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Abstract

Many recommender systems implicitly assume homophily, i.e., that socially connected users have similar tastes.
This assumption can be particularly problematic in group recommendation settings, where individuals’ preferences
can be non-homogeneous. Our study examines the homophily assumption in the music domain. Leveraging
techniques from network analysis, we reconsider the definition of music similarity and analyze how users’
taste similarity relates to social network structures across multiple levels. We then carry out recommendation
experiments to evaluate how incorporating information on user—artist interactions, user—user connections, and
artist—artist similarity, affects the quality of music recommendations. Our findings show that homophily operates
differently across granularities, with a limited artist-level similarity among connected users, and a higher similarity
at the artist-cluster level, and that different user groups benefit differently from the inclusion of social network and
artist similarity data in recommendation quality. The results challenge homophily as a uniformly reliably proxy
for inferring music preferences and suggest that a multi-granular, multi-layer notion of similarity better accounts
for preference heterogeneity in group recommendations settings. Code: https://github.com/hcai-mms/homophily
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1. Introduction

Group recommendation [1] aims at recommending items to a group of users, often by aggregating
individuals’ preferences. However, individual preferences are rarely independent [2, 3], as they are
shaped by individuals’ social networks, shared cultural contexts, and collective perceptions of which
items are ‘similar’. This interdependency partially manifests through the well-documented phenomenon
of ‘homophily’, i.e., the tendency of individuals to associate with others who share similar attributes [4].
Although rarely explicitly stated, such assumption is already used in many RS practices - for instance
to aggregate users’ preferences in group recommendation scenarios [1] or to address cold start [5, 6, 7].
Yet, recent work has revealed that tie strength may influence how group consensus forms [8] and
that similarity in tastes can mediate how social network neighbors influence users’ own taste [9, 10],
calling into question the assumption of using social connections as uniform proxies for preference
similarity. Moreover, perceptions of item similarity (e.g., whether two artists ‘sound alike’) depend not
only on objective features like audio or stylistic characteristics, but also on group norms and community-
based expectations [11, 12]. For example, in electronic dance music, acoustically similar tracks may
be valued differently based on perceived authenticity and alignment with the genre’s non-conformity
values [13]. Since cultural items such as movies and music tracks often carry multiple interrelated
or nested labels on digital platforms [14], perceived item similarity is often ambiguously defined and
highly context-dependent, further complicating how individual preferences can be aggregated at group
level. Taking the above considerations into account, aim of this work is to (a) evaluate the homophily
assumption in a multi-valued setting where items similarity is evaluated at different granularities and
(b) assess how integrating additional information on user—user social networks and on item similarity
affects the quality of recommendations. We focus on the music domain, a frequent use-case for group
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recommendation, and ask:

RQ1 How do users’ taste profiles relate to their social networks on digital platforms? And under what
conditions does the homophily assumption break down? Addressing this question allows identifying
scenarios where group-based naive aggregation strategies may harm some members.

RQ2 When jointly modeling user—user social connections, user—artist interactions, and artist-genre
connections, do we observe improvements in recommendation quality? How does this affect users
with various preference profiles?

2. Related Work

Taste homophily in empirical research. The homophily hypothesis [4] was originally studied in
social sciences through survey data to measure offline social networks and cultural preferences (we
kindly refer the reader to [15] for a general review). This notion is supported by studies in offline
contexts (e.g., [16, 17, 18, 19]). Online settings — where social connections are digitally mediated
and vast catalogs enable more fine-grained manifestation of preferences, and where the items often
carry multi-valued labels (e.g., spanning multiple genres) — may show different dynamics of taste
homophily [20, 9]. Recent empirical studies have shown that, while digital social connections correlate
with similar music tastes, findings diverge on the underlying mechanisms and at which granularity
homophily manifests. Early work on digital platforms [21] showed that self-perceived shared interests
foster the creation of weak ties. In contrast, Bischoff et al. [22] found that the role of taste similarity in
predicting friendship links is negligible. Lewis et al. [23] found that among a university student cohort
on Facebook, sharing interests in music and movies at the genre level increases the chances of online
friendship, but reported little evidence for the diffusion of tastes. At the level of network communities,
Bisgin et al. [20] analyzed two large online platforms and documented high within-community similarity
in shared top interests. More recently, Zhou et al. [24] documented music listening homophily on
a large Chinese social media platform. While Duricic et al. [25] found that socially connected users
prefer similarly diverse music, Shakespeare et al. [26] pointed out that the scale at which information is
represented can affect measurements of user consumption diversity. The fragmented empirical findings
seem to confirm this indication, raising the question of whether taste homophily traditionally established
in offline contexts can be translated into online settings; and in turn, how preference granularity and
units of analysis (e.g., network dyads vs. communities) shape observed manifestation of taste homophily
on digital platforms.

