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Abstract. Recommendation algorithms are often trained using data sources
reflecting the interactions of a broad user base. As a result, the dominant pref-
erences of the majority may overshadow those of other groups with unique in-
terests. This is something performance analyses of recommendation algorithms
typically fail to capture, prompting us to investigate how well recommenda-
tions align with preferences of the overall population but also specifically a
“non-mainstream” user group: children—an audience frequently exposed to rec-
ommender systems but rarely prioritized. Using music and movie datasets, we
examine the differences in genre preferences between Children and Mainstream
Users. We then explore the degree to which (genre) consumption patterns of a
mainstream group impact the recommendations classical algorithms offer chil-
dren. Our findings highlight prominent differences in consumption patterns be-
tween Children and Mainstream Users; they also reflect that children’s recom-
mendations are impacted by the preference of user groups with deviating con-
sumption habits. Surprisingly, despite being under-represented, children do not
necessarily receive poorer recommendations. Further, our results demonstrate
that tailoring training specifically to children does not always enhance person-
alization for them. These findings prompt reflections and discussion on how
recommender systems can better meet the needs of understudied user groups.

Keywords: Recommender Systems · Children · Consumption Behavior.

1 Introduction

Recommender Systems (RS), essential tools for personalizing online experiences, cater
to users with diverse tastes and preferences. However, these systems are typically
designed and evaluated across broad demographic categories, overlooking the distinct
characteristics of specific groups [12, 33]. Popular datasets used in RS research reflect
a skewed view of user populations: ∼31% and ∼28% of users are female, and 8%
and 4% are under 18 years old in LFM-2b [45] and MovieLens-1M [20], respectively.
Such imbalances can lead RS to misrepresent the behavior or preferences of underrep-
resented groups, and consequently be less effective for these groups [2, 13, 25, 26, 33].
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This is a known issue, especially for users with niche interests, as recommendation
algorithms (RAs) tend to capture popular preferences more accurately than niche
ones [16]. Ideally, RAs would consider users’ individual preferences, but items favored
by the majority receive more interactions and are consequently suggested more
frequently—regardless of users’ specific interests [13, 24].

An often understudied group is children (individuals up to 18 years of age [51]). De-
spite their common use of online platforms [39, 42] and exposure to RS, research rarely
prioritizes them. As per preliminary studies based on short-term observations, we know
that children are a distinct type of human [6] with unique interests [36, 47]; and when it
comes to RS their interaction and consumption patterns differ from those of adults [5,
44]. These insights, however, are seldom reflected in the design and evaluation of RS ex-
plicitly for children [e.g., 17, 41]. Furthermore, across popular platforms, RS are rarely
tailored to specific user groups; they are deployed with a broad user range in mind. Con-
sequently, children’s interactions may be overshadowed by adults’, who typically repre-
sent mainstream users—users responsible for a large majority of available data. Sidelin-
ing children’s preferences could lead to a poor user experience and skewed recommen-
dations. This uncovers a critical research gap for children (and other minority groups):
the need for a comprehensive exploration that examines the preferences of diverse users
in a nuanced way and based on behavior observed over an extended period of time.

To address this gap, we anchor our work in two research questions: (RQ1) Do
item preferences differ between Children of varied ages and Mainstream Users?
(RQ2) Do common RAs suggest items to Children that deviate from their initial
preferences due to the dominance of profiles of Mainstream Users? To address these
RQs, we study user interactions in two popular domains for RS deployment–movies
and music–by utilizing the well-known LFM-2b [45] and MovieLens-1M [20] datasets.
We conduct a two-phase empirical exploration where we assess the preferences of
individuals based on consumption patterns of items of different genres, modeling and
comparing the types of media that users prefer across ages. We then build on emerging
findings to probe whether common RAs skew their recommendations because of the
dominance of mainstream users, neglecting younger audiences. We recognize that
children do not form a monolithic user group. However, to establish a foundational
understanding of this user group, we follow accepted practices [13, 35, 37] and view
children as a generalized user group while also examining sub-groups whenever the
metadata in aforementioned datasets allows us to do so.

