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ABSTRACT
Many of today’s music streaming websites and apps provide per-
sonalized next-track listening recommendations based on the user’s
current and past listening behavior. In the research literature, vari-
ous algorithmic approaches to determine suitable next tracks can
be found. However, almost all of them were evaluated in o�ine
experiments using, for example, manually created playlists as a
gold standard. In this work, we aim to check the external validity
of insights that are obtained through such o�ine experiments on
historical datasets. We conducted an online user study involving
277 subjects in which the participants evaluated the suitability of
four di�erent alternatives of continuing a given set of playlists. Our
results indicate that manually created playlists can in fact represent
a reasonable gold standard, an insight for which no evidence existed
in the literature before. Furthermore, our work was able to con�rm
that considering playlist homogeneity aspects does not only lead
to performance improvements in o�ine experiments – as indicated
by past research – but also to a be�er quality perception by users.
However, the observations also revealed that user studies of this
type can be easily distorted by item familiarity biases, because the
participants tend to evaluate continuation alternatives be�er when
they know the track or the artist.

CCS CONCEPTS
•Information systems →Recommender systems;Music retrie-
val; •Human-centered computing →User studies;
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1 INTRODUCTION
Many modern online music streaming services and mobile apps
provide the functionality of generating virtually endless playlists of
tracks based on the user’s recent listening behavior. �e problem of
determining suitable playlist continuations has also been explored
in the academic literature, and a variety of algorithmic approaches
was proposed in the last two decades. To determine such next-track
music recommendations, these algorithms rely on various types of
information, including musical features, meta-data, social tags, or
the user’s current location and context [4, 5, 17, 31].
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Similar to the general �eld of recommender systems, the evalua-
tion of playlisting algorithms in academia is mainly accomplished
through o�ine experimental designs [25]. A common approach to
benchmark di�erent algorithms is to use playlists created by music
enthusiasts as a gold standard. Such “hand-cra�ed” playlists can be
easily obtained from music platforms like last.fm in large quanti-
ties. A typical experimental procedure is then to hide individual
tracks, e.g., the last track, from a given and assumedly well-designed
playlist and let the algorithms predict the hidden tracks [3, 17, 24].
Using such a design, standard information retrieval (IR) measures
like Recall or the Mean Reciprocal Rank can be applied. In addition,
other quality factors can be assessed with quantitative metrics, e.g.,
the coherence of the recommended tracks with the given playlist
in terms of their musical features [22].

So far, however, limited evidence exists that such computational
quality measures are correlated with the actual quality perception
of music listeners. One main question in that context is if the hand-
cra�ed playlists are truly representative of the tastes of many users,
i.e., if the hidden tracks are considered to be suitable continuations
by users other than the creator of the playlist. If this is not the case,
being able to predict the hidden track can be of limited value.

In other domains, like movie recommendations, di�erent studies
indicate that be�er performance of algorithms in o�ine experi-
ments, e.g., in terms of prediction accuracy, does not necessarily
translate into a be�er quality perception by the users or into a
positive impact on business metrics. Likewise, it is not always fully
clear in which cases users appreciate the recommendation of more
diverse or novel items [9, 11, 14, 15].

With this work, we aim to assess to what extent the outcomes of
o�ine experiments in the music domain correlate with the users’
quality perception.1 �is question regarding the external validity of
�ndings obtained through o�ine experiments on historical data has,
to our knowledge, not been analyzed in the music recommendation
literature to a large extent, even though the limitations of o�ine
experiments are also well-known in the music information retrieval
literature, see, e.g., [29].

In the remainder of this paper we �rst review di�erent insights
regarding the performance of di�erent playlists algorithms that
were obtained from o�ine experiments. Next, we describe the de-
sign of a user study in which the participants assessed the quality
of possible playlist continuations generated by di�erent algorithms.
We then discuss the results in detail and in particular check the
results for possible familiarity biases, i.e., if the participants consid-
ered a suggested continuation as a be�er match when they already
knew the track. �e work ends with a discussion of previous works
and practical implications of our �ndings.

1For a detailed discussion of the perceived quality of recommendations see [27].
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2 OFFLINE ANALYSES: COMMON
SETUPS AND PAST OBSERVATIONS

2.1 Common O�line Experiment Setups
In [4], di�erent possible ways of evaluating automated playlist
generation algorithms are reviewed. Since �eld tests (A/B tests)
are rarely possible in academic environments and user studies in
the music domain require signi�cant e�orts [29], most researchers
resort to ex-post analyses and simulation experiments based on
existing datasets.

Datasets. �e datasets used in the literature are o�en collections
of listening logs, e.g., of last.fm users [40], or collections of manually
created playlists shared by music enthusiasts, e.g., [30]. Publicly
shared playlists have the potential advantage that they are in many
cases created with much care by music lovers, e.g., with respect
to the included artists, track transitions, etc. [10]. Automatically
recorded listening logs, in contrast, can be biased by an existing
playlisting algorithm implemented on the site (e.g., an automated
radio station). Also, they can contain situations where the user
listened to an entire album, which means that the order of the
tracks is not necessarily determined by considerations regarding,
e.g., track transitions, but by other, not music-related factors. In
our user study, we therefore rely on hand-cra�ed playlists as a gold
standard for the evaluation.