Social network data in Recommmender Systems. Within RS research, social recommendation [5,
27, 28] is often leveraged to infer user preferences. For example, Krohn et al. [6] propose a multi-relational
factorization approach learning user—user social graphs jointly with user—item interactions. Zhao et
al. [7] leverage social relations as positive social feedback for recommendation. Most recent applications
include the use of graph-neural-networks [27]. However, existing approaches overlook two limitations.
First, friends’ preferences are often uniformly taken as positive signals for user tastes [7, 9]. Surprisingly
few studies [29] have examined how the degree of taste similarity varies as a function of connection type
or of structural social network features [30, 31]. Second, the predominant focus on recommendation
accuracy overlooked other aspects of recommendation quality that might benefit from the inclusion of
social network data. This is surprising, especially given the increasing shift towards beyond-accuracy
objectives of RS [32] and recent empirical evidence that social connections also serve as important
sources for discovering novel content [10].

Addressing the aforementioned gaps, our work systematically evaluates the assumption of taste
homophily on digital platforms across various levels of analysis (user-level, dyad-level, and network
neighborhoods) and at various granularities of taste measurement (individual artists and artist-genre
clusters). We then integrate these different layers of information into a heterogeneous information
network [33] and assess their impact on music RS and for user groups of different music preferences.



3. Methodology

RQ1. Our analysis of taste homophily is based on measuring preference similarity in music consumption
at multiple granularities. First, following prior work [34, 25], we measure taste similarity at the artist-
level to avoid underestimating similarity between users listening to the same artists but different songs.
We aggregate the user—track playcounts matrix to user—artists playcounts and restrict our analysis to
users’ top T listened artists by their total playcounts, in line with prior work utilizing users’ top artists

as positive signals of their preferences [20, 24]. We measure artist-level taste similarity using Jaccard
%, with A7 the set of top-T artists for user i. Second, to capture genre-level similarity, we
need to address the issue of multi-valued categorization, i.e., artists may belong to multiple genres that
are themselves interdependent or hierarchically structured. For instance, “garage rock” and “punk-rock”
often co-occur for the same artist, while the first can be considered a sub-genre of the second. Simply
treating these genres as discrete, independent labels would miss these relationships. Thus we model
the relationship between artists and genres as an undirected bipartite network, where artists and
genre labels are treated as nodes, with edges representing artist-genre associations. To preserve the
bipartite structure and avoid the limitations of clustering on the one-mode projection of the bipartite
network [35, 36], we adopt hierarchical stochastic block-modelling (hSBM) [37] to cluster artists and
genre labels simultaneously [38]. This yields artist clusters that map onto multiple genre clusters, and
verse versa, uncovering the latent structure emerging from the multi-valued associations between artists
and genres while accommodating the inherent fuzziness of genre boundaries [12, 14]. We measure
genre-level taste similarity using the resulting artist-genre clusters by computing cosine similarity

%, with p; € RNetuster yser 4’s normalized playcounts aggregated over all clusters. Finally, we

index

measure users’ taste diversity [39, 40] as Shannon’s entropy ! over p;, and for pairs of users, we compute

the relative difference in taste diversity % as further indicator of taste similarity [25]. We also
compute taste mainstreamness (MS), >, \/Di.a - §a» With p; 4 user i’s playcount fraction and g, global
playcount fraction for artist a [44], segmenting users in three groups: low, medium, and high-MS [45].

We operationalize the homophily hypothesis [4] — that socially connected individuals tend to have
similar preferences — at two levels. At the dyadic level, we explore whether directly connected users
have more similar tastes than users separated by a larger social distance, measuring social distance as
length of shortest path connecting a node pair. Second, at the neighborhood level, we examine whether
users tend to have taste profiles that are similar to the average of their network neighbors.

RQ2. Our goal is to understand how information encoded with our hSBM approach impacts music
recommendations for users of different mainstreamness. To disentangle the effects of input information
vs. model architecture, we base our experiments on GAL-KARS [46], a recently proposed approach
based on heterogeneous graphs. Compared to GAL-KARS, instead of leveraging LLMs to extend the
CF graph, we design four graphs: including CF data (“I” for interactions), including CF and social data
(“IS”), including CF and artist similarity (“IA”), and including all three (“ISA”). Following Spillo et al. [46],
we use a graph-encoding approach to learn embeddings for users and artists; these are fine-tuned in a
downstream embedding-based RS. For conciseness, we denote the resulting RS with GAS-KARS. We
compare GAS-KARS with a downstream RS trained with random embedding initialization. We measure
the quality of lists of k recommendations with nDCG at & = 5, and in terms of diversity, measured
as Shannon’s entropy over artist hNSBM clusters at £ = 100, to ensure a larger sample for computing
diversity. To evaluate the impact of graph information in a group recommendation setting, we assume a
scenario in which recommendations are provided to a group of users of different mainstreamness levels.
We then measure nDCG over different user mainstreamness levels and compute the RecGap [47], i.e.,
the average disparity between results for different groups.