This work has a direct impact on the evaluation and deployment of child-aware
RS and implications of interest for underrepresented groups: RAs assessment should
consider not only their overall performance for their user base but also their ability
to genuinely serve the interests of all users, including those whose niche behavior or
preferences may be overshadowed by dominant profiles. Further, our analysis exposes
the challenges of data pre-processing for offline evaluation. Adopting common pre-
processing steps instead of being explicitly mindful of non-traditional user groups may
affect their representation and, consequently, mislead study outcomes for this popula-
tion. To enable reproducibility, we publish all associated code in a public repository3.

3 https://github.com/rUngruh/PreferenceAnalysis

https://github.com/rUngruh/PreferenceAnalysis
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2 Related Work

Children are often overlooked in RS research, with most works in this area focusing
on children’s consumption patterns [12, 17, 26, 38]. Existing research analyzes the
characteristics of books read by children [15, 36]; it also examines genre and song fea-
tures in children’s music consumption [44]. The efforts, however, are based on limited
samples and timeframes that may not fully reflect children’s actual interactions. More
so, they discuss implications for the design of RS tailored specifically to children.

Turning to RS intended for a wide user range, research indicates that not all
user groups are served equally well, with children potentially receiving less suitable
recommendations according to lower performance scores [13]. Schedl and Bauer [44]
also note that music RS designed for “general” users tend to perform worse for children,
likely due to the influence of adult user profiles skewing recommendations. While tra-
ditional metrics like accuracy evaluate algorithmic performance, they overlook crucial
factors such as user satisfaction, engagement, and the system’s ability to accommodate
diverse preferences [10, 21]—key considerations for underrepresented groups.

RAs are effective if they suggest items in line with users’ previous consumption
behavior, fostering a sense of consistency and relevance that may better engage users
over time [29]. Unfortunately, this is seldom the case for minority groups. Chaney
et al. [10] note that RAs suffer from homogenization, where diverse users are treated
similarly despite deviating consumption patterns. For instance, female users whose
interactions with systems are underrepresented in datasets receive recommendations
that are less accurate [13, 32] and also deviate from their interactions [31]. This raises
concerns about how children might be unequally served and unfairly treated by RAs.

3 Analyzing Deviations between Preferences

In phase one of the exploration, we analyze user interactions with items of different
genres to scrutinize consumption patterns. We focus on the differences between
Children and Mainstream Users—the latter responsible for a majority of recorded
interactions despite many individuals of different ages who might use such systems.

3.1 Experiment Setup

We anchor our study on two datasets. MovieLens 1M [20], widely used in RS re-
search, includes user demographics and consists of 1,000,209 ratings of 3,706 movies by
6,040 users (an average of 165.60 rated items per user). Each movie is annotated with
at least one of 18 genres. As per dataset metadata, each user (and therefore their associ-
ated ratings and consumption patterns) belongs to one of 7 age groups (see distribution
in Fig. 1a). Most ratings (84.60%) are recorded by users aged 18 to 49, which we treat
as Mainstream Users, given their overwhelming representation. Children (Under
18) only make up for 2.83% of ratings; the remaining ratings are from Non-mainstream
Adults (NMA) aged 50+, with no further age distinctions provided for this group.

LFM-2b [34, 45] is a large dataset with fine-grained user demographics and user-
item interactions. It includes 2,014,164,872 Listening Events (LEs) from 120,322 users
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(a) Users per age group in
ML.

(b) Profiles per age at
listening in LFM-2b.

(c) Impact of matching genres
to songs on number of LEs

Fig. 1: Size comparisons of the datasets.

on 50,813,373 songs, recorded from February 2005 to March 2020. Based on metadata
provided by the dataset creators, each user is associated with a self-reported age as of
October 31, 2013. For simplicity, we assume that each user turned this age on this date,
allowing us to estimate their age for each recorded LE with an error margin of ±1 year.
Unlike ML, which only offers broad age categories, this detailed information allows
us to pinpoint the age at which a user consumed a particular song, enabling more
nuanced insights. We exclude users without a valid age, those under 12 (to account
for social media age limits), or those over 65 (retirement age)–the latter exclusion
as we study younger user groups. This results in 46,005 users and 1,337,596,535 LEs.

