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ABSTRACT
This paper presents an exploratory study of the perceptions users
have of diversity and ordering in playlist recommendations. There
is a match between the diversification approach used in the system,
and importance that users placed on the item properties. Surprisingly, participants had no expectations of the songs being in a
particular order in a playlist. We discuss possible explanations for
this finding, refining the research agenda to consider which ordering choices are perceptible to users, and influence user satisfaction.

with users of a live recommender systems which presents playlists,
focusing on the perspective of users, addressing:
• How users perceive diversity: Which items should be kept
familiar, which should be diversified?
• How users perceive the role of ordering: What expectations
do they have?
This work is a novel first step toward understanding user requirements for diverse sequence construction.
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INTRODUCTION

Recommender systems suggest users items to consume, try, or buy,
by learning from our past interactions, inferring our interests, and
making predictions. A criticism of recommender systems has been
that they ”over-personalize”: censoring user choices over time and
effectively polarising users’ preferences [2, 7].
One approach that addresses this relative uniformity of recommendation is diversification of items within a list. Diversifying the
items in lists has been found to increase user satisfaction [10], to
help users to find target items faster [3], and to increase novelty of
the items that are recommended [9].
Previous work has considered how to automatically generate
playlists [1, 4, 5, 8], but to the best of our knowledge this work did
not also consider ordering and diversity, or whether the improvements in accuracy were beneficial from a user perspective.
To support discovery, music recommenders need to strike a
delicate balance between novelty and relevance. The challenge is
thus to define the measure of similarity in a way that maintains
relevance while at the same time sufficiently diversifying items
within the recommendation sequence.
This paper raises the question of what happens in domains, like
music, where the items are usually consumed in sequence. A sequence not only affords the recommender system more chances
to make accurate recommendations, but to mix familiar and unfamiliar items. However, this situation also creates new challenges
for recommendation quality and user satisfaction (i.e., two given
items are good recommendations when considered in isolation, but
create a poor experience when consumed in sequence). In contrast,
recommendation lists are commonly seen as top-N recommendations where the user selects one or only a handful of items from a
list of N items. Therefore, this paper presents an exploratory study
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USER STUDY: SONG LIST EVALUATION

The study was distributed as an online survey for users of Spotify
and the Discover Weekly service. The Discover Weekly service is a
recommender system which delivers a new personalized playlist to
a user every week. This service is selected only as an example of a
recommendation engine for which sufficient user preferences are
collected (and not constructed artificially for research purposes)
to produce user-tailored recommended lists of songs. Participants
were able to listen to the songs when completing the survey.

2.1

Participants

28 participants started the experiment, and 20 completed it (8 participants excluded). Of these, 8 participants were female, and 12
male. Most of the users were established users of Spotify, with at
least 3-6 months of use. Only 1 participant had used the system for
less than 3 months, and 17 of the participants had used the system
for more than a year. Participants took a mean of 7 minutes to
complete the study.

2.2

Results

Given the exploratory nature of the study, and the small sample
size these results are descriptive (i.e., no statistical comparisons).
Overall Diversity. Half of the participants (10) agreed with the
statement “The recommendations consist of a good variety of songs.
5=Strongly Agree, 1=Strongly Disagree” (mean= 3.15, SD= 1.09).
However, seven participants said that they Disagree or Strongly
Disagree. Two participants supplied comments: “They seem to be
all of the same genre.”; “The variety leans really [sic] pop or emo
heavy I find, even though I listen to a variety of music.”.
This suggests that while many users may be happy with the
variety and range of their playlists, there are users for which the
way the service applies diversity is not fully satisfactory. This can be
due to limitation in the amount or type of preference data available
for a given user, but can also be due to other factors that determine
the composition of the list. The users mentioned genre and context
as factors that impacted how they expected diversity to be applied.
To further understand what constitutes satisfactory, or unsatisfactory perceived diversity, we investigated the properties of the

Feature Percentage of songs
Genre
68.33 (32.38)
Artist
21.83 (15.58)
Title
17.33 (18.50)
Table 1: Percentage of songs (out of a list of 30) that are familiar with regard to each feature.