Computational Metrics. Regarding the evaluation procedure and
the computational metrics, one common approach in the recent
literature is to split the available playlists into training and test sets,
and to let di�erent algorithms predict the last, held-out track of
each playlist in the test set [4, 17, 33, 41].

Using this setup, typical information retrieval measures can be
applied, including in particular Recall (hit rate), which in our case of
only one held-out track is proportional to Precision. In addition, one
can not only determine whether a playlister managed to predict the
right track, but also if it was at least able to predict the correct artist,
genre, or topic. Furthermore, one can measure the homogeneity
of the recommended tracks, e.g., in terms of the tempo, and their
coherence with the last tracks, e.g., in terms of the genre.

In this work, we will focus on the comparison of such IR measures
with the users’ quality perceptions. Other computational metrics
for assessing playlist continuations were proposed in the literature,
e.g., based on the average likelihood of tracks appearing together
in playlists [29]. Such approaches are however less popular in the
literature and have certain limitations as discussed in [4].

2.2 Insights from O�line Experiments
Some of the more recent works that relied on the described “hide-
last-track” evaluation approach to benchmark playlisting algo-
rithms include [4, 17, 21, 24] or [22].

In [4], a number of algorithms were compared using di�erent
datasets of publicly shared playlists. �e set of algorithms included
two di�erent rule-mining approaches (association rules and se-
quential pa�erns), a k-nearest-neighbor approach, as well as two
baseline strategies that recommend the most popular tracks of a se-
lected set of artists. �e �rst of these baselines simply recommends
the greatest hits of the artists that appear in the user’s most recent
listening history. �e second, in addition, recommends the most
popular tracks of similar artists.

�e two following main observations were made:
i) �e k-nearest-neighbor (kNN ) approach led to the best

accuracy results across all datasets, when a small n was
chosen when determining Recall@n. �is situation corre-
sponds to the problem of determining next-track recom-
mendations. Using the nearest neighbors is also favorable
in terms of the Recall compared to other, more complex
techniques like Bayesian Personalized Ranking (BPR) [36],
a comparably recent learning-to-rank method, which is
optimized for implicit feedback recommendation scenarios.

ii) A newly proposed simple method called “Collocated Artists
– Greatest Hits” (CAGH ), which recommends the most pop-
ular tracks of artists that have o�en been listened to to-
gether in the recent past, however, also led to competitive
results. When very long recommendation lists were con-
sidered, the method was even consistently be�er than the
kNN method.

In other studies [17, 21, 22, 24], the following additional insights
were obtained:

iii) Considering additional signals (e.g., musical features, track
meta-data, or past listening sessions) in combination with
the track co-occurrences captured by the kNN method
can lead to further accuracy improvements. Incorporating
such signals also helps to make the playlist continuations
more homogeneous and coherent with the recently listened
tracks.

iv) An evaluation using multiple metrics in parallel showed
that the comparably simple CAGH method mentioned
above is particularly competitive in predicting the topic
(expressed through tags), genre, or artist of the next track
to be played [21].

Given these observations, the goal of our research is to validate
the suitability of the o�ine research setup in general and, more
speci�cally, to test if there is a correspondence between the insights
obtained from the o�ine studies and the subjective quality experi-
ence of the users. �is leads us to the following research questions,
which we aim to answer through a user study.

RQ-1: Are hand-cra�ed playlists suitable as a gold standard for
the evaluation of playlisting algorithms? In other words,
will people other than the playlist creator consider the
hidden track as a suitable continuation?

RQ-2: Can the consideration of additional signals, e.g., musical
features or meta-data into the recommendation process
improve the perceived quality of the next-track recommen-
dations? Do the observed e�ects depend on the speci�c
underlying theme of a playlist?

RQ-3: How do approaches like CAGH, which focus on the most
popular items of the artists and which achieve good results
in o�ine experiments, fare in terms of the users’ subjective
quality perception? Would it be a “safe” strategy to use
CAGH in practical applications?

RQ-4: Since item familiarity can be a confounding factor in recom-
mender systems user studies that involve popularity-based
baselines (like CAGH ) [23], we ask: Do study participants
consider recommendations as more suitable when they
already know (and like) the tracks?
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3 USER STUDY DESIGN
3.1 General Procedure for Participants
We created an online application for the purpose of our user study.2
�e participants of the study, which were recruited via di�erent
mailing lists, were guided by the application through multiple steps.
In an initial step, the application displayed a welcome screen, on
which the general purpose of music recommender systems was
brie�y explained. �en, the participants had to accomplish the
following four tasks.

(1) First, the users had to listen to 30-second excerpts of a
four-item playlist.3 �e user interface consisted of four
vertically aligned audio controls to start and stop the play-
back of each track. No information about the artists or the
tracks themselves was displayed.