LFM-2b associates songs with 2,808 micro-genres. As these are too specific for
meaningful comparisons, we instead utilize genre information from the LFM-1b UGP
[46] dataset, which maps 219,022 artists to at least one out of 20 genres from Allmu-
sic (https://www.allmusic.com/genres). We assume that the genre of an artist also
extends to each of their songs, enabling us to identify the genre for 25,719,981 songs.
By excluding songs without genre information, the dataset used for analysis includes
1,131,465,529 LEs by 45,601 users. Leveraging the dataset’s long timespan and detailed
user age information, we create yearly user profiles for each user. Each year starts on
October 31st, and a single profile represents one year of a user’s life, including only
Listening Events (LEs) from that year. This results in 275,232 unique user profiles, the
majority representing young adults (Fig. 1b). Maintaining the consumption behavior
captured in the original data is key to guaranteeing the validity of our exploration.
Therefore, prior to deciding on the adoption of a specific filtering step, we purposely
gauge if certain user groups are disproportionally affected, as this would distort the rep-
resentation of their preferences. Based on the proportion of removed LEs by users’ age
at the time of the LEs illustrated in Fig. 1c, we see that relatively few LEs are removed.
Particularly for younger user groups, who are at the center of our exploration, most
of their LEs remain. For most users, more than 80% of items are retained, enabling
us to capture interactions with many items—all with annotated genre information.

An analysis of the profiles obtained for each year highlights that users provide
listening information over multiple years: On average, 6.04 yearly profiles per user are
obtained. A large majority of users (42,816) have more than 1 profile (i.e. listening to
music for more than 1 year), and more than half of the users (23,919) provide listening
histories for more than 5 years. On average, each user has recorded 22,978.65 LEs. Each
yearly profile includes on average 3,385.20 LEs and 266,063 profiles include more than

https://www.allmusic.com/genres
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10 LEs. A majority of the LEs (73.11%) in the dataset comes from younger user groups,
particularly those aged 17 to 29. We refer to this age group as Mainstream Users.
Although 17-year-olds are technically children [51], their prevalence in the dataset
precludes them from being considered a minority group. Consequently, for discussions
involving LFM-2b, we refer to users aged 12 to 16 as Children, who account for
7.07% of all LEs. NMAs (30 to 65) are responsible for 14.71% of recorded LEs.

To capture individual users’ consumption history based on the genres of items they
interact with, we define User Genre Profiles (UGPs) for users grouped on an age
level. As items can have multiple genres, we model each item as a uniform distribution
of its genres, i.e. weights sum to 1. A UGP is a normalized distribution reflecting
the mean frequency of each genre in the users’ consumption history. If an item is
consumed multiple times, all occurrences are counted to convey the higher frequency
of repeated interactions. We create an Age Genre Profile (AGP) for each age group
to represent the “average” genre consumption of users in that group. The consumption
profile for a specific age group AGPage, where age marks the group (for example,
Children, Mainstream, or 17-year-olds), is the average of the UGP of each user in
this age group. While more fine-grained approaches for creating user profiles exist
[9], our technique offers a simple, interpretable, and comparable method for defining
user profiles, following [46]. More complex profiling methods are left as future work.

We analyze differences in users’ consumption histories as a proxy for their prefer-
ences. To begin understanding age-related differences, the extracted profiles capture
snapshots of users’ consumption, deliberately excluding developmental factors and
changes in individual preferences over time. To detect salient differences in genre
consumption patterns of users within and between age groups, we leverage the Jensen-
Shannon Divergence (JSD), which provides a bounded and interpretable measure
of similarity between distributions [30]. Primarily focusing on how Children and
Mainstream Users differ, we compare distributions from three different perspectives:
– In-group Deviation, the average spread of different preferences within an age

group computed as the average JSD between an AGP and each UGP within the
respective age group.

