both preference align-
ment and non-maleficence. It introduces the notion of child-aware
recommender systems, placing responsibility on RS to be aware of
their user base and, consequently, their impact on society [cf. 35].
This paradigm treats children not as edge cases, but as a meaningful
part of the user base with distinct needs, vulnerabilities, and rights.
Through this lens, we develop evaluation strategies, probe current

RS, and design strategies that lay the groundwork for ethically
sound and developmentally appropriate RS for children.
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