(2) When the participants had listened to the tracks, they were
asked �ve questions about the similarity of the songs of the
playlist in di�erent dimensions. �e questions were related
to the emotion, energy, theme, genre, and tempo of the
tracks. Using 7-point Likert scale items, the participants
could state their degree of agreement (from “not at all” to
“completely”) that “all songs have the same tempo”, etc. �e
sequence of the questions was randomized across partic-
ipants. When answering the questions, the participants
could listen to the tracks again if they wanted to.4

(3) �e participants were then presented with four alternative
playlist continuations, which were displayed in random-
ized order across participants. Again, the participants could
listen to excerpts of 30 seconds and then state on a 7-point
Likert scale item to what extent they agree that the track
suits the given playlist (from “not at all” to “perfectly”). In
addition, they could indicate if they liked the song (yes, no,
indi�erent) and if they know the track’s artist, the track
itself, or both. Again, no information about the recom-
mended tracks was displayed. A screen capture of this
part of the application is shown in Figure 1. At all times,
the participants could listen to all tracks of the playlist
individually or listen to a 30-second summary of all tracks.

(4) In the last step, the participants were asked questions re-
garding their age group and their music experience. A
7-point Likert scale item (“I randomly listen to music” to “I
am a professional”) was used for the la�er response item.
�e participants could �nally leave some comments and
then submit their answers.

�e participants could repeat this trial consisting of four steps
for up to �ve di�erent playlists. We discuss the selection of the
playlists next.

3.2 Selection of Playlists
We used �ve di�erent playlists in the experiment, which we ob-
tained from three di�erent music platforms (arto�hemix.org, last.fm,
8tracks.com).
2�e survey can be accessed at h�ps://ls13ap85.cs.tu-dortmund.de:8443/music-survey
3�e previews were taken from the music service of Spotify. �e excerpts were usually
not the �rst 30 seconds of the tracks.
4Since these questions refer to the given playlist, we ask them immediately a�er the
participants had listened to the tracks (and before presenting the recommendations)
to avoid confusion.

In theory, every participant could have evaluated the possible
continuations for all �ve playlists. In reality, however, most par-
ticipants completed only one trial and in the end 300 trials were
completed by 277 participants. �e assignment of the trials was
mainly based on a round-robin scheme across the participants to
obtain an even number of samples for each playlist. �e assignment
of the playlist of the �rst trial was therefore a random one from the
participant’s perspective.

Since one of our goals was to assess if the choice of the most
suitable next track is in�uenced by certain characteristics of the
playlists, we selected the �ve playlists in a way that each one was
very homogeneous in exactly one dimension. We determined the
homogeneity of the tracks in the respective dimension by examining
the musical features of the tracks as provided by the.echonest.com,
by considering the social tags assigned by the users to the tracks on
last.fm, by analyzing the tracks’ lyrics, and by using artist meta-data
and expert judgments. We used the following set of playlists.

(1) Topic-playlist: �is playlist was organized by its creator
around the topic Christmas. �e tracks of the playlist are
Christmas pop songs from the 1970s and 1980s.

(2) Genre-playlist: �is playlist contained tracks of the genre
“Soul”. We retrieved the genre information of the track
artists from the.echonest.com.

(3) Mood-playlist: �e mood playlist contains romantic songs.
We relied on a semi-automatic analysis of the song lyrics to
validate the homogeneity of the playlist in this respect by
comparing the TF-IDF (Term Frequency/Inverse Document
Frequency) vectors of the tracks of the playlist.

(4) Tempo-playlist: �e tracks of this playlist all have a similar
tempo. �e average tempo is 125 beats per minute (bpm)
with a standard deviation of only 2 bpm.

(5) Energy-playlist: �is playlist is homogeneous with respect
to the energy value provided by the API of the.echonest.com.
�e energy value is based on various types of information,
including the loudness of the track. �e average energy
value of the tracks was at 0.86 on a scale of 0 to 1, with a
standard deviation of only 0.02.

When selecting the playlists, we tried our best to make sure
that each playlist was homogeneous only in one dimension. We
furthermore only selected playlists that contained at most one track
per artist. Finally, we commonly avoided choosing playlists that a)
contain generally very popular tracks and artists or b) were extreme,
e.g., in terms of the tempo. We used the number of occurrences
of artists and tracks in the datasets to determine their general
popularity level. �e detailed descriptions of all playlists can be
found online.5

Overall, the selection of �ve playlists with varying characteristics
shall help us to test the quality perception for a broader set of types
of playlists. From the �nally selected playlists, we retained only the
�rst �ve tracks, of which the last one was hidden in the experiment.

3.3 Selection of Recommendation Techniques
In each trial, the study participants were presented with four alter-
native tracks to continue the given playlist. One of the options was
the track that was chosen by the playlist creator, i.e., the hidden
5h�p://ls13-www.cs.tu-dortmund.de/homepage/umap2017-music/playlists.pdf
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Figure 1: Evaluating one of four possible continuations.

track. �e other three alternatives were automatically determined
using playlisting algorithms from the literature and were presented
in randomized order. To train the algorithms we used the dataset
from which the playlist was originally taken.6

Selection Rationale. �e following algorithms were included in
the experiment. Technical details will be given below.

• kNN : A nearest-neighbor method used, e.g., in [4], which
performs generally well in terms of the hit rate and which
is used as a baseline in a number of research works.