– Age Preference Deviation, the pairwise distance between AGPs using JSD.
– Mainstream/Child Deviation, the average JSD between UGPs of a certain

age and the AGPChild or AGPMainstream.

3.2 Results

Analyzing AGPs for MovieLens, illustrated in Fig. 2a, we note that ‘Drama’ is
consumed more frequently the older the user, and genres such as ‘Comedy’ and
‘Children’s’ appear more frequent in the AGPs of younger users. However, the
Age Preference Deviation between AGPChild and AGPMainstream is 0.013 and the
MANOVA [50] analyzing the effect of belonging to the Children or Mainstream user
group on the proportion of different genres in theUGP is not significant (p>.01). This
suggests that the genre proportions in the UGP are not meaningfully influenced by
age group in this dataset. Notably, there are fewer Children UGPs (N=222) relative
to other age groups, which may influence the results of the test. Fig. 2b highlights that
Children profiles differ markedly from each other while Mainstream profiles tend to
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(a) Genre Distribution of AGPs. (b) In-group Deviation for age groups.

Fig. 2: Analysis of the genre distribution of different age groups on ML.

be closer to the respective AGPs. As per Age Preference Deviation in Fig. 3a, UGPs
of users younger than 17 typically deviate from those of all other age groups. The
older the users are, the more their interests differ from those of younger users. Fig. 3b
highlights that Children differ the most from the AGPMainstream and are closer to
the AGPChild. The older a user gets, the more their UGP differs from the AGPChild.

Although preference trends on LFM-2b in Fig. 4a are barely discernible and
the Age Preference Deviation between AGPChild and AGPMainstream is 0.0041, the
MANOVA analyzing the effect of age group membership (Children or Mainstream)
on the frequency of different genres in the UGPs is significant (p< .01). Further
analysis using Tukey’s HSD [1] indicates that significant differences (p<.01) exist in
the proportion of ‘Rap’, ‘Alternative’, ‘Punk’, ‘Vocal’, ‘Jazz’, ‘Blues’, ‘Easy Listening’,
‘Country’, ‘Classical’, ‘World’, and ‘New Age’. Despite both datasets having a similar
number of genres, In-group Deviation in LFM-2b is higher across all age groups than
in ML and remains similar between all age groups (Fig. 4b); there is no significant
difference (p>.01) between the In-group Deviation of Children or Mainstream.

Fig. 5a shows that AGP12 to AGP17 deviate from AGPMainstream, with even
greater divergence from AGP NMA. However, as users grow up, their consumption

(a) Age Preference Deviations. (b) Mainstream/Child Deviations.

Fig. 3: Comparisons between genre distribution of different age groups on ML.
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(a) Genre Distribution of AGPs. (b) In-group Deviation for age groups.

Fig. 4: Analysis of the genre distribution of different age groups on LFM-2b.

gradually aligns more closely with Mainstream Users. As seen in Fig. 5b, users 19
or younger have UGPs that align more with AGPChild than with AGPMainstream.
For users aged 20 and older, the UGPs align more with AGPMainstream. Overall, age
groups that are close together appear to have similar listening patterns, while higher
age difference indicates bigger deviations between the consumption of certain genres.

Results across the 2 datasets show that young adults exhibit more consistent
consumption patterns than children and represent the majority of users driving
interactions, regardless of the domain. Children emerge as a distinct and underrep-
resented group with divergent preferences. Despite their unique tastes, the relatively
fewer Children profiles may cause their preferences to be overlooked among the
Mainstream, highlighting the difficulty in effectively capturing Children’s prefer-
ences. Although we probe Children’s preferences during specific intervals, children
are not a static group. They are in a developmental phase where individual tastes
and interests are continuously changing [19, 52], which may require more nuanced
approaches to personalization. This emphasizes the complexity of addressing the
needs of niche user groups in broader systems.

(a) Age Preference Deviations. (b) Mainstream/Child Deviations.