% Users % Responses
Feature
Fam. Genre
65.00
23.64
Fam. Artist
20.00
7.27
Fam. Title
5.00
1.82
New Music
95.00
34.55
Variety
75.00
27.22
Ordering
15.00
5.45
Table 2: Percentage of responses to the question “Which
aspects are important for you to include in this playlist?”.
Since a participant could select several options as important
% Responses normalizes for the number of responses.

lists they were given. Specifically, we asked for participants to indicate the number of songs containing familiar artists, familiar titles,
and familiar genres. For example, for artists we asked “Roughly,
how many of the songs recommended to you this week have an
Artist that seems familiar (or ‘rings a bell’) to you? (0-30 songs)”.
We see in Table 1 that genre is the most familiar factor, followed
by artist, and (song) title. Although title has the lowest percentage,
this is equivalent to 5 out of 30 songs.
Diversity Preferences. In the previous section we saw how diversity is applied by the system across our participants, and we
know that for most of the participants this results in good perceived
variety and range. These results do not give us an indication of
how this way of applying diversity relates how to people perceive
different types (genre, artist, title) of diversity. We therefore asked
participants to tell us which of the item features were important
for this particular playlist (“Which aspects are important for you
to include in this playlist?”). We asked about: familiar artists, familiar titles, familiar genres, ordering of the items, overall variety,
and the presence of new music. Participants were able to select
several of these if they felt several of them were important. Table
2 summarizes the percentage of how many participants selected
each feature, as well as the overall percentage of responses (taking
into account that each user could give several responses).
We see here that the proportion of importance for genre, artist
and title, is similar to the proportions said to be familiar in the sets
for these features (c.f. Table 1).
About two-thirds of participants expected to see familiar genres,
suggesting that playlists that contain some familiar genres may be
well received by a majority of users. In contrast, only 4 participants
marked that familiar artists were important, and only 1 thought
that familiar titles were important. Despite the smaller sample and
the subjective nature of self reporting, this gives an indication that
the current diversification strategy reflects users’ diversity needs.

We also see that three-quarters of participants felt that the list
needed to be diverse, and that almost all participants felt that the
songs had to be novel to them. Therefore for this service novelty
appears to be more important than diversity within the list.
Ordering. In response to the statement, “The songs are listed in
the ideal order” (Strongly Agree=5, Strongly Disagree=1), many
participants did not perceive an ordering (mean = 2.85, SD = 0.75).
User comments suggests that this is not something they expect:
“Hunh. Never thought about it as I listen on shuffle usually.”;“Never
paid attention to the order, often listen in shuffle”;“Are they in a
particular order?”.
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CONCLUSIONS AND FUTURE WORK

This work is part of a larger agenda of understanding user requirements for constructing sequences of items, in which familiar and
unfamiliar items can be mixed, and considers ordering. Surprisingly,
participants did not expect the recommended list to be in a particular
order, nor did they find this property to be important. Users do not
seem to be consciously seeking a sequential narrative (i.e., they
might be using the system for background listening), even if songs
can (and are likely to) be consumed in a sequence.
Consequently, this pilot study enables us to formulate new hypotheses about user perceptions of ordering in diverse sequences.
Firstly, when users consider ordering they may be looking for
something in particular, like an increase in tempo across songs, or
musical/thematic progression (which have been found to be important in user generated playlists [6]). It may also be more important
to identify constraints on ordering than to seek an optimal ordering.
There are orderings that would be unsuitable for most listeners, like
playing songs in very different genres, or highly different tempos
in direct succession.
Future work will study which types of ordering choices are perceptible to users, and influence satisfaction. It will investigate the
role of varying the distance of songs, and the number of intermediate songs that are needed to create a “smooth transition”.
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