• CAGH : A method that selects the greatest hits of certain
artists, and which therefore recommends comparably pop-
ular items [3, 21]. Including this method helps us also to
assess the e�ects of recommending popular tracks to some
extent.

• kNN+X : A hybrid method that uses kNN as a baseline but
considers additional (musical) features to improve the pre-
diction accuracy and to increase the homogeneity of the
playlists [24]. �e inclusion of this method in the experi-
ment helps us assess the value of considering additional
features with respect to the users’ quality perception.

Algorithm Details. �e general task of next-track recommenda-
tion techniques is to determine the relevance of a target track t∗

with respect to a given playlist beginning (listening history) h.
3.3.1 kNN. �e used kNN method takes the playlist beginning

h as an input and identi�es other playlists in the training data that
contain the same tracks. �e main assumption is that if there are
additional tracks in a similar past session (i.e., the “neighbors”),
chances are good that these tracks suit the current listening history
h, too.

Technically, given a listening history h, we �rst compute the
binary cosine similarity ofh and the other sessions from the training
data. �e similarity values are then sorted and a set Nh of nearest
neighbor sessions of h is determined. �e kNN score of a target
track t∗ is then computed as the sum of the similarity values of
h and neighbor sessions nbr ∈ Nh which contain t∗ (Equation 1).
Note that the indicator function 1nbr (t∗) returns 1 if nbr contains
t∗ and 0 otherwise.

scorekNN(h, t∗) =
∑

nbr ∈Nh

simcosine(h,nbr ) · 1nbr(t∗) (1)

In our experiments, we set k=300 to determine the playlist con-
tinuations, a parameter that was used for the same datasets also in
[24].
6�e public playlist collections from last.fm and arto�hemix.org that were used
in the experiments can be found at h�p://ls13-www.cs.tu-dortmund.de/homepage/
umap2017-music/datasets.zip.

3.3.2 CAGH. �e CAGH method recommends the greatest hits
of artists that either appear in the playlist beginning h or are similar
to the artists in h. �e similarity of two artists is estimated based
on artist co-occurrences in the playlists. Technically, given a user’s
current listening history h, the CAGH algorithm computes the
relevance score of a target track t∗ by means of Equation 2 .

scoreCAGH(h, t∗) =
∑
b ∈Ah

simartist(at ∗ ,b) · cnt(t∗) (2)

Ah is the set of artists in current history, cnt(t∗) is the number of
occurrences of t∗ in the training data, which corresponds to the
most frequently occurring tracks of the respective artists in the
dataset, and at ∗ is the artist of the target track. As a measure of
similarity of two artists simartist(at ∗ ,b), we count how o�en two
artists appear together in the sessions of the training set.

3.3.3 Hybrid: kNN+X. In our experiment, we use the scoring
scheme proposed in [24] to combine the scores returned by the kNN
method with a score that expresses the suitability of a candidate
track in terms of a certain (musical) feature.

Given a scoring function of a feature scoref, the combined score
is computed as

scorehybrid(h, t∗) = α · scorekNN(h, t∗) + (1 − α) · scoref(h, t∗) (3)
where the weight factor α is used to balance the relative importance
of the baseline and the feature scores. �e following feature scoring
functions were used:

• Topic-Scorer: We use the social tags assigned to the tracks
to determine the topic of a playlist. As done in [24], we
compute TF-IDF vectors for each track using the tags. �e
average cosine similarity of the TF-IDF vectors of the tracks
of a playlist represents the homogeneity level in terms of
the topic.

�e topic score scoretopic of a target track t∗ with the
TF-IDF vector ®t∗, given a history h consisting of tracks
t1, . . . , tn with the TF-IDF vectors ®t1 to ®tn is computed as
follows.

scoretopic(h, t∗) = simcosine

(
Σti ∈h ®ti
|h | ,

®t∗
)

(4)

• Genre-Scorer: To determine the genre of a playlist, we use
the genres of the artists of its tracks.7 �e same content-
based approach as the one used above for topics can be
used for the genres. �e TF-IDF vectors for each track are
computed using the genres of its artist. �e average cosine

7Genre information about individual tracks was in most cases not available to us.
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similarity of the TF-IDF vectors of the tracks of a playlist is
then used to measure its homogeneity level in terms of the
genre. Similar to the topic score, Equation 4 can be used
for computing the genre score scoregenre.

• Mood-Scorer: Similar to [18], we applied a mood classi�ca-
tion method to determine the general mood of the tracks
based on their lyrics. First, list of mood-related social tags
was used to create an initial ground truth set for a selected
number of moods. �e lyrics of the ground truth tracks
were then processed and TF-IDF vectors were generated.
A Support Vector Machines (SVM) classi�er was �nally
applied on the generated TF-IDF vectors to create a binary
predictive model for each target mood. �ese models were
then used to predict the mood of unlabeled tracks.