! Although other measures of diversity have been used in the music domain [41, 42, 26], previous work by Moscati et al. [43]
has shown that results tend to be consistent across definitions.



4. Dataset and Experiment Setup

We base our experiments on the subset of LFM-2b [48] that overlaps with Music4All-Onion [49].
We extract social network information via Last.FM API’s endpoint user.getFriends. We restrict to
users belonging to the largest weakly connected component (LWCC) of the resulting social network.
We further apply 5-core filtering to users and items, and restrict to those with at least five listening
records. These three filters (LWCC, user core filtering, item core filtering) are applied iteratively until
convergence. We construct the user—artist interaction network restricting to users’ top 7" artists, setting
T = 50, since over 75% of users in our sample have listened to more than 49 distinct artists. We
construct the artist-genre bipartite network used for our hSBM cluster analysis based on the user-
generated genre labels from Music4All-Onion [49] by assigning to each artist the genres of their tracks.
For recommendation, we use the binary user—artist top-7" matrix. Table 1 provides the characteristics of
our dataset. Following Spillo et al. [46], we extract the graph embeddings with CompGCN [50], tuning
the number of layers ¢ € {1, 2, 3} based on the validation nDCG and fixing the number of epochs to
15. We use matrix factorization with Bayesian personalized ranking (BPR) [51] as downstream RS, We
fix the embedding dimension, which has to match the one of CompGCN, to 64, the learning rate to
0.001, and the maximum number of epochs to 50, selecting the epoch with highest validation nDCG.
We report mean and standard error over users, computed on test interactions. We split interactions in a
train, validation, and a test set by randomly selecting 80%, 10%, 10% of interactions of each user. The
80% training set is also used as the CF (“I”’) data for learning the graph embeddings.

Table 1
Descriptive Statistics of the Dataset. U: Users; T: Tracks, A: Artists, G: Genres
Artist-Genre Network User-User Network
User-Item Network
U 17,680 Artists 9,339 Followlng ties 33,027
T 54873 Genres 715 Avg. in-/out-degree 1.87
U-T int 9 119’770 Edges 30,171 SD in-/out-degree ~ 4.530/1.206
U-A int. 2’476’1 26 Avg. G per A (SD) 3.23(2.32)  Reciprocity 0.554
: > Avg. A per G (SD) 42.197 (155.792)  Transitivity 0.011

5. Results

RQ1. Taste Homophily. We first examine the overall structural properties of the user-user following
social network (Table 1). On average, each user has 1.868 connections (either following or being
followed), indicating an extremely sparse network. Reciprocated connections account for 55% of the
total. The global transitivity — i.e., the ratio of the number of closed triangles and connected triples
—is low (0.011), indicating a very low level of clustering. Addressing RQ1, Figure 1 summarizes how
measures of taste similarity relate to the social proximity of nodes - i.e., the shortest path length
connecting a node pair. Overall, directly connected nodes (distance= 1) have a higher level of taste
similarity than nodes separated by larger social distances, providing evidence for taste homophily
at the dyadic level. On average, directly connected user pairs share about 0.07 - 50 = 3.5 artists in
common among their top 50 listened artists (subplot (a)) — quite low in absolute terms; yet their average
cosine similarity based on artist-cluster profiles is about 0.45 (subplot (b)), indicating modest similarity.
This suggests that connected users may share some genre/artistic style preferences even when they
do not listen to the same artists. Both similarity measures decline sharply as social distances increase
among node pairs, and then reach the global sample mean. In contrast, while we also observe smaller
differences in taste diversity among connected users than the global sample mean (subplot (c)), diversity
does not show as clear a distance-dependent trend as the two similarity measures — the fluctuations
across distances seem rather random.

Next, Figures 2a and 2b highlight two key findings on taste homophily at the network neighborhood
level. We first compare taste diversity — a user-level attribute — between focal users (ego) and their
average network neighbors, segmented by focal users’ mainstreamness (MS). As shown in Figure 2a,
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low-MS users tend to have neighbors with more diverse tastes, while high-MS users have more diverse
tastes than their average neighbors. We then compare users’ average taste similarity to their network
neighbors (an edge-level attribute) against their similarity to the global average profile as a reference
(Figure 2b). On average, low-MS users are more similar to their network neighbors than to the global
average profile, while high-MS users are less similar to their network neighbors than the global average.
This suggests that taste profiles of social network neighbors provide more valuable signals for inferring
the preferences of low-MS users than for medium- or high-MS users.