Fig. 5: Comparisons between genre distribution of different age groups on LFM-2b.
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4 Investigating Recommender Impact Across Age Groups

In phase two of this exploration, we build on insights from Section 3 that reveal dif-
fering consumption behaviors for Children and Mainstream Users. As statistically
significant differences in users’ genre consumption history pertained only to LFM-2b
and considering the more detailed information LFM-2b provides, we focus further
analysis on this dataset. Specifically, we investigate whether RAs (i) capture unique
consumption patterns, (ii) serve users from different age groups differently, or (iii)
skew recommendations toward previous consumption of Mainstream Users at the
expense of individual preferences.

4.1 Experiment Setup

We inspect two non-personalized RAs: Random and MostPop; alongside two
personalized ones: iALS [22], a matrix factorization model which is trained based
on implicit data which is frequently used as a non-neural baseline [3], and RP3β
[40], a graph-based recommendation model which is a well-performing alternative
to other benchmark algorithms despite its simplicity [14]. To examine RA behavior,
we focus on a specific timeframe—June 1st to October 30th, 2013—to gain insights
into the broader effects of Children and Mainstream Users in an RS environment.
This period was chosen because it encompasses a dense portion of the dataset, as
the majority of LEs occurred in 2012 and 2013. By narrowing our scope to this
timeframe, we ensure sufficient data for robust analysis while carefully verifying that
the age distribution in this subset closely matches the overall distribution shown in
Fig. 1b. As commonly done for experiments involving LFM-2b, we exclude user-song
interactions where a user has listened to a song only once [28, 34]. Additionally, we
binarize ratings by including the first listening event for each user-song interaction,
disregarding multiple listens [3]. Users who interacted with fewer than 5 songs or
songs with fewer than 10 interactions are excluded to reduce sparsity in the dataset.

To evaluate how RAs fare, we apply a temporal global split [7], one of the most real-
istic and strict splitting methods [23]. LEs from June to August 2013 are used for train-
ing, September 2013 for validation, and October 2013 for testing. Users lacking items
in any of the splits are removed, resulting in a subset of 18,065 users and 159,900 items.

To model users’ genre consumption and compare it to genres present in their recom-
mendations, we define UGPs (as in §3.1), i.e. genre distributions of users’ consumption
history. In this case, however, items in the profiles are restricted to those in the train
set, as these are the interactions available to the RAs. The AGPs are computed
based on these UGPs, as described in Section 3.1. We define Recommendation
Genre Profiles (RGPs) to model genre distributions within a recommendation list
akin to UGPs, but using solely the items in that list.

For RA performance analysis on individual age groups, we use nDCG, MRR, and
MAP [18]. To study similarities between genre profiles and compare UGPs and AGPs
with the respective RGPs to determine how well the genres of the recommendations
align with those of users’ consumption, we rely on:
– Genre Miscalibration (GMC), the JSD between a UGP and the respective

RGP . This builds on the use of JSD as a calibration measure [27], highlighting
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the alignment between the genres of the recommended items with users’ previous
consumption patterns [29, 49].

– Recommendation-Mainstream Deviation (RMD) and Recommendation-
Child Deviation (RCD), the average JSD betweenRGPs and theAGPMainstream
or AGPChild, respectively.
We first assess the ability of RAs to cater to the preferences of users across different

age groups, accounting for performance metrics and genre-profile similarities among
Children, Mainstream Users, and NMAs. We then investigate whether recommenda-
tions for Children are influenced by the dominance of Mainstream Users interac-
tions by training the RAs using data from the entire user base as well as data restricted
to Children—a recommendation scenario in which the interactions of non-Children
do not influence outcomes. For this, we use General-Set, which reflects the user distribu-
tion dominated by Mainstream profiles, and Child-Set, a filtered version of General-Set
that includes only the 1,215 Children profiles (users aged 16 or younger), respectively.

For RA deployment, we use the Elliot framework [4] and follow the configurations
suggested by Anelli et al. [3] for hyperparameter tuning and training (see repository).
We generate 50 recommendations per user using each RA, a common cutoff that
allows us to build informative RGPs.