As a result, each track is labeled with a set Mt of moods.
Accordingly, we build a set Mh of moods for each playlist.
Each mood in this set is weighted by the number of occur-
rences of that mood divided by the number of the tracks
of the playlist (wm ). For a target track t∗, the mood score
scoremood is then computed as the sum of the weights of
the common moods of the target track Mt ∗ and the given
history Mh , i.e., 1Mh (m) = 1 if Mh contains the mood of
the target trackm and 0 otherwise.

scoremood(h, t∗) =
∑

m∈Mt∗

wm · 1Mh (m) (5)

• Tempo and Energy-Scorer: Musical features such as the
tempo or the energy can be relevant factors when selecting
tracks, e.g., for a workout or a party playlist. We corre-
spondingly use the proposed scoring scheme in [24] for
such numerical features based on the mean µh and standard
deviation σh of the observed values in the given playlist
(listening history). Given a history h and a feature value
of a target track ft ∗ , the value of the probability density
function of a Gaussian distribution is used as a numerical
feature score for tempo and energy.

scorenumfeature(h, t∗) =
1

σh
√

2π
e
− (ft∗ −µh )

2

2σ 2
h (6)

To compute the scores for our user study, we determined the
weight (α ) for the hybrid scorer by optimizing the hit rate on the
training data as done in [24].8

4 RESULTS AND OBSERVATIONS
4.1 Participation Statistics
We recruited study participants by inviting students of university
classes in Germany and Brazil, by sending emails to friends and
colleagues, and by posting invitations on social network sites. 300
trials were completed by 277 subjects during a period of 8 weeks.9
Each of the 5 playlists was evaluated 60 times. Most (83%) of the
participants were aged between 20 and 40 and the majority of the
participants was from Germany (43%) or Brazil (40%). On a scale
8In the combinations of the kNN method with the topic and tempo scorers, α was set
to 0.3 and in other combinations it was set to 0.7.
9We removed 9 additional participants from the study who did not listen to any track
of the given playlist.

between 1 and 7, the median of the self-reported experience with
music was 5, i.e., the participants were on average quite experienced
or interested in music.

�e average time for participants to complete one trial was at
about 10 minutes. On average, they listened to about 22 seconds
(of 30) of each track of the playlist and about 26 seconds of the
recommended track. �is indicates that the participants completed
the survey carefully.

4.2 Study Outcomes
In the following, we will discuss the outcomes of the study with
respect to the research questions from Section 2.2.

Determining a Ranking. �e ultimate goal of many existing re-
search papers is to determine a ranking of di�erent algorithms, e.g.,
with respect to their accuracy. Since our goal is to determine the
correspondence of o�ine results with the results obtained through
the user study, we use a ranking-based approach to investigate the
di�erent research questions.

We use two di�erent rank-aggregation strategies.10

(1) We report how o�en each recommendation technique was
the winner, i.e., how o�en its recommendation was con-
sidered the most suitable alternative continuation. In each
trial, an alternative was counted as the most suitable, if (a)
it was rated higher than the other alternatives and (b) the
suitability value assigned to it was greater than four. We
set this threshold to avoid counting it as a “win” when a
recommendation was actually not good, but merely be�er
than other, even worse alternatives. In 10% of the cases, no
clear winner could be determined based on these rules.

(2) We apply the Borda Count (BC) rank aggregation strategy
to determine the ranking of all four alternatives. �e re-
sponses provided by the participants are used as implicit
ranking information. In the Borda Count computation
scheme, the highest ranked alternative gets n-1 points,
where n is the number of alternatives to be ranked. Each
subsequent alternative gets one point less, so that the
lowest-ranked alternative gets no points.

�e result scores of the four di�erent track continuation alter-
natives (i.e., the three ranking algorithms and the hidden track)
are given in Table 1. To investigate to what extent familiarity as-
pects may a�ect the results, we report the results for two di�erent
con�gurations. In the “All Tracks” con�guration, we consider the
rankings of all trials (which ful�ll the above-mentioned criteria).
In the “Novel Tracks” con�guration, we consider only trials where
the participants indicated that they did not already know the most
suitable track or its artist, which was the case in about 70% of all
trials with a unique winner. To compute the Borda Count for novel
tracks, we used a variant of the Borda Count from [12], which is
designed for the aggregation of partial rankings (BCavд ).

4.2.1 RQ-1: Are hand-cra�ed playlists suitable for the evaluation
of playlisting algorithms? In 41% of all trials with a unique winner,
the participants selected the track as the most suitable continuation
10�e data collected in our study is ordinal, i.e., a ranking of the response levels
is possible. However, we cannot assume equidistance between the response levels,
which ranged from “(1) not suitable at all” to “(7) perfectly suitable”. Using descriptive
statistics like the mean and the standard deviation to aggregate the results would
therefore be questionable from a methodological perspective.
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Table 1: Ranking results.

All Tracks Novel Tracks
Strategy Ranked #1 BC Ranked #1 BCavд

Hidden Track 41% 645 43% 580
CAGH 46% 649 32% 403

kNN 25% 520 19% 477
kNN+X 30% 594 36% 631

that was originally picked by the creator of the given playlist. �e
di�erence between the score of the hidden track and the alterna-
tive computed by the CAGH method, which focuses on popular
tracks that are o�en already known to the study participants, is
not statistically signi�cant.11 �e same ranking of the algorithms
is obtained when the Borda Count is used.