Table 2
Recommendation performance. I: CF data; S: social connections; A: artists clusters.
Input nDCG Entropy | nDCG 'o%MS  nDCG MedumMS  npCG HiehMS | RecGap |

GAS-KARS  ISA 0.1336¢ 0003 3.7280.004 0.1192¢ 0051 0.13380.0050 0.1290¢ 0053 0.0097
GAS-KARS 1A 0.13310_0003 3‘71704004 0.1244 o053 0.13600_0052 0.12710,0054 0.0077
GAS-KARS | 0.1329.0003  3.7430.004 | 0.1179.0051  0.1361¢.0052 0.12600 0052 0.0121
GAS-KARS IS 0.1326¢.0003 3.7310.004 0.12080.0052 0.1381¢.0053 0.1241¢.0052 0.0115
BPR - 0.12880.0003  3-6890.004 | 0.11450.0050  0.13360.0052 0.12000.0052 0.0127

RQ2. Impact on Recommendation. Table 2 ranks models in order of decreasing nDCG, with
varying input configurations for GAS-KARS. We first observe that adding graph information always im-
proves recommendation accuracy, since all GAS-KARS variants outperform BPR, even when GAS-KARS
leverages the same CF data used for BPR. However, pre-training an instance of GAS-KARS comes
with substantial time and energy cost and considering the marginal improvement, it might not be cost-
efficient. Addressing RQ2 (Are social-network and artist-genre information useful for recommendation?),
we observe that including artist-genre (“IA” and “ISA”) information improves the recommendation accu-
racy, although the differences in nDCG are not statistically significant with respect to other GAS-KARS
variants. Interestingly, all GAS-KARS variants simultaneously improve recommendation diversity



(entropy) compared to the BPR baseline, indicating that recommendations are not only more accurate
but also more evenly distributed across artist-genre clusters. This result is insightful, since these two
aspects of recommendation quality have often been shown to be in a trade-off relationship. The overall
trends hence suggest that leveraging social-network information and modeling artist genres with our
proposed bipartite clustering approach might be an effective way to improve one of the two metrics
without negatively impacting the other.

Since our previous analysis showed that taste homophily varies by users’ mainstreamness, we also
evaluate recommendation accuracy by user groups with different MS levels. The nDCG divided by MS
groups (Low, Medium, High) partially confirms findings in previous work [45]: low-MS users receive
the least accurate recommendations, while, interestingly medium-MS users benefit the most (rather
than high-MS as previously reported). As expected, BPR has the highest RecGap, whereas leveraging
graph information in all variants of GAS-KARS results in improvements for all MS groups, with the
lowest RecGap achieved under the IA condition. Interestingly however, within each MS group, the
best-performing condition differs: for low-MS highest under IA, medium-MS under IS, and high-MS
under ISA, with the latter also coinciding with the highest nDCG overall. Thus selecting the globally
most accurate model would disproportionally benefit high-MS users. Altogether, these results suggest
that social connections are not a uniformly reliable proxy for music preferences, and different MS
groups benefit differently from the inclusion of different information layers.

6. Conclusions, Limitations, and Future Work

Our study first explored the homophily assumption at multiple levels by including user-, dyad-, and
network-level features, while extending the notion of taste similarity to accommodate multi-valued
item categorization across granularities. We then assessed the impact of including multi-layer graph-
based features characterizing taste homophily on music recommendation quality. Our results show that
homophily operates differently across preference granularities and levels of analysis, thereby challenging
the use of social connections as uniform signals for preference similarity; moreover, different user
groups benefit differently from the inclusion of social network data and artist-genre data. Notably,
while low-MS users exhibit stronger homophily with their network neighbors, they benefit the most
from including artist-genre data (IA condition). This shows that local network homophily does not
straightforwardly translate into recommendation gains, and a multi-layered network approach with
group-specific layer weights may better account for user preference heterogeneity.

Several limitations invite future work. First, our social network data were extracted from Last.fm.
Future work could consider using data from other sources that better reflect users’ offline social ties to
see whether our findings generalize across different types of social networks or networks with varying
tie strength. Second, while our attempt to address multi-valued categorization revealed artist-genre
clustering structure, these clusters could be further validated against objective features such as coherence
of within-cluster track content representations or high-quality expert-curated annotations. Third, a
further investigation into the temporal dynamics may reveal valuable insights into the evolution of users’
tastes and potentially disentangle social selection from social influence. Finally, our recommendation
experiments only focused on BPR and GAS-KARS, and did not evaluate cold-start scenarios where
leveraging network structural features could be particularly useful.
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