4.2 Results

We present an overview of experimental results in Fig. 6 and Table 1. We begin our
analysis by comparing the recommendations based on the General-Set for different
age groups and use a one-way ANOVA [48] to measure the effect of the age group
on each assessment measure. If the ANOVA is significant (p<.01), we compare pairs
using Tukey’s HSD with p<.01. Differences in RA performance between age groups
are not significant for MostPop or Random. However, MostPop does outperform
Random across all age groups, which is expected given its well-documented ability to
suggest suitable items [8, 11]. Recommendations generated by non-personalized RAs
show a considerable deviation from users’ previous consumption patterns (GMC).
Yet, the low RCD and RMD values produced by MostPop and Random suggest that
recommendations offered by these baselines are close to the “average” profiles captured
by the data. These findings underscore that RCD and RMD are useful to account for
the amount of personalization produced by an RA. The similarity in results across age
groups for MostPop and Random traces back to their non-personalized nature. Inter-
estingly, the GMC is significantly smaller for Children in comparison to Mainstream
and NMAs when creating recommendations with MostPop, indicating that Children’s
consumption is rather aligned with genres that are popular across a wide audience base.

Analysis of the personalized RAs reveals that Children are better served than
Mainstream Users and NMAs, as evidenced by the MAP scores for RP3β and all
performance metrics for iALS. In terms of genre distributions, personalized RAs
show lower GMC scores compared to non-personalized ones, indicating better genre
calibration, a key property for effective recommendations [49]. On the other hand,
RCD and RMD scores are higher for RP3β and iALS compared to non-personalized
RAs. Hence, instead of matching the “average” user profiles, personalized methods
better cater to users’ individual consumption patterns. While there are no significant
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differences for RP3β in terms of genre-profile similarities between age groups, iALS
performs better at GMC for Children compared to Mainstream or NMAs. In line with
this, the RCD is also smaller for Children than for Mainstream Users, resulting
in suggestions for Children that align more closely with the AGPChild.

Personalized RAs performing best for Children might come as a surprise; so is
the lower deviation from their consumption patterns, with no apparent skew toward
Mainstream interactions. Upon further scrutiny, we attribute this to the tendency of
RAs to suggest popular items, which might benefit Children, i.e. children, particu-
larly those aged 12 to 13, tend to have more popular items in their test sets. Further,
the genres of popular items are better suited for Children than for Mainstream
Users or NMAs, as indicated by GMC scores of MostPop.

We juxtapose the results for Children based on recommendations generated by
RAs trained on General-Set and Child-Set; we perform paired t-tests (p<.01) on the
scores for Children between the two training sets. When limiting the training data
to Children profiles, we observe no significant difference in Random’s performance,
although both GMC and RCD are lower, while RMD is higher. This likely reflects
the smaller item corpus, restricted to Children’s previously consumed items. Most-
Pop performs better when trained on the Child-Set because it specifically captures
what is popular among Children. This focus on Child-specific data allows the RA
to better align with Children’s preferences, as only 46% of the top 50 most popular
items in the General-Set overlap with those in the Child-Set. Interestingly, MostPop’s
GMC scores are worse, and its recommendations deviate more from both AGPChild
and AGPMainstream when using the Child-Set compared to the General-Set.

Trained on the Child-Set, RP3β results in higher GMC, RCD, and RMD scores.
Despite theoretically being better suited to match Children profiles due to the
focused train set, RP3β struggles to accommodate their preferences, deviating more
from both Children’s and Mainstream Users’ past consumption. Instead, the RA
better suits Children if interactions of Mainstream Users are present in the train
data too, highlighting that the algorithm can accommodate diverse user preferences
if a wide range of different user interactions is available.

Fig. 6: AGPs and average RGPs across age groups and train sets.
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Table 1: Results per age group: Children (c), Mainstream (m), NMAs (n). Significant
differences between two groups are annotated with the corresponding pair. An
asterisk (*) on Child-Set row denotes significant differences in the recommendations
for Children between Child-Set and General-Set.

Data Age Group nDCG↑ MRR↑ MAP↑ GMC↓ RCD RMD

R
an

do
m

Child-Set Children .0002 .0003 .0003 0.1009* 0.0164* 0.0169*

General
Children .0001 .0002 .0002 0.1033n 0.0182 0.0161
Mainstream .0002 .0006 .0006 0.1083 0.0184 0.0161
NMAs .0001 .0003 .0003 0.1124c 0.0183 0.0160

M
os

tP
op

Child-Set Children .0112* .0297* .0237* 0.1084* 0.0351* 0.0350*

General
Children .0061 .0162 .0127 0.1001m,n 0.0225 0.0274
Mainstream .0055 .0125 .0108 0.1085c,n 0.0226 0.0273
NMAs .0052 .0093 .0086 0.1133c,m 0.0230 0.0276

R
P

3
β

Child-Set Children .0026* .0070* .0064* 0.0745* 0.1627* 0.1657*

General
Children .0146 .0369n .0325m,n 0.0596 0.1131 0.1144
Mainstream .0129 .0269 .0234c,n 0.0623 0.1659 0.1665
NMAs .0104 .0210c .0185c,m 0.0609 0.1643 0.1624

iA
LS

Child-Set Children .0270 .0551 .0455 0.0646* 0.1030* 0.1072*

General
Children .0269m,n .0544m,n .0430m,n 0.0685m,n 0.1139m,n0.1172
Mainstream .0185c,n .0395c,n .0327c,n 0.0795c,n 0.1196c,n 0.1218
NMAs .0174c,m .0309c,m .0284c,m 0.0842c,m 0.1177c,m 0.1188

Unlike RP3β, iALS benefits from being trained exclusively on child interactions.
Performance scores remain comparable to those achieved with the General-Set, re-
maining high for nDCG, MRR, and MAP. Notably, the GMC, RCD, and RMD
for Children are lower than when training on the General-Set, indicating better cal-
ibration of genres. This suggests that focusing on Children’s consumption patterns
enables more personalized recommendations that align more closely with the genres
Children have previously consumed. At the same time, these recommendations reflect
genre distributions that are more consistent with both Children’s and Mainstream
Users’ average patterns. This highlights that when trained on the General-Set, the
RA reflects the unbalanced nature of users in the dataset, leading to recommendations
that are less in line with Children’s unique preferences.

5 Discussion

Results detailed in Section 3.2 confirm nuanced differences in consumption patterns
across age groups, with younger children deviating more from Mainstream Users
and gradually aligning with them as they grow older. While prior works uncovered
distinct consumption patterns of children [44, 47], we build on these findings by
examining two datasets, with LFM-2b offering a long-term view of consumptions.



12 Robin Ungruh, Alejandro Bellogín, and Maria Soledad Pera

Further, we quantify how children’s consumption patterns differ from those of the
Mainstream Users, offering detailed, data-driven insights. Given that Children rep-
resent a minority of users, these differences raise concerns about whether RAs cater
effectively to their preferences. Our findings underscore that the dominance of adult
preferences in a combined dataset may overshadow those of children, motivating
our second experiment to investigate how RAs trained on a broad user base impact
Children’s experiences. As previous studies have shown inconsistent results in how
well systems perform for children [13, 44], we carefully examine a snapshot that
reflects long-term consumption patterns, offering insight into how music RAs actu-
ally serve different user groups. We also measure algorithm performance and assess
how well recommended genres align with users’ past consumption, incorporating
calibration as a criterion for recommendation quality [49]. The findings presented in
Section 4.2 initially challenge expectations that children might be underserved due
to the influence of majority groups. Children often emerge as being better served
than Mainstream Users. We posit that this phenomenon relates to popularity bias:
Children tend to prefer items that are not only popular among group members but
also among the entire population, whereas Mainstream Users have more diverse
preferences and niche tastes. Further investigations of the specific items and levels
of popularity favored by children are needed to understand this dynamic.

In analyzing how well RAs perform when trained on the Child-Set, we observe
that not all RAs benefit equally from this focus on the specific user group. While
iALS leverages Children’s preferences effectively and performs comparably when
trained on either set, RP3β performs significantly worse when trained on the Child-Set
according to all metrics. Algorithms are often designed and evaluated on datasets
representing a broad user base, with unbalanced representations of users with varying
and diverse characteristics. Not all algorithms can accommodate the preferences of a
minority group by focusing on their interactions. Instead, considering a wide range of
users and diverse interactions can be more suitable for improving recommendations
for minority groups with certain RAs. Said and Bellogín [43] find that only some user
groups benefit from RA training tailored to their profiles. Such “easy users” typically
exhibit high coherence in the types of items they prefer (e.g., genres). Since children do
not directly benefit from focused training, they seem to be more “difficult”, requiring
additional data to receive well-suited recommendations. The fact that RAs still achieve
highly fitting recommendations for children when trained on the General-Set highlights
distinct dynamics and properties of this group, warranting further investigation.

These findings have important implications for RS designed for a broad user base.
Systems must consider whether all user groups are treated equally, especially when
dealing with a diverse population. At the same time, systems tailored to minority
groups, such as children, need to carefully select algorithms that can effectively capture
focused preferences with fewer user interactions. Our results suggest that RP3β may
not be suitable for such cases, while RAs like iALS could be more appropriate for
capturing children’s preferences. This insight also invites broader consideration of
other minority groups and users with special consumption patterns. Although our
analysis did not specifically focus on NMAs when preprocessing users, we observe that
they are often served less effectively by different algorithms.
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Limitations MovieLens-1M, well-established in the research community, has the advan-
tage of being widely used but is limited in size, e.g., only 222 child users, which hinders
generalizability. Additionally, its broad demographic categories restrict insights into
how preferences evolve with age or how users transition between age groups. LFM-2b
offers in contrast more granular demographic data and allows for observations pertain-
ing to preference changes over time. However, as of April 2024, LFM-2b is no longer
publicly available, posing challenges for future studies. Additionally, the simplified
approach of assigning genres based on artist annotations serves as a proxy and has its
limitations. Future research should explore more nuanced methods for quantifying cal-
ibration while maintaining feature comparability. For instance, Lesota et al. [27] exam-
ines calibration by a song’s country of origin. Similarly, using features such as tempo or
mood as consistency criteria could provide alternative and more detailed perspectives.

Although established, LFM-1b UPG’s genre annotations to label songs lead to re-
moving several items in LFM-2b without annotation, which could affect user represen-
tation across age groups (§3.1). For younger children, however, the number of removed
LEs remains relatively small, allowing us to preserve their preferences. Note that the
removed songs are often less popular and may reflect distinctive preferences. This chal-
lenge extends to Section 4, where common preprocessing steps lead to removing songs
with few interactions, impacting how distinctive remaining consumption histories
might be for children’s preferences. We addressed this by carefully assessing the effects
of preprocessing on both genre and user distributions, minimizing the impact on chil-
dren’s unique preferences and ensuring robust representation. Despite endeavors for
generalization, our exploration is limited to a specific timeframe and few RAs. Further
validation is needed across different time periods and with a wider range of RAs.

6 Concluding Remarks

In this work, we analyzed how mainstream-driven RAs impact recommendations for
children—a group often overlooked despite their uniqueness and large presence. Chil-
dren rarely get the spotlight when systems are evaluated, so we address this gap by uti-
lizing the only available datasets with demographic information that include them. Un-
der careful consideration of how to preserve the distinct characteristics of their interac-
tions, we explored and compared their consumption patterns, enabling us to make infer-
ences about their preferences. Further, we assessed how well these preferences are cap-
tured by RAs and explored the impact of mainstream-driven systems on the alignment
of recommendations to children’s preferences. Our results highlight that such explo-
rations are not a straightforward process. The observed user groups, the training data,
and the RAs themselves all contribute to different outcomes. Our findings underscore
the critical need for nuanced evaluations when developing and deploying child-aware
RS, as well as the need to extend such considerations to other minority user groups.
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