When considering only trials in the evaluation where the par-
ticipants did not know the track or its artist, the hidden track was
signi�cantly more o�en chosen as the most suitable option than
the other alternatives; see the right-hand part of Table 1. �e hid-
den track was also a good choice when using the Borda Count
method; in this case, however, the kNN+X method signi�cantly
outperformed the other alternatives.

Overall, we see this as clear indicator that the manually created
playlists used in the experiments are of good quality and that it
can, in general, be meaningful to use such playlists as gold stan-
dard in o�ine experiments. Assuming that (many) publicly shared
playlists are in fact created with care also means that these playlists
can be used as a reliable source for detecting hidden pa�erns and
relationships between tracks that can be exploited by next-track
recommendation algorithms.

4.2.2 RQ-2: Can considering additional (musical) signals in the
recommendation process improve the users’ quality perception? To
answer this question, we can compare the suitability assessments of
the methods kNN and kNN+X. �e la�er method considers di�erent
additional signals in the recommendation process and outperforms
the pure kNN method in o�ine experiments. Our results clearly
show that considering di�erent additional signals also leads to
a statistically signi�cant improvement in the quality (suitability)
perception by the study participants. �e kNN+X method was
considered as more suitable than the kNN method in both con�gu-
rations and on both measures, which indicates that the users in fact
preferred track continuations that are coherent with the recently
played tracks in di�erent dimensions. When considering only novel
track recommendations, the kNN+X method was actually the best
performing one in terms of the Borda Count and the second best
one in terms of the other measure (frequency of winning).

Coherence aspects were, however, not equally important for all
tested signals. Additional analyses, which we do not report here for
space reasons, showed that coherence in terms of the genre and the
topic of the playlist was particularly important for the participants,
i.e., in these cases, the kNN+X recommendation were generally
ranked higher than those of the kNN method. An exception from
this general pa�ern was observed for the tempo-oriented playlist,
where the kNN and the CAGH method were on average ranked

11To test for statistical signi�cance, we use the Mann-Whitney U test with p < 0.05.

higher than the kNN+X method. �is was unexpected for two
reasons. First, the tracks that were recommended by the kNN
and the CAGH method was at about 75 bpm and far away from
the average tempo of the given playlist, which was at 125 bpm.
Second, 68% of the participants had in fact correctly identi�ed
the tempo as an underlying theme of the playlist according to the
questionnaire (see Table 2). As a result, this indicates that in some
cases homogeneity in terms of the tempo might be less important
for users than other characteristics like artist homogeneity. �e
sometimes limited importance of the tempo was also observed in
[20] based on an analysis of a larger pool of public playlists.12

4.2.3 RQ-3: How do popularity-based approaches like CAGH fare
in terms of the subjective quality perception by users? �e CAGH
method not only leads to competitive results in o�ine experiments
[21], its recommendations are also o�en considered to be very
suitable by the participants of our study. �is also indicates that
using the hit rate can be one suitable proxy measure to evaluate
di�erent algorithms in o�ine experiments. However, when we
only consider the participants’ suitability assessments for tracks
that are novel to them, the CAGH method does not perform as well
as other approaches and even has the lowest performance across
all possible alternatives with respect to the Borda Count.

Overall, according to our experiment, the popularity-biased
CAGH can be considered as a “safe” strategy to determine gen-
erally suitable tracks in practice, particularly when it comes to cold
start users. �e capability of such a technique to help users discover
new tracks or artists over time is, however, limited. In cases where
item discovery is considered as a key value-adding feature, e.g., of
an online streaming service, CAGH might therefore not be the best
choice.

4.2.4 RQ-4: Do subjects consider recommendations as more suit-
able when they already know (and like) the tracks? With this research
question, we aim to understand if the results of studies like ours can
be biased by item familiarity e�ects, i.e., if the study participants
tend to like a recommendation when they already know the track.
Such an e�ect was observed in a user study in the movie domain
in [23], where the simple recommendation of generally popular
movies was the “winning” strategy.

�e analyses in the previous sections indeed suggest that such
e�ects can also exist in the music domain. �ere are measur-
able di�erences between the ranking of the alternatives when it
comes to known or novel track recommendations. Speci�cally, the
popularity-based CAGH method works particularly well when all
trials are considered, but users found its recommendations o�en
not appropriate when they did not know the track already. �is
means that the strong performance of the CAGH in our experiment
in one con�guration might be a light overestimation of the true
performance of the method in practical se�ings.13

We analyze the di�erences between the algorithms in terms of
the familiarity of users with their track recommendations in more
depth in the following section.
12�e relevance of di�erent musical aspects can depend on the listening context. �e
inclusion of tracks in a playlist that all have a similar tempo might for example be
desirable when listening to music while doing sports.
13�e �ndings reported in [23] are based on a study on Mechanical Turk, and the
motivation of the participants to provide reliable answers might be lower than in our
experiment with volunteers that had no monetary incentive.
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4.3 Analysis of Track Familiarity and A�nity
During the user study, when the participants assessed the suitability
of a track as a possible continuation for the given playlist, they were
asked to indicate if they already knew the recommended track or at
least its artist. In addition, they could specify to what extent they
liked the track, independent of its suitability for the given playlist.
�e results regarding the users’ familiarity with the recommended
alternatives are shown in Figure 2.

0%

20%

40%

60%

80%

100%

Hidden Track CAGH kNN kNN+X

Song and artist familiar Song familiar but artist not

Artist familiar but song not Song and artist unfamiliar

Figure 2: Familiarity level of alternative next-track recom-
mendations in all trials.

�e CAGH method by design recommends popular tracks, and
it is not surprising that in almost half of the trials the subjects
were already familiar with the tracks in some form. �e hybrid
kNN+X method, which focuses on coherence aspects, in contrast,
recommended the largest amount of novel items. In about 90% of
the trials, the recommended items were completely unknown to the
study participants. However, this tendency of recommending novel
tracks did not hurt the quality perception of users when compared
with the plain kNN method (as shown in Table 1), maybe because
the novel track recommendations were coherent with the recent
listening history. A di�erent e�ect was previously observed for the
movie domain in [11], where novel item recommendations led to a
lower quality perception.

Looking at the like/dislike statistics for the tracks themselves –
we omit the detailed results for space reasons – we observed that
the tracks that were recommended by the CAGH method were liked
in about 60% of the cases. For all other alternatives, the percentage
was much lower and at about 40% with no signi�cant di�erences
between the kNN and the kNN+X method. �is indicates that the
study participants distinguished if they generally liked a certain
track or if they considered a track to be a suitable continuation
for the given playlist. �is is another indication that the study
participants answered the questionnaire with care.

4.4 Perception of Playlist Characteristics
�e results in Section 4.2 showed that the participants found playlist
continuations more o�en suitable when they were coherent with
the recently played tracks. �e �nal question we analyze in this
paper is to what extent the study participants actually noticed that
there is an underlying design rationale for the di�erent playlists
and if they could identify the underlying theme.

During the experiment, we asked the users to answer to what
extent they agree that the tracks of the given playlist had similar
characteristics, e.g., in terms of the tempo or mood, see Section

Table 2: Frequencies of dominating characteristics as per-
ceived by the participants.

True �eme Topic Genre Mood Tempo Energy
Subjective
Perception

Topic
(95%)

Genre
(55%)

Topic
(40%)

Tempo
(68%)

Genre
(48%)

3. �e main result of this analysis is shown in Table 2. �e �rst
row of the table shows the true underlying design rationale of
the playlists. �e second row shows the “winner” in terms of the
users’ perception. Looking, for example, at the column labeled with
“Topic”, we see that in 95% of the trials, the tracks of the playlist
were indeed considered to be more similar to each other in terms
of the topic than in any other dimension. Across all trials, the
participants correctly identi�ed the true theme of the playlist as a
winner in almost two third of the cases.

In two cases, the participants, however, considered other themes
as being more important than the true one. In the case of the mood-
playlist, the participants more o�en found the tracks to be more
similar in terms of the topic (40%) than in terms of the mood. About
30% of the users (not reported in the table) found the mood to be the
dominating feature. Since the mood coherence of the playlist was
identi�ed by us based on the lyrics of the tracks, we believe that the
fact that the participants could only listen to 30-second excerpts
and probably did not focus on the lyrics contributed to this result.
�e energy-based playlist was the second one where we observed
deviations. 48% of the participants rather felt that the tracks are
connected by the genre than by the energy level (35%, not reported
in the table). �e reasons could be that some of the participants
were less familiar with the term energy than with other concepts
or that the energy level, as computed by the.echonest.com, does not
always correlate well with the users’ perception.

5 RESEARCH LIMITATIONS
Evaluating recommenders with user studies is challenging in dif-
ferent ways. In the music domain, the participants have to invest
a considerable amount of time as they are required to listen to a
number of tracks during the experiment. In our setup, we therefore
limited the number of tracks in the given playlist to four and only
provided 30-second previews of the tracks. Since we used excerpts
that were selected and provided by a commercial service (Spotify),
we are con�dent that the excerpts are representative of the tracks.
Furthermore, all of the tracks in the experiment were not longer
than usual pop songs and each track exhibited limited within-track
variation of the tempo or harmonics.

Another challenge is that recommending mostly popular items
might lead to a familiarity bias, i.e., the participants tend to rate
items they already know highly [23] and dislike items they do
not know, as was observed in [11] for the movie domain. In our
experiment, we therefore selected playlists that did not contain
too popular tracks and we did not reveal additional track or artist
information. Furthermore, we explicitly asked the participants to
indicate whether or not they knew the track already to quantify
possible biases.

A more general limitation of laboratory studies is that when users
feel being supervised or in a “simulation” mode, they might behave
di�erently than when they are within one of their normal music
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listening environments. To alleviate this problem, we provided an
online application to enable users to participate in the study when
and where they wanted to.

Academic user studies in the music domain o�en have a limited
size and in many cases only involve 10 to 20 participants in total
[4]. Our study involved 277 participants and 300 trials, leading to
60 trials per condition. �e majority of the study participants were
university students in Germany and Brazil. While this population
of digital natives might be representative of many users of today’s
digital music services, it still has to be shown to what extent the
�ndings of the study generalize to other types of music listeners
and to other types of musical genres.

Finally, our study was based on a speci�c collection of �ve tracks
and we have to be aware that the choice of the playlists might
have impacted the observed outcomes. To minimize this threat to
validity, we have selected the playlists used in the experiments in a
way that they (a) cover a broader range of music preferences, and
(b) that they were assembled by their creators with di�erent design
rationales in mind. We, however, limited the number of playlists in
the experiment to �ve in order to end up with a su�cient number
of participants per playlist.

6 RELATEDWORKS
Laboratory or online studies on music recommendation, and in
particular on playlist generation, are comparably rare. �e work
by Barrington et al. [2] is one of the few exceptions. Similar to
our work, they compare di�erent music playlisting approaches in
a user study. �eir set of compared algorithms includes Apple’s
Genius collaborative �ltering based system and, among others, a
method based on artist similarity. As part of their experiment, they
revealed the artist and track information in one condition and did
not disclose this information in another. An interesting insight
was that the Genius system was “overwhelmingly superior” when
no information was displayed, whereas the artist-based method
was perceived to produce slightly be�er recommendations in the
other case. �is e�ect is to some extent related to our observation
regarding possible familiarity e�ects that can in�uence the users’
evaluation of a recommendation. Overall, however, the main goal
of the work by Barrington et al. was to compare content-based and
collaborative �ltering based methods. Our main goal, in contrast,
was to validate the results obtained in o�ine experiments as was
done for other recommendation domains in [8, 14, 19, 26] or [37].

A smaller number of user studies can be found in the literature
that focus on speci�c aspects of di�erent music recommendation
scenarios. �ere are works that investigate, e.g., the role of track
orders, track positions, and the problem of recommending collec-
tions of items [16]; works on the recommendation or selection of a
suitable playlist for groups of users [34]; works on location-based
contextualized music recommendation [5]; works that analyze the
e�ect of visualizations and user control on the user experience [1];
and works that address the question of how di�erent personality
traits of users impact their perception of music [6, 13, 32]. In our
study, we in contrast focused on a very general recommendation
scenario and the comparison of o�ine algorithm performance and
the subjective user experience.

Finding new performance measures that correlate with the sub-
jective user experience was the goal of the recent work by Craw

et al. [7]. In their work, a new computational metric is proposed
that balances listening events and explicit ratings to avoid that the
recommendation of less popular items is “punished”. �ey validated
that their metric corresponds to the perceived quality assessment
by music listeners through a user study involving 132 subjects. We
see their work as complementary to ours, as we were not interested
in de�ning new measures but in the assessment of the usefulness
of commonly used IR measures.

Such IR measures, while o�en used in the literature, are not the
only computational metrics that can be used to assess the quality of
playlists. One can, for example, compute the diversity of a playlist
(e.g., in terms of the genres), determine the coherence of the indi-
vidual tracks in various dimensions, or analyze the smoothness of
the transitions between two consecutive tracks. �e main question
when relying on such computational metrics, however, is if they are
representative of the users’ quality perception. One way to investi-
gate this aspect is to analyze hand-cra�ed playlists in order to see
if music enthusiasts follow certain (implicit) guidelines when they
create playlists and, for example, select tracks for inclusion that are
homogeneous in certain respects or not. Examples of works that
investigated such pa�erns in playlists are [10, 20, 38] and [39]. �e
existence of such pa�erns indicates that certain quality characteris-
tics, e.g., diversity, can in general be relevant when making playlist
recommendations, but users might have di�erent preferences re-
garding how diverse a playlist should be [39]. Furthermore, the
relevance of certain aspects can depend on the contextual situation
of the user. In our work, we therefore focused on traditional IR
measures and consider the investigation of these other aspects as
important areas for future work.

Overall, we see our work as one further contribution in the con-
text of user-centered evaluation approaches for recommendation
systems, which have gained increasing popularity in recent years
and which led to the development of new evaluation frameworks
[27, 35]. For the domain of Music Information Retrieval, Lee and
Price [28] recently discussed the limitations of the current research
practice in the �eld and stressed the importance of user-centered
evaluation approaches. �ey also conducted a qualitative user study,
where the goal was to be�er understand the various factors that can
have an in�uence on the users’ quality perception of (commercial)
music services. �e overall goal of their research is to develop a
more comprehensive evaluation approach that considers a variety
of relevant factors beside accuracy, including the user interface
design or privacy and trust aspects.

7 CONCLUSIONS
In this work, we have investigated the quality perception of playlist
continuation proposals generated by di�erent next-track music
recommendation techniques. Since several observations obtained
in o�ine experiments could be reproduced in the user study, one
main insight of the work is that hand-cra�ed playlists shared by
music enthusiasts can indeed be a valuable basis for designing and
evaluating recommendation algorithms. Furthermore, our work
provided evidence that recent approaches that focus both on playlist
coherence and prediction accuracy not only lead to be�er results in
o�ine experiments, but also lead to an improved quality perception
by